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Agglomeration externalities

‚ In the previous lecture we saw the propensity for economic activity to agglomerate
(or “cluster”) spatially

‚ Both as a whole, and within industries (with within pairs of industries)

‚ One reason for such phenomena might be agglomeration externalities—a causal
effect running from local density to local aggregate productivity or utility

‚ Synonymous with local aggregate increasing returns to scale
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Agglomeration externalities in production
‚ Letting Af denote the TFP of some firm f in a given location ipf q, and tLuipf q

denote the set of all factors employed in location ipf q other than inside firm f , we
could write potential agglomeration externality effects as:

Af “ gf ptLuipf qq

‚ This could allow for externalities that depend:
‚ On the firms (or industries) doing the “sending” (e.g. same industry, cross-industry,

benefits of diