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Abstract

We propose a novel theory to study the relationship between local economic devel-

opment and aggregate structural change. Two forces shape regional variation in

wage growth and industrialization: technological catch-up, often associated with

spatial convergence, and regional sectoral specialization leading to differences in

exposure to aggregate reallocation. We study these forces in the US economy be-

tween 1880 and 1920 when its agricultural employment share fell from 50% to 25%,

and regional convergence was strong. We show that technological catch-up saved

rural America from the adverse consequences of its exposure to the agricultural

decline; without catch-up, spatial inequality would have increased.
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INTRODUCTION

A key economic question is whether poor locations tend to grow faster than rich ones,
leading to regional convergence. Popular narratives about the relationship between
long-run economic growth and spatial economic development typically highlight one
of two forces. On the one hand, the diffusion of technology might allow poor regions
far from the technological frontier to benefit temporarily from catch-up growth. On the
other hand, structural change systematically shifts aggregate demand across sectors,
thereby hurting regions whose sectoral specialization makes them particularly exposed
to declining industries. A large macroeconomic literature on regional convergence
highlights the catch-up channel but is silent on exposure differences, whereas the
structural change literature typically ignores the spatial dimension altogether.

In this paper, we quantify the importance of both channels during a period of rapid
sectoral reallocation and unbalanced spatial growth: the first structural transformation
of the US economy. Between 1880 and 1920, average incomes grew by 60%, and the
agricultural employment share halved from 50% to 25%. At the same time, this period
exhibited strong spatial convergence: wages grew substantially faster in regions that
started out initially poor, and agricultural employment shares declined faster in more
agricultural locations. This episode is a prime example of the value of studying regional
productivity convergence and sectoral reallocation in a unified framework: because
agricultural regions were poor in 1880, they were the natural beneficiaries of catch-up
growth, but also particularly exposed to the declining agricultural sector.

We introduce a quantitative framework of spatial structural change tailored to such
an analysis. Our theory rests crucially on recent advances in quantitative spatial
economics that allow us to combine elements from the macroeconomic literature on
structural change and regional convergence in a tractable, yet quantifiable framework.
Borrowing from the structural change literature, our economy features two sectors, an
agricultural and a non-agricultural, across which workers are not perfectly substitutable,
making sectoral reallocation costly. Productivity growth in either sector makes the
economy richer, and non-homothetic preferences imply that economic growth reduces
the spending share on agricultural goods. We then embed these ingredients into
a standard model of economic geography, where locations differ in their sectoral
productivity, amenities, and the supply of agricultural land. Workers are spatially
mobile subject to moving costs.

A central element of the model is the possibility of spatial productivity convergence.
Our modelling follows the macroeconomic literature on cross-country convergence,
which posits that a region’s productivity growth depends directly on its distance to
the technological frontier. The growth process in each location is thus parsimoniously
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described by two parameters: the growth rate of the technological frontier and the
strength of catch-up growth, which regulates the growth premium of locations behind
the frontier. As a result, individual locations and sectors can be on different growth
trajectories at any point in time. Crucially, our theory links catch-up potential to
regional differences in productivity within each sector and not to sectoral specialization.
Whether agriculturally specialized locations benefit from productivity convergence
therefore hinges on whether their productivity is low, relative to other locations.

Our theory permits an analytical characterization of the determinants of local wage
growth and industrialization. In particular, we derive a concise representation of the
two countervailing narratives of unbalanced productivity growth versus regional ex-
posure. First, we show that in the absence of technological catch-up, the structural
transformation necessarily generates urban-biased growth, that is, faster growth in
industrialized, high-wage locations. The intuition is reminiscent of “Bartik”-like in-
struments: the secular reallocation away from agriculture is hurting regions with a
comparative advantage in agricultural production whose specialization makes them
particularly exposed to the agricultural decline. Second, our theory illuminates that
rural convergence can be driven either by (exogenous) technological catch-up growth
or by (endogenous) changes in market access and regional migration that benefit agri-
culturally specialized labor markets, highlighting the need to jointly analyze the spatial
dimension of structural change and technological convergence.

To quantify the strength of catch-up growth and differential spatial exposure, we
structurally estimate our model using time series and regional data for the US between
1880 and 1920. Our calibration strategy reflects the theory’s two building blocks: a
macro model of structural change and a spatial model of regional convergence. We
calibrate the key parameters related to structural change to match classic aggregate
time-series data: we choose the growth rates of the technological frontier in each sector
and the preference parameters governing the non-homotheticity of preferences to match
the time series of sectoral prices, GDP growth, and the agricultural employment share.

On the spatial side, we first use our model to infer each region’s initial productivity
in each sector in an unrestricted way from the joint distribution of local wages and
sectoral employment shares in 1880 (while controlling for local employment and the
availability of agricultural land in a model-consistent way). We find agriculturally
specialized locations were – on average – behind the technological frontier in both
sectors, providing them with the potential to catch up. We then use indirect inference
to estimate the parameters governing the extent of catch-up growth and hence the
evolution of productivity between 1880 and 1920. We do so by ensuring the model
matches the empirical relationships between initial agricultural specialization and
subsequent wage growth, changes in agricultural employment shares, and population
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flows across space.

Our estimates imply annual productivity growth in both sectors was roughly two
percentage points higher in rural locations than in urban regions close to the techno-
logical frontier. Moreover, this rural productivity premium played a central role in the
spatial convergence of wages. Both in the calibrated model and the data, the wage gap
between industrialized labor markets and the rural hinterland shrunk by 40% between
1880 and 1920. By contrast, an alternative ”macro-calibration” in which we shut down
the possibility of regional catch-up growth shows the rural-urban wage gap would
have increased by 15%. Hence, catch-up growth saved rural America from the adverse
exposure effects of the structural transformation.

We also show technological catch-up in the two sectors played fundamentally different
roles. Whereas faster productivity growth in agriculture explains why rural locations
experienced faster wage growth, technological catch-up in non-agriculture was the
main reason rural labor markets industrialized. The interaction between unbalanced
productivity growth and regional differences in sectoral exposure is again central
for this finding: precisely because of their agricultural exposure, rural wages are
especially sensitive to agricultural productivity growth. But without catch-up growth
in non-agricultural technology, rural locations would have increased their agricultural
employment share rather than industrialized.

Given the central importance of rural catch-up growth, we also provide direct empirical
evidence for possible mechanisms. Empirically, we document that various canonical
development indicators, such as educational attainment, capital-deepening, firm size,
financial development, and market integration via the expansion of the railroad net-
work, grew substantially faster in rural America between 1880 and 1920. Whereas
our theory summarizes these developments in a scalar measure of productivity in
each location, these correlations paint a picture of a period in which a multitude of
institutional and technological changes came together to systematically benefit remote,
agricultural locations.

Although many aspects of our theory are specific to the transition out of agriculture,
our framework also provides insights into the spatial incidence of the recent transi-
tion toward services, where spatial inequality has increased. Our analysis suggests
changes in the potential for catch-up growth could be responsible. Whereas capital,
schools, and railroad tracks might have been easy to move into rural regions, the human
capital required in today’s high-skill service production may be unwilling to settle
in declining manufacturing towns outside big cities. As a result, today’s divergent
wage-growth patterns may reflect regional differences in exposure dominating the
weakened convergence forces that remain.
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Related Literature We contribute to the literature on structural change by combining

elements of a standard macroeconomic model of structural change (e.g., Herrendorf,

Rogerson, and Valentinyi (2014)) with recent advances in spatial economics (e.g., Allen

and Arkolakis (2014), Redding and Rossi-Hansberg (2017)).1 Most contributions in

the structural change literature seek to explain the process of structural change at the

aggregate level.2 Notable exceptions are Caselli and Coleman II (2001), who use a

stylized two-region model to highlight the link between structural change and regional

convergence in the US, Nagy (2023), who examines the process of city formation in the

US before 1860, and Michaels, Rauch, and Redding (2012), who study the empirical

link between population density and population growth in the US in 1880. 3

We also add to the classic macroeconomic literature on convergence across countries

(see, e.g., Acemoglu, Aghion, and Zilibotti (2006) or Desmet, Nagy, and Rossi-Hansberg

(2018)) and regions (see, e.g., Barro and Sala-i Martin (1991, 1992) or Blanchard, Katz,

Hall, and Eichengreen (1992)). Our analysis highlights the need to explicitly model the

spatial and sectoral links between local labor markets to consistently estimate spatial

productivity convergence in the presence of secular sectoral reallocation.

Besides our particular question of interest, we also make a distinct theoretical con-

tribution by showing how to tractably integrate a �exible class of non-homothetic

preferences, the price-independent generalized linear class (PIGL), recently popular-

ized by Boppart (2014), into a general-equilibrium trade and geography model. Its

convenient aggregation properties makes the PIGL class not only a natural choice in

our setting, but also potentially useful for other applications.

The paper is structured as follows. Section 1 documents the patterns of regional

convergence that motivate our analysis. Section 2 contains our theory. We describe the

calibration of our model in Section 3 and quantify the link between catch-up growth

and rural convergence in Section 4.

1. RURAL CONVERGENCE : 1880-1920

In this section, we document the empirical patterns of convergence in agricultural

employment shares and averages wages across regions during the �rst structural

transformation of the US between 1880 and 1920.4 We use data from the full-count

Decennial Census �les and county-level tabulations of the Census of Manufacturing.

1The quantitative spatial literature has studied misallocation (Fajgelbaum, Morales, Su árez Serrato, and Zidar (2019)), trade liberalization

(Fajgelbaum and Redding (2022), Caliendo, Dvorkin, and Parro (2019)), and market access (Redding and Sturm (2008)).
2See Kongsamut, Rebelo, and Xie (2001), Comin, Lashkari, and Mestieri (2021), and Boppart (2014) for papers on non-homothetic

demand, and Ngai and Pissarides (2007) and Acemoglu and Guerrieri (2008) for papers that focus on the supply side.
3Recent papers study the spatial dimension of the transition toward services (see, e.g., Desmet and Rossi-Hansberg (2014), Eckert,

Ganapati, and Walsh (2020a), or Fan, Peters, and Zilibotti (2022)) and structural change in developing countries (e.g., Pellegrina and Sotelo

(2021), Sotelo (2020), Farrokhi and Pellegrina (2020)).
4We focus on this period due to data availability and to avoid the Great Depression.
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FIGURE 1: SPATIAL STRUCTURAL CHANGE AND RURAL CATCH -UP

(A ) RURAL POVERTY (B) RURAL CONVERGENCE

Notes:The left panel shows a scatter plot between commuting zones' agricultural employment shares and average earnings in 1880 and a

Lowess �t line. The size of the points is proportional to the total workforce in each commuting zone. The right panel shows two �tted

fractional polynomial curves along with 95% con�dence intervals. They show the relationship between commuting zones' agricultural

employment share in 1880 and (1) the change in the agricultural employment share between 1880 and 1920 (left axis) and (2) their average

earnings growth between 1880 and 1920 (right axis) relative to the nationwide average. In �tting the polynomials, we weight by commuting

zones' total employment in 1880.

We focus on states that had joined the Union by 1860, and aggregate county-level

observations to constant-boundary “commuting zones” using the crosswalk by Eckert,

Gvirtz, Liang, and Peters (2020b).5

The left panel of Figure 1 shows the correlation of agricultural specialization and aver-

age wages across US regions in 1880. The relationship is tight and strongly negative:

agricultural specialization and poverty were almost synonymous in the 1880 US econ-

omy. In the right panel, we document the striking importance of rural convergence.

The red line shows wages converged dramatically between 1880 and 1920: more agri-

cultural regions showed substantially faster wage growth than less agricultural ones.

Quantitatively, the urban-rural wage gap declined by 0.4 log points between 1880 and

1920.

The blue line shows rural locations also caught up in their employment structure:

on average, they saw much faster declines in their agricultural employment share.

However, this convergence in agricultural employment shares was not monotone but

exhibited a distinct U-shape. The regions that industrialized the most were regions in

an intermediate range of agricultural specialization. The typical commuting zone with

an agricultural employment share of 60% in 1880 experienced a 20-percentage-point

decline.

The patterns of rural convergence shown in Figure 1 are robust to changes in the

spatial unit of observation and the inclusion of various �xed effects. This is seen in

5We discuss the data in more detail in Section 4.
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TABLE 1: SPATIAL STRUCTURAL CHANGE AND RURAL CATCH -UP

PANEL A: L OG AVERAGE WAGES IN 1880

srAt -0.820��� -0.794��� -0.930��� -0.778��� -0.753���

(0.0268) (0.0352) (0.0533) (0.0168) (0.0218)

R2 0.546 0.762 0.700 0.736 0.757

PANEL B: WAGE GROWTH

srAt 0.251��� 0.357��� 0.426��� 0.331��� 0.346���

(0.0220) (0.0381) (0.0603) (0.0192) (0.0263)

R2 0.839 0.855 0.732 0.718 0.712

PANEL C: CHANGE IN A GRI. EMP. SHARE

srAt -0.484��� -0.466��� -0.372��� -0.380��� -0.383���

(0.0279) (0.0342) (0.0693) (0.0161) (0.0208)
s2
rAt 0.451��� 0.427��� 0.241��� 0.346��� 0.357���

(0.0317) (0.0386) (0.0634) (0.0188) (0.0227)

R2 0.309 0.362 0.170 0.234 0.316

Observations 990 990 990 3910 3910
Geography CZ CZ CZ County County
FEs State State State CZ
Weighted Yes Yes Yes Yes

Notes:All regressions in panels B and C are pooled for the two periods 1880-1900 and 1900-1920 and include a �xed effect for each period.

Data on wages are from the Census of Manufacturing; all other data are from the full-count US Decennial Census �les. Robust standard

errors in parentheses. � , �� , and ��� denote statistical signi�cance at the 10%, 5% and 1% level, respectively.

Table 1, where we report the results of three regressions: (1) log wages on agricultural

employment shares in 1880 (Panel A), (2) local wage growth on the initial agricultural

employment share (Panel B), and (3) changes in agricultural employment shares on

initial agricultural employment shares and their square (Panel C).

For all regressions, we report our baseline results, corresponding to Figure 1, in column

1. In columns 2 and 3, we document that these results are not driven by weighting

commuting zones by their size and are robust to the inclusion of state �xed effects.

In columns 4 and 5, we perform the same analysis at the county level with state

and commuting-zone �xed effects, respectively. Across all of these speci�cations,

we see the same pattern of spatial convergence shown in Figure 1: the period of US

industrialization between 1880 and 1920 was a time of distinct regional integration.

Initially poor agricultural regions caught up to more industrialized regions in terms of

wages, and industrialization exhibited a U-shape as a function of initial agricultural

specialization.

We focus much of the analysis in the rest of the paper on the relationship between initial

agricultural employment shares and subsequent wage growth and industrialization.

However, in our quantitative analysis, we also incorporate data on employment growth.

Michaels et al. (2012) document aU-shaped relationship between initial agricultural

specialization and subsequent population growth — a �nding we con�rm below. Any

attempt to connect a quantitative theory with data on employment growth in the

6



historic US has to grapple with the fact that much of it occurred for reasons outside

most theoretical models. In our case, the vast in�ows of foreign immigrants (who

predominantly settled in cities), the large discrepancy in local fertility rates (that were

much higher in rural areas), and the fact that the US territory was still expanding are

of particular importance. Below, we provide an explicit methodology to account for

regional employment growth due to such exogenous factors without explaining their

determinants within our theory.

Next, we present a theory of spatial structural change that can speak to the patterns of

convergence documented in Figure 1.

2. THEORY

Our theory of spatial structural change uses the workhorse model of economic geogra-

phy (see, e.g., Redding and Rossi-Hansberg (2017)) to combine a macroeconomic theory

of structural change (see, e.g., Herrendorf et al. (2014)) with insights from the literature

on cross-country convergence (see, e.g., Acemoglu et al. (2006) or Desmet et al. (2018)).

We provide detailed derivations in Section 2 of the Appendix.

2.1 Preferences, Technology, and Labor Supply

The economy consists of a set of discrete locations, indexed byr = 1, ...,R, and two

sectors, agriculture and non-agriculture, indexed by s= A, M, respectively. At time t,

the economy is inhabited by a mass L̄t of workers. We suppress time subscripts when

describing the static elements of our model.

Preferences Individuals value the consumption of agricultural and non-agricultural

goods. Preferences for these sectoral outputs are non-homothetic to generate the shifts

in sectoral demand associated with the structural transformation. Following Boppart

(2014), we assume preferences fall in the non-homothetic PIGL (Price-Independent

Generalized Linear) class. As we show in detail in Section 2.3, these preferences have

convenient aggregation properties that make them a natural choice for models of trade

and economic geography.

PIGL preferences do not have an explicit utility representation but are de�ned implicitly

via the indirect utility function. We parametrize the indirect utility of an agent with

expenditure y facing prices (PrA ,PrM ) as

(1) V (y,PrA ,PrM ) =
1
h

 
y

Pf
rA P1� f

rM

! h

� nln
�

PrA

PrM

�
,

where h,f 2 (0,1).

For now, we assume trade costs are zero for the agricultural good. Doing so allows us
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to treat the agricultural good as the numeraire, that is, PrA = PA = 1, and to simplify

the notation. Our quantitative exercise below features trade costs in both sectors.

Applying Roy's identity yields the following expression for an individual's expenditure

share on the agricultural good:

JA (y,PM ) = f + n
�

y/ P1� f
rM

� � h
.(2)

Equation (2) shows the demand system is akin to a Cobb-Douglas speci�cation with a

non-homothetic adjustment. Conveniently, the term y/ P1� f
rM , which we also sometimes

refer to as “real income,” emerges as a summary statistic for such non-homotheticities.

Sinceh > 0, consumers reduce their relative agricultural spending as they grow richer

as long asn > 0. Moreover, the expenditure share asymptotes to f as incomes grow

large. If n = 0 and h = 1, equation (1) reduces to a Cobb Douglas utility function with

constant expenditure shares.6 We refer to the elasticity parameter h as the “Engel

elasticity” because it determines the shape of consumers' Engel curves. The larger the

Engel elasticity, the stronger the effect of real income on consumer demand.7

Technology Each region can produce agricultural and non-agricultural goods. A

representative local �rm produces the agricultural good using the following technology:

YrA = ZrA H1� a
rA Ta

r ,

where ZrA is the local productivity in agriculture, HrAt is agricultural labor (measured

in ef�ciency units), and Tr denotes agricultural land. We assume agricultural land is

in �xed supply in each region. As result, the land share, a, indexes the strength of

decreasing returns to scale.

We model the non-agricultural sector in the standard “CES-monopolistic-competition”

way. Individual �rms pay a �xed cost of entry, fE, denoted in units of non-agricultural

labor. Upon entering, each �rm produces a differentiated variety, indexed by w, using

the same constant-returns-to-scale, labor-only production technology with productivity

ZrM . Firms operate for a single period, which we de�ne as 20 years in our empirical

application. We assume free entry, so new �rms enter until their pro�ts equal their �xed

costs. Total demand for non-agricultural labor in region r, HrM , is therefore the sum of

entry and production labor, HrE and HrP, respectively. The market for non-agricultural

varieties is monopolistically competitive.

In each location, a representative �rm assembles the differentiated non-agricultural

6In our quantitative application, we choose the level of regional productivity to ensure expenditure shares are between 0 and 1. This

amounts to assuming consumers are suf�ciently rich to be willing to consume non-agricultural goods in positive quantities.
7The elasticity of substitution between the value added generated in the two sectors is given by $ = 1 + h(JA � f )2/ (JA (1 � JA )).

Hence, it is not a structural parameter but varies across space and the income distribution. Note $ is increasing in JA (i.e., decreasing in real

income) and satis�es lim JA ! f $ = 1.
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varieties into a �nal consumption good:

YrM =
� Z N

0
y (w)

s � 1
s dw

� s
s � 1

=

 
R

å
j= 1

Z N j

0
y (w)

s � 1
s dw

! s
s � 1

.

Here, N is the total number of varieties available and Nr denotes the number of varieties

produced in region r. Non-agricultural varieties are subject to the usual iceberg trade

costs. The presence of such trade costs implies that the composition and price of the

�nal non-agricultural good differs across locations.

Sectoral Labor Supply Structural change exerts pressure on local economies to reallo-

cate labor across industries. Workers' ability to move out of agriculture depends on the

extent to which their skills are substitutable across sectors. To capture this reallocation

margin, we model sectoral labor supply using the typical Roy-type machinery.

An individual worker i in region r can supply zi
s ef�ciency units to sector s that are

drawn from a sector-speci�c Fr échet distribution, P
�
zi

s � z
�

= Fs(z) = e� z� z
. The

parameter z captures the dispersion of ef�ciency units across workers in sector s.

We denote total payments per ef�ciency unit of labor in region r and sector s by

wrs and assume the payments to agricultural land in a location are distributed to

local agricultural workers and included in wrA . Each worker i chooses a sector of

employment to maximize their income, yi
r , so that yi

r = maxs
�

zi
swrs

	
. As a result, the

income distribution in each location inherits the Fr échet distribution of the underlying

ef�ciency units, that is,

Fr (y) = e� (y/ wr )
� z

where wr =
�

wz
rA + wz

rM

� 1/ z
,

where the term wr denotes average earnings in region r. Similarly, sectoral employment

shares and aggregate labor supply are given by:

(3) srs = (wrs/ wr )
z and Hrs = GzLr (wrs/ wr )

z� 1 ,

where Gx � G(1 � 1/ x) and G(�) is the gamma function.

Equation (3) highlights that z governs the sectoral-labor-supply elasticity: the higher

z, the higher the elasticity of labor supply. As z ! ¥ , the heterogeneity in ef�ciency

units disappears and labor is fully elastic across industries. This limiting case is the

benchmark of most macroeconomic models of the structural transformation. We show

below that the parameter z is a crucial determinant of the spatial exposure to sectoral

reallocation.
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Spatial Mobility At the beginning of each period, workers can move to another

location. We denote the distribution of workers across regions at the beginning and

end of a period by f LY
rt gr and f Lrt gr , respectively.

We assume workers learn their labor productivity in each sector only after arriving at

a destination. The indirect utility of worker i from location r in location r0at time t is

thus given by

Ui
rr 0t � V rt Brt mrr 0ui

rt , s.t. Vrt �
Z

V (y, prt ) dFrt (y) and Brt = Br L
� r
rt .

The term Vrt denotes expected consumption utility re�ecting a worker's uncertainty

about the ef�ciency units of labor drawn upon arrival in region r. In Section 2.3

below, we derive a closed-form expression for Vrt . The term Brt is an amenity term,

which comprises an exogenous and endogenous part. The parameter r > 0 indexes

the strength of congestion forces such as the scarcity of local housing or other non-

traded goods. The matrix mrr 0 2 (0,1] re�ects the cost of moving: destination utility is

discounted depending on a worker's region of origin. We assume workers who stay put

enjoy the full local utility, that is, mrr = 1. Finally, ui
rt re�ects a worker-location-speci�c

preference shifter, which is drawn prior to choosing a region, i.i.d. from a Fr échet

distribution with shape parameter #.

Using standard properties of the Fr échet distribution, the share of workers moving

from location r to r0can be written as

(4) mrr 0t =
(mrr 0Vr0tBr0t )

#

å j
�
mrj Vjt Bjt

� #.

In addition to internal migration, we also allow for changes in the local labor force that

are not modelled explicitly. In particular, international immigration was substantial

during the time period of our study, and local birth rates varied considerably. To capture

these factors, we follow Cruz and Rossi-Hansberg (2021) and allow for an exogenous

component of employment growth, nrt , that links the beginning-of-period distribution

of workers, f LY
rt gr , to the end-of-period workforce of the previous period, f Lrt � 1gr ,

according to LY
rt = nrt � 1Lrt � 1. As a result, the law of motion for local employment takes

the form

Lrt = å
r0

mr0rt L
Y
r0t = å

r0

mr0rt nr0t � 1Lr0t � 1,

where mr0rt is given in equation (4). The size of region r is thus determined by its

relative attractiveness (mr0rt ), its size in the past (Lrt � 1), and exogenous employment

growth (nrt � 1).
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2.2 Catch-Up Growth and Productivity Convergence

A key aspect of our theory is the possibility of catch-up growth. To model the poten-

tial of a location to improve its productivity (relative to others), we follow a large

macroeconomic literature on cross-country convergence, which posits that productivity

growth depends on the level of productivity relative to the productivity frontier; see,

for example Acemoglu et al. (2006), Akcigit, Alp, and Peters (2021), and Desmet et al.

(2018).

Speci�cally, we adopt a parsimonious parametrization of the region- and sector-speci�c

productivity terms ZrA and ZrM . Let Zst denote a common sector-speci�c productivity

shifter that grows at the constant rate gs. We assumeZrst � Zst, and hence also refer to

Zst as thesectoral frontier. In our application, we take Zst to be the highest productivity

in sector s in the US.

We thus model the evolution of region r's productivity in sector s as

(5) dln Zrst = gs + l s ln
�

Zst

Zrst

�
for s= A, M.

The productivity process in equation (5) exhibits different spatial biases depending on

the value of a single parameter, l s. If l s = 0, sectoral productivity grows at the same

rate in all regions and the spatial productivity distribution in sector s is stationary. If

l s > 0, less productive regions bene�t from their backwardness and grow at a faster

rate. If l s < 0, the opposite is the case and technologically backward locations fall

further behind. 8

Our interpretation of ZrAt and ZrMt is intentionally broad. A region's “bene�t of

backwardness” could be due to actual spatial technology diffusion, where lagging

localities adopt existing techniques and catch up to the technological frontier. But

catch-up growth could also be driven by infrastructure investments, capital deepening,

or other institutional changes that spatially diffuse with a time lag and reach less

productive locations at later stages of economic development. In Section 4.3 below, we

provide direct empirical evidence for this pattern of catch-up growth for a variety of

development indicators.

Importantly, equation (5) does not hardwire any speci�c relationship between local pro-

ductivity growth and the current level of sectoral specialization. Whether agriculturally

specialized locations experience faster growth depends on why they specialize in the

agricultural sector. If agricultural locations have, on average, lower physical productiv-

8If l s > 0, equation (5) implies regional productivity differences disappear in the long run. This assumption is for simplicity only.

Suppose equation (5) were given by dln Zrst = gs + l s ln
�
Zst/ Zrst

�
� mrs, where mrs � 0. Then,Zrst ! e� mrs/ l sZst.For the case ofmrs = 0,

we recover Zrst ! Zst. In our empirical application, which covers a 40-year period, this long-run result is not consequential.
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ity ZrAt or ZrMt , they bene�t from catch-up growth. However, a comparative advantage

in agriculture is also consistent with an absolute advantage in both sectors or could be

entirely due to an abundance of agricultural land Tr . As a result, our model does not

mechanically produce a systematic relationship between sectoral specialization and

future growth but delivers it as an outcome of our structural estimation.

For simplicity, we assumed the diffusion process in (5) does not re�ect any geographic

attributes. For example, we could have assumed productivity growth in location r

depends on the productivity gap and the geographical distance from the technological

frontier. However, local productivity growth will be correlated across labor markets if

the initial cross-sectional distribution of productivity, f Zrstgrs, is spatially correlated.

Similarly, we take the process in (5) as exogenous and structurally estimate gs and l s.

Although microfounding (5) would be interesting (e.g., in the spirit of Acemoglu et al.

(2006)), we focus instead on understanding the quantitative implications of catch-up

growth rather than its fundamental source.

2.3 Aggregate Demand and Spatial Welfare

To compute the equilibrium, we need to characterize workers' expected utility Vrt

and the aggregate demand system. As we show in Section A.2.3 in the Appendix, the

combination of PIGL preferences and the Fréchet distribution of individual income

allows us to derive closed-form expressions for these objects, despite the fact that

consumer demand is non-homothetic.

First, the aggregateexpenditure share on agricultural goods in region r, JrA , is given by

JrA �

R
JA (y, pr ) ydFr (y)R

ydFr (y)
= f + nRC

�
wr / P1� f

rM

� � h
,

where nRC = n
Gz/ (1� h)

Gz
is a composite parameter that depends on the underlying micro

preference parameter n, the second moment of the income distribution z, and the Engel

elasticity h. Hence, the aggregate demand system is akin to the one generated by a

representative agent who earns the average wage,wrt , and has a preference parameter

nRC.

Importantly, the aggregate demand system is still non-homothetic: an increase in

average income reduces the aggregate spending share on agricultural goods. As

we show in Section 2.5, such demand shifts put downward pressure on wages in

agriculturally specialized locations, making aggregate growth urban-biased.

Second, we can also derive an intuitive expression for Vr :

(6) Vr =
Z

V (y, pr ) dFr (y) =
1
h

Gz
h

�
wr / P1� f

rM

� h
� nln (1/ PrM ) .

12



Expected utility in region r resembles the indirect utility of a representative agent who

earns average incomewrt and has a “taste” parameter Gz/ h determining the relative

importance of real income and relative prices.

2.4 Equilibrium Wages and Equilibrium Industrialization

Our theory permits an explicit characterization of equilibrium wages and agricultural

employment shares across space. These two objects are our main outcomes of interest,

and we relegate a discussion of the full equilibrium system to Appendix A.1. The

equilibrium of our model is de�ned as follows:

De�nition. Let f Lr0,ZrA0,ZrM 0gr be the initial distribution of workers and productivity,

and let
�

Z At ,Z Mt
	

t be a path of the technological frontier. An equilibrium is a sequence of

pricesf PrAt ,PrMt grt , wagesf wrAt ,wrMt grt , rental ratesf Rrt grt , non-agricultural varieties

f Nrt grt , employment allocationsf HrAt ,HrEt ,HrPtgrt , local employmentf Lrt grt , individual

consumption
�

ci
rAt ,

�
ci

rMt (w)
�

w

	 i
rt , and productivity processesf ZrAt ,ZrMt grt , such that (i)

consumers' consumption and location choices maximize utility, (ii) the creation of local vari-

eties is consistent with free entry, (iii) �rms maximize pro�ts, (iv) all markets clear, and (v)

productivity evolves according to the law of motion (5).

To derive an explicit formulation of equilibrium wages and employment shares, we

exploit a convenient representation of aggregate revenue in the non-agricultural sector.

Under free entry, the mass of �rms is proportional to non-agricultural production labor

who receive a �xed fraction of sectoral revenue. As a result, a location's non-agricultural

revenue, R rM , is given by

(7) R rM = f̃ED
1
s
r Z

s � 1
s

rM HrM , where Dr � å
j

t 1� s
rjM Ps � 1

jM J jM GzLjwj ,

where Dr is a measure of the effectivedemandfor non-agricultural products in region

r and f̃E is an inconsequential composite constant. Hence, non-agricultural revenue

takes the form of a constant-returns-to-scale production function, with revenue TFP

being a combination of physical productivity, ZrM , and the endogenous demand term,

Dr . The presence ofDr highlights the link between structural change and sectoral

revenue productivity: as incomes rise and spending shifts toward non-agricultural

goods, revenue productivity in the non-agricultural sector increases.

Using the representation in equation (7), local wages and employment shares can be

expressed in the following way.

Proposition 1. Let ` r � Lr / Tr denote employment density in regionr and de�ne the following
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“effective” sectoral productivity terms in region r:

(8) Z rM � Z
s � 1

s
rM f̃ � 1

E D
1
s
r and Z rA � ZrA

�
Gz` r

� � a .

Local average wageswrt and agricultural employment shares srAt are then determined by

(9) 1=
�

Z rM

wr

� z

+
�

Z rA

wr

� z
a(z� 1)+ 1

;
s1+ (z� 1)a
rA
1 � srA

=
�

Z rA

Z rM

� z

.

Proof. See Section A.3 in the Appendix.

Proposition 1 shows local wages and sectoral specialization are fully determined from

two suf�cient statistics, Z rM and Z rA , that we refer to as “effective” sectoral productivity.

Whereas both Dr and ` r are endogenous and intrinsically linked to the way locations

spatially interact on the market for goods ( Dr ) and in terms of inter-regional migration

(` r ), Proposition 1 shows that as far as wages and sectoral specialization are concerned,

they are isomorphic to physical sectoral productivity Zrs.

Proposition 1 is important both conceptually and in terms of its measurement impli-

cations. On the conceptual side, it highlights that local growth and industrialization

can be driven by three distinct channels: growth in physical productivity Zrs, changes

in employment density ` r through migration or employment growth, and shifts in

non-agricultural demand Dr . As such, Proposition 1 highlights the value of jointly

studying sectoral reallocation and technological catch-up growth, because both shape

the spatial distribution of wages and sectoral specialization.

At the same time, Proposition 1 also highlights an important measurement challenge.

To identify the spatial distribution of physical productivity Zrs from data on wages

and employment shares, taking into account the spatial linkages between locations is

important. For example, a region can have a comparative advantage in agriculture

either because of high relative productivity ZrA / ZrM or because of abundant land

supply and little non-agricultural demand. Similarly, high wages can either re�ect

physical productivity or employment density and market access.

Whether regional wages and employment shares re�ect physical productivity or dif-

ferences in employment density or demand is also important to understand regions'

ability to bene�t from catch-up growth. If differences in physical productivity drive

most of the variation in Z rM , rural locations bene�t from catch-up growth because their

ZrM is low by virtue of them being specialized in the agricultural sector and being poor.

If, by contrast, most of the variation in revenue productivity is due to market access,

Dr , the potential for a rural location to bene�t from productivity convergence is limited.

Similarly, if most of the variation in agricultural effective productivity, Z rA , is driven
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by differences in employment densities, ` r , the agricultural productivity distribution

is compressed, and the potential for catch-up growth is minimal. Within the context

of our structural model, we can separately identify Zrs from Dr and ` r and therefore

estimate the extent of catch-up growth in a model-consistent way.

In addition, equation (9) also stresses that wages depend on the substitutability of

workers across sectors (z) and the agricultural land intensity ( a). The reason is that

decreasing returns in agriculture imply that the marginal product of labor depends on

the quantity of agricultural labor. To see this directly, note the sectoral factor prices wrM

and wrA can be expressed as follows:

wrM = Z rM ; 1 =

 

1 +
�

Z rM

wrA

� z
! z� 1

z �
Z rA

wrA

� 1
a

.

Non-agricultural wages depend only on ZrM and Dr and are independent of sectoral

labor supply. By contrast, wages in the agricultural sector respond to sectoral labor

supply, which is re�ected in their dependence on the effective productivity of the local

non-agricultural sector, Z rM , with which it competes for workers. The sectoral supply

elasticity z appears because it shapes how much agricultural wages have to rise to lure

workers away from non-agriculture. Decreasing returns are hence the reason why the

employment density appears in Proposition 1 and why the elasticity of substitution

acrosssectorshelps shape thespatialdistribution of wages and employment shares.

2.5 Rural Convergence: Incidence vs. Exposure

Proposition 1 highlighted the static determinants of the cross-section of wages and

employment shares across regions and how they depend on the same two effective

productivity terms. We now leverage these results to study how they translate into

changesin wages and agricultural employment shares across space and what the empir-

ical patterns documented in Section 1 reveal about the underlying mechanisms driving

these changes.

Consider a single region r that takes aggregate prices as given. The following Proposi-

tion describes the determinants of local wage growth and local industrialization, that is,

changesin the agricultural employment share.

Proposition 2. Local wage growth and local industrialization are given by

dln wrt = f (srA ) dln Z rMt + (1 � f (srA )) dln Z rAt

dsrAt = y (srA ) (dln Z rMt � dln Z rAt ) ,
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where the two exposure elasticities are given by

(10) f r � f (srA ) =
(g + 1) (1 � srA )
g (1 � sAr ) + 1

; y r � y (srA ) = �
srAt (1 � srAt ) z
g (1 � srAt ) + 1

,

with g � a (z � 1). The regional incidence of effective productivity growth can be decomposed
as

dln Z rMt =
s � 1

s
dln ZrMt +

1
s

dln Drt ; dln Z rAt = dln ZrAt � adln ` rt .

Proof. See Section A.3.2 in the Appendix.

Proposition 2 highlights that local wage growth and industrialization vary across space

for two reasons. First, regions differ in their exposureto changes in effective productivity,

and the agricultural employment share srA emerges as the suf�cient statistic for the

regional heterogeneity in exposure. Second, effective productivity itself might grow

faster in some regions than in others, dln Z rst 6= dln Z r0st; that is, locations can differ in

the incidenceof growth.

Proposition 2 thus formalizes the two narratives about spatial growth we highlighted

in the beginning: unbalanced productivity growth versus regional specialization in

declining industries. At the same time, it highlights that the relevant notion of local

productivity growth does not merely encompass technological ef�ciency but that it

captures all factors that in�uence effective productivity. As a result, differences in the

incidence of growth could be due to (i) technological catch-up ( dln ZrMt and dln ZrAt ),

as well as (ii) local employment growth (dln ` rt ) and (iii) differential changes in non-

agricultural demand (dln Drt ).

The regional differences in exposure are summarized by the two exposure elasticities

f r 2 (0,1) and y r 2 (� 1,0) shown in Figure 2. Growth in the average wage is a linear

combination of effective productivity growth in each sector, with the weight of the

non-agricultural sector given by f r . As shown in the right panel, f 0(�) < 0; that is,

industrial areas bene�t especially from non-agricultural effective productivity growth

and rural locations particularly from effective productivity growth in agriculture. The

left panel shows that the industrialization elasticity, y r , is a U-shaped function of

the agricultural employment share. Changes in comparative advantage, Z rMt / Z rAt ,

therefore induce industrialization everywhere, but especially at intermediate levels of

agricultural specialization. Intuitively, the most urban locations cannot reduce their

agricultural employment share, because they already are almost fully industrialized,

whereas the most rural counties have such a strong comparative advantage in the

agricultural sector that labor reallocation is limited.
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FIGURE 2: SPATIAL H ETEROGENEITY IN EXPOSURE

(A ) INDUSTRIALIZATION , y (srA ) (B) WAGE GROWTH , f (srA )

Notes:The �gure shows the exposure elasticities f (srA ) and y (srA ) given in Proposition 2 as a function of the agricultural employment

share. We depict the case of relative inelastic supply (low z) as a darker line and the case of relative elastic supply (high z) as a more lightly

shaded line.

Overall, Proposition 2 highlights that the sectoralorigins of growth have direct spatial

implications, similar to the logic of “Bartik”-style instruments. But it goes beyond that

by showing the supply elasticity z is a key determinant of the strength of such exposure

effects. The reason is thatz captures the ease of sectoral reallocation and hence the ability

of local labor markets to adjust to changes in the economic environment. Expectedly,

the left panel shows that the higher the sectoral labor elasticity, the stronger the sectoral

reallocation induced by changes in comparative advantage and the more pronounced

the U-shape. Furthermore, the right panel shows non-agricultural productivity growth

becomes a more important determinant of local wage growth, the higher z. Differences

in exposure acrosslocations are thus a symptom of the imperfect sectoral substitutability

of workers within locations.9

Figure 2 and the empirically observed U-shaped pattern of industrialization in Figure

1 therefore already hint at the importance of exposure forces in shaping the spatial

pattern of industrialization. At the same time, the strong pro-rural pattern of wage

growth points to growth in the effective productivity in agriculture, Z rAt , to which

agricultural regions are most exposed.

To understand why our �nding of rural-biased wage growth implies an important

role for heterogeneity in incidence, suppose all locations experienced the same rate

of effective productivity growth. This case would arise in the absence of catch-up

(l A = l M = 0) and regional migration ( dln ` rt = 0), and if trade were free ( Drt = D t).

Letting iA and iM denote the common growth rates of Z rAt and Z rMt , Proposition 2

9Note that in the limit, as labor becomes freely substitutable across sectors, the regional heterogeneity in wage exposure disappears

entirely, that is, lim z! ¥ f r = 1.
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implies

(11) dln wrt = iA + f (srA ) ( iM � iA ) ; dsrAt = y (srA ) ( iM � iA ) .

Becausey (srA ) < 0, the agricultural employment share declines if and only if iM > iA .

This, however, also implies wage growth in rural locations should have been lower

becausef 0(srA ) < 0. Hence, if effective productivity growth had been balanced, the

sectoral reallocation away from agriculture should have led to urban-biasedgrowth

and to a rise in wage inequality. This scenario is, of course, sharply at odds with the

dramatic extent of rural wage convergence documented in Section 1.

To rationalize the observed pattern of rural-biased wage growth, agricultural labor

markets must have experienced faster growth in effective productivity. Proposition

2 highlights such faster wage growth can be achieved in three ways: (i) rural out-

migration, so that employment density ` rt falls in rural locations; (ii) higher growth in

non-agricultural demand Drt in former agricultural locations; and (iii) faster physical

productivity growth ZrMt and ZrAt through catch-up. Separately identifying these

channels requires a structural model. As we show in our quantitative exercise, the

productivity channel via catch-up played the dominant role in saving rural America. In

its absence, rural labor markets would have fallen further behind and living standards

would have diverged. Hence, both exposure and incidence differences are essential

ingredients of the observed patterns of regional convergence in wages and employment

shares.

3. STRUCTURAL ESTIMATION

We now estimate the structural parameters of our model. Our key �nding in this section

is that when accounting for differences in regional exposure, local employment growth,

and region-speci�c shifts in demand, strong rural catch-up growth in productivity is

required to rationalize the patterns of regional convergence in the data. In Section

4, we quantify the role of this rural growth premium for local wage growth and

industrialization.

3.1 Data Description

We assume a period in the model corresponds to 20 years in the data and obtain total

employment by sector and county from the U.S. Census Bureau's Decennial Full Count

Census �les for 1880, 1900, and 1920 (via IPUMS; see Ruggles, Genadek, Goeken, Grover,

and Sobek (2015)). These data also contain information on children and immigrants,

which we use to estimate the exogenous component of local employment growth, nrt .

We supplement these data with information on average earnings at the county level
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from the Census of Manufacturing and average values of farmland and buildings per

acre for each decade from the Census of Agriculture (both via NHGIS; see Manson,

Schroeder, Van Riper, and Ruggles (2017)).10 Finally, we use longitudinal data at the

individual level from the linked version of the Decennial Census data to measure

migration �ows across commuting zones (via IPUMS; see Ruggles et al. (2015)).

We interpret locations in the model as commuting zones and spatially harmonize the

data using the crosswalk in Eckert et al. (2020b). We drop data from states that were not

in the Union by 1880. Our �nal sample consists of a balanced panel of 495 commuting

zones in 1880, 1900, and 1920 (see B.1 in the Appendix for a map).

In addition, we rely on time-series data from the “Historical Statistics of the United

States” (see Carter, Gartner, Haines, Olmstead, Sutch, Wright et al. (2006)) on real GDP

per capita and the sectoral price indices. In Appendix B.1, we provide more details on

data sources, data construction, and sample selection.

3.2 Estimation Strategy

We quantify our model using a combination of structural estimation and model in-

version. We estimate eight structural parameters within the model: the two catch-up

parameters (l M , l A), the labor-supply elasticity z, three preference parameters (n, h,

#), and the growth rates of the sectoral productivity frontiers ( gM , gA). We do so by

using 11 empirical moments. In addition, we estimate migration and trade costs from

the gravity relationships of trade and migration �ows outside of the model. Finally,

given these structural parameters, we invert our model to infer the distribution of local

fundamentals, that is, initial productivity in 1880, [ZrM 1880,ZrA1880]r , the endowment

of agricultural land [Tr ], and local amenities [Br ], to perfectly rationalize the data on

wages, total employment, land rents, and sectoral employment shares in 1880.

Combining model inversion with structural estimation in this way has several virtues.

The inversion part ensures the crucial correlation between regions' agricultural special-

ization and sector-speci�c productivity is directly inferred from the data. The reason

is that the initial productivity distribution is chosen so that the model matches the

observed data on employment shares, factor prices, and total employment in 1880.

Hence, we do not assume agricultural regions are necessarily technologically backward,

but let the data �exibly inform this correlation. Parameterizing the productivity process

(instead of inferring new productivity terms for each cross-section) then makes the

model amenable to a counterfactual exercise of what the structural transformation in

the US had looked like in the absence of productivity convergence. It also allows us to

study whether such a parsimonious (and, we think, natural) productivity process can

10In the model, average earnings in manufacturing exactly coincide with average regional earnings, wrt , which we compute as manufac-

turing payroll divided by manufacturing employment. To the best of our knowledge, no data on agricultural wages exist at the county

level.
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quantitatively rationalize the extent of rural convergence documented in Section 1. 11

In Table 3 below, we provide an overview of all the parameters of our model and the

empirical moments we use for identi�cation. Despite calibrating most parameters

jointly, we discuss our calibration strategy for particular structural parameters in terms

of the most informative empirical moments.

Aggregate Productivity Growth ( gA and gZ) and Consumer Preferences (h, n, and

f ) We estimate the growth rates of the agricultural and non-agricultural frontier,

gA and gNA , and consumers' preferences,h and n, to ensure the model matches three

macroeconomic time-series moments: (i) aggregate GDP growth between 1880 and 1920,

(ii) the change in the relative price of agricultural goods between 1880 and 1920, and

(iii) the evolution of the agricultural employment share. Given our strategy of matching

the 1880 cross section exactly, we also match the aggregate agricultural employment

share in 1880 by construction. We thus estimate four parameters by targeting six

macroeconomic moments (two growth rates, 1880-1900 and 1900-1920, for each of the

three outcomes). The remaining preference parameter, f , corresponds to the asymptotic

spending share on agricultural value added for very high incomes. We set f = 0.01,

which is close to the agricultural employment share in the US in 2020.

Regional Fundamentals: [Tr ], [Br ], and [ZrA1880,ZrM 1880] We choose regions' sec-

toral productivity in 1880, [ZrA1880,ZrM 1880]rs, and land endowments, [Tr ], to exactly

match the distribution of average earnings f wr1880gr , agricultural employment shares

f srA1880gr , and land rents f Rr1880g, given the observed level of employment f Lr1880g.

Speci�cally, local wages and employment shares identify the productivity level in

manufacturing ZrM 1880 and the combinedagricultural productivity index ZrA1880Ta
r . To

separately identify ZrA1880 from Tr , we then use local land rents (relative to the prevail-

ing wage). Note our identi�cation strategy only uses staticequilibrium conditions; it

does not assume the economy is in steady-state, nor is it impacted by our particular

assumptions of the convergence process.

Table 2 shows the relationship between the inferred productivity terms and agricultural

employment shares. Agricultural regions in 1880 had bothlow agricultural productivity,

ZrA1880, and low manufacturing productivity, ZrM 1880. Agricultural specialization

was thus a re�ection of comparative advantage in agriculture and not of absolute

agricultural advantage. This is seen in column 3, which shows a positive, albeit

statistically insigni�cant, correlation between agricultural employment shares and

the relative productivity of the agricultural sector. The fact that rural locations were

technologically behind the frontier in both industries implies they bene�ted from catch-

up growth in both sectors. For each sector separately, we set the level of the economy's

11This restriction also gives us additional degrees of freedom that we use to estimate the elasticity of substitution z.
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TABLE 2: DETERMINANTS OF A GRICULTURAL SPECIALIZATION

ln ZrA1880 ln ZrM 1880 ln ZrA1880
ZrM 1880

ln ` r1880 ln Br1880

srA1880 -0.231��� -0.257��� 0.0368 -0.133��� -0.115���

(0.0110) (0.0114) (0.0292) (0.00630) (0.0304)

Observations 495 495 495 495 495
Adjusted R2 0.430 0.515 0.003 0.493 0.045

Notes: Notes: The table reports the results of a set of bivariate regression srA1880 = a + bxr + ur , where xr = ln ZrA1880 (column 1),

xr = ln ZrM 1880 (column 2), xr = ln (ZrA1880/ ZrM 1880) (column 3), xr = ln ` r1880 (column 4) and xr = ln Br1880 (column 5). Robust standard

errors in parentheses. � , �� , and ��� denote statistical signi�cance at the 10%, 5% and 1% level, respectively.

technological frontier, [Zs1880]s, to the highest regional productivity level in 1880. Table

2 also shows rural labor markets are land-abundant; that is, their employment density

` rt is low (column 4). This pattern is implied by the fact that, empirically, agricultural

land rents in rural regions are relatively low compared with more urban locations.

We estimate local amenities [Br ]r by requiring that the observed level of employment

f Lr1880g is consistent with individuals' spatial labor-supply decisions. 12 Because our

economy features distance-speci�c moving costs, the employment distribution is a

dynamic state variable. Hence, given the observed factor prices in 1880, local em-

ployment f Lr1880g depends on both the amenity vector Br , initial employment in 1860,

and differential employment growth (through migration and fertility and migration)

between 1860 and 1880. Because of the territorial expansion of the US, we choose to not

rely on the data in 1860. Instead, we estimate Br so that the employment distribution

would be stationary if productivity and aggregate employment stocks were to remain

constant. Intuitively, we ensure spatial reallocation in our model is driven by changing

factor prices and future employment growth, rather than transitional employment dy-

namics that originate prior to 1880. Table 2 shows amenities are lower in rural regions,

indicating such regions are sparsely populated even given their low wages (column 5).

Technological Catch-Up ( l A and l M ) and Skill Substitutability ( z) The key empiri-

cal pattern motivating our analysis is the presence of rural convergence documented

in Section 1: the positive relationship between agricultural specialization and wage

growth, and the U-shaped relationship of agricultural specialization and subsequent in-

dustrialization. In Section 2.5, we showed theoretically that the strength of technological

catch-up ( l s) and the sectoral substitutability of skills (z) are important determinants

of these patterns. In addition, all else equal, changes in population density affect wage

growth across regions, due to decreasing returns in agriculture.

We exploit these facts to estimate (z, l A , l M ) by indirect inference. The hallmark of

indirect inference is the use of an auxiliary model to capture aspects of the data upon

12Note also that such calibrated amenities implicitly control for differences in the size of commuting zones. For given wages, commuting

zones with a larger area and correspondingly larger total employment are associated with a higher amenity term.
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which to base the estimation. Indirect inference chooses the parameters of the economic

model so that the parameter estimates of the auxiliary model are as close as possible

when using the actual versus model-generated data. Importantly, indirect inference

does not require that the auxiliary model be correctly speci�ed (see Smith (2008)). For

our auxiliary model, we use the relationships between agricultural specialization and

subsequent wage growth, industrialization, and population growth as summarized by

the following regressions:

dln w̄rt = dt + dj(r) + bw srAt + nrt ;(12)

dln ` rt = dt + dj(r) + b` srAt + nrt ;(13)

dsrAt = dt + dj(r) + bsA srAt + gsA s2
rAt + nrt .(14)

Here, dt and dj(r) are period �xed effects and state �xed effects, and time differences are

taken over 20-year intervals. For the case of local industrialization, dsrAt , we estimate a

quadratic relationship to capture the U-shape documented in Figure 1. We match the

four coef�cients bw, b` , bsA , and gsA in our estimation. The estimates of bw, bsA , and

gsA are reported in column 1 of Table 1. The estimate for b` , which is given by � 0.36, is

reported in Table A.1 in the Appendix.

In addition to the parameters bsA and gsA , we also target the change in agricultural

employment shares between 1880 and 1920 among the most rural locations. In doing

so, we force our model to match the ”trough” of the U-shaped relationship of local

industrialization and initial agricultural specialization. Speci�cally, we target the

change in the agricultural employment share between 1880 and 1920 among locations

with at least 80% of their 1880 workforce in agriculture.

The three regressions are informative about l A , l M , and z because rural locations have

an absolute disadvantage in both sectors and thus bene�t from catch-up growth in both

industries. Hence, wage growth increases in both l A and l M . At the same time, l A

and l M have opposite effects on rural industrialization: if most catch-up growth occurs

in agriculture (non-agriculture), agricultural specialization would increase (decrease) in

rural regions. In addition, the higher b` , the higher l A because increasing population

density depresses agricultural wage growth, requiring stronger technological conver-

gence to match the observed patterns of wage convergence. Finally, Figure 2 shows a

larger supply elasticity, z, leads to a more pronounced U-shape in industrialization.

Spatial Labor Supply In the model, three parameters shape spatial labor supply.

The �rst is migration costs. We parameterize migration costs as a function of distance.

Denoting the geographic distance between regions r and r0 by drr 0, migration costs

are given by mrr 0 = d� k
rr 0 . The distance elasticity k is hence an important determinant

of local labor supply. To estimate k, we use the following log linear relationship for
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inter-regional migration �ows implied by our model:

(15) logmrr 0t = do
rt + dd

r0t � kelog drr 0.

In equation (15), do
rt and dd

r0t are origin and destination �xed effects, respectively, that are

functions of endogenous location-speci�c objects and parameters. We estimate equation

(15) using commuting-zone-to-commuting-zone migration �ows that we constructed

with the linked Census data and �nd k#� 2.8 (see Appendix B.2.2), consistent with

Allen and Donaldson (2020), who �nd a distance elasticity of 2.16 across counties during

the same time period in the US.

Second, the sensitivity of migration �ows with respect to local factor prices is governed

by the dispersion of location preference shocks, #. Equation (4) implies the partial

elasticity of migration �ows from r to r0with respect to wages in r0 is given by

(16)
¶ln mrr 0

¶ln wr0
= #h

0

B
@1 + n

ln (Pr0A / Pr0M )
1
hGz/ h

�
wr0/

�
Pf

r0A P1� f
r0M

�� h
� nln (Pr0A / Pr0M )

1

C
A .

Hence, in addition to #, this elasticity also depends on the Engel elasticity h, the taste

parameter n, and a set of endogenous variables. We target an average labor-supply

elasticity of two, a consensus estimate in the literature (see, e.g., Allen and Donaldson

(2020), Monte, Redding, and Rossi-Hansberg (2018) or Peters (2022)). In addition,#

obviously also affects the above-mentioned relationship between specialization and

population growth, b` .

Third, spatial labor supply depends directly on the vector of exogenous employment

growth in each region, f nrt gr,t , which captures all employment growth not due to

worker in- or out-migration from or to other regions. Such exogenous sources of local

employment growth capture differences in local demographics, namely, fertility and

mortality rates, and international migration �ows, which are unbalanced across space.

Both of these aspects are quantitatively important in the context of our application.

We introduce a new methodology to infer f nrt gr,t from observed data on county-level

immigration, births, and age distributions, which we describe in detail in Appendix

B.2.1. In essence, we choosenrt to match the net effect of the cross-sectional variation

in immigration and fertility rates for each commuting zone, as well as the overall

aggregate rate of employment growth between 1880 and 1920. Importantly, because

workers at the beginning of each period have the option to migrate before becoming

economically active, employment growth in each location remains endogenous in our

theory.
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TABLE 3: STRUCTURAL PARAMETERS AND M ODEL FIT

STRUCTURAL PARAMETERS ESTIMATION M ETHOD

DESCRIPTION VALUE PANEL A: I N -M ODEL (M OMENT , DATA ,M ODEL)

z Labor Supply Elasticity 6.9 gsA in regression (14) 0.45 0.51
E[srA1920 � srA1880jsrA1880> 0.8] -0.20 -0.20

l A Catch-Up in Agricult. 0.21 bw in regression (12) 0.25 0.16
bl in regression (13) -0.36 -0.04

gA Growth of Agricult. Frontier 0.07 Ag. Empl. Share 1900 0.39 0.35
Ag. Empl. Share 1920 0.26 0.25

l M Catch-Up in Non-agricult. 0.05 bsA in regression (14) -0.48 -0.57
gM Growth of Non-agricult. Frontier 0.09 GDP growth 1880-1900 1.43 1.50

GDP growth 1900-1920 2.04 2.05
e Location Taste Heterogeneity 3.80 Avg. Migration Elasticity 2 2.03
h Engel Elasticity 0.93 Rel. pricePM / PA 1900 0.94 1.01
n PIGL preference parameter 0.12 Rel. pricePM / PA 1920 0.89 0.87

PANEL B: OUT-OF-M ODEL (STRATEGY)

k Migration Cost Distance Elasticity 2.8 Gravity relationship of migration �ows
q Trade Costs Distance Elasticity 1.35 Gravity relationship of trade �ows

PANEL C: EXOGENOUSLY-SET (SOURCE)

s Elastictiy of Substitution Mfg Good 6 NA
r Amenity Congestion Elasticity 0.15 Allen and Donaldson (2020)
a Land Share in Production Function 0.4 Valentinyi and Herrendorf (2008)
f Asy. Exp. Share on Agricult. Goods 0.01 NA

Notes:The table contains the values for all structural parameters and targeted moments of our model. The eight parameters in the upper

panel are estimated within the model, targeting the 11 moments on the right. The two distance elasticities are estimated from gravity

equations outside of the model. The remaining four parameters are set exogenously.

Other Parameters As is common in the literature, we parameterize trade costs as

power functions of distance so that trade costs in both sectors are t rr 0 = d� q
rr 0. For the

elasticity of trade �ows to distance, (1 � s)q, Allen and Donaldson (2020) report an

estimate of � 1.35.13 We take the remaining parameters from various sources in the

literature. Most related papers assume an elasticity of substitution s between 3 and

8; we sets = 6. For the agricultural land share, we follow Valentinyi and Herrendorf

(2008) and seta to 0.4. We also borrow the congestion elasticity of r = 0.15 from Allen

and Donaldson (2020), which is estimated using the same time period and Census data

used in our study.

3.3 Estimates and Model Fit

Table 3 presents our parameter estimates and their associated moments in the calibrated

model and the data. We differentiate parameters estimated within the model (Panel

A), parameters estimated outside the model (Panel B), and parameters that are set

exogenously (Panel C).

Overall, our model is able to successfully capture the most important empirical features

of spatial structural change in the US between 1880 and 1920. First, the calibrated

model produces the time-series patterns of the three aggregate “macro” moments: it

successfully captures the large decline in agricultural employment, the increase in GDP

13Monte et al. (2018) �nd a similar elasticity of � 1.29. Disdier and Head (2008) show this elasticity is roughly constant in international

trade data in the 20th century.
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FIGURE 3: RURAL CONVERGENCE – MODEL AND DATA

(A ) WAGE GROWTH (B) INDUSTRIALIZATION

Notes:The �gure displays the correlation of wage growth (left panel) and industrialization (right panel) with the agricultural employment

share. We show the data in lighter-shaded colors and model output in darker shades.

per capita, and the small increase in the relative price of agricultural goods between

1880 and 1920. These time-series moments are mostly informed by the rates of aggregate

productivity growth and preference parameters. We estimate that the productivity

frontier in non-agriculture ( Z Mt ) grew at a rate of 0.09, and the frontier in agriculture

(Z At ) grew at a rate of 0.07 over a 20-year period. The estimates of the preference

parameters imply an important role of the demand-side non-homotheticities: we �nd

an Engel elasticity h of 0.93 andn = 0.12, which implies agricultural value added is a

necessity.14

Second, and most importantly, the calibrated model matches the patterns of rural

convergence documented in Section 1. The cross-sectional estimates of the parameters

bw,bsA, and gsA from the two regressions in equations (12) and (14) are similar in the

model and the data. In Figure 3, we replicate the non-linear relationships in both the

data (grey) and our model (red and blue, respectively). Our model reproduces the rural

bias of wage growth (left panel) and the U-shape of industrialization (right panel) very

well.

To �t these patterns of rural convergence, our estimates imply an important role for

catch-up growth. Recall local productivity growth depends both on a region's distance

to the frontier (i.e., Zs1880/ Zrs1880) and the catch-up parameters l A and l M . Our es-

timates of l A = 0.21 andl M = 0.05 indicate signi�cant catch-up growth and spatial

convergence between 1880 and 1920. Moreover, because we estimate sectoral produc-

tivity in 1880 to be negatively correlated with the agricultural employment share, rural

labor markets were the main bene�ciaries of such catch-up growth.

14In Section B.2.4 in the Appendix, we compare this estimate from time-series data with cross-sectional estimates.
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FIGURE 4: RURAL CATCH -UP GROWTH

Notes: The �gure displays the correlation of the estimated rate of annual local productivity growth between 1880 and 1920, that is,
1
40 ln (Zr1920/ Zr1880) and 1

40 ln (Ar1920/ Ar1880), with the agricultural employment share in 1880.

In Figure 4, we show the implied heterogeneity in productivity growth across regions.

In the four decades following 1880, rural labor markets experienced a growth premium

of around two percentage points. The similarity in productivity growth in both sectors

re�ects the combination of two aspects of our theory. First, there is less regional

dispersion in agricultural productivity, reducing the opportunities for productivity

catch-up. Second, our structural estimation showed l A > l M ; that is, the process of

catch-up is faster in agriculture (which, in turn, might be why agricultural productivity

in 1880 is less dispersed). In terms of their regional growth implications, these two

forces roughly balance out.

In Figure 5, we turn to the implications for spatial mobility. In the left panel, we

show the cross-sectional relationship between local employment growth and initial

agricultural specialization. The empirical relationship is non-monotone: employment

growth is faster in locations with very low and locations with very high agricultural

employment shares. Our calibrated model captures this qualitative relationship and

reproduces the U-shape of employment growth in the data. However, we overestimate

employment growth for commuting zones in the intermediate range of agricultural

employment shares.

The positive relationship between agricultural employment shares and employment

growth among regions with high agricultural employment shares comes as no surprise,

because our model replicates the faster wage growth in agricultural locations and

generates an empirically reasonable migration elasticity of two. The negative correlation

between agricultural employment shares and employment growth among regions

with high agricultural employment shares may be more surprising. One reason our
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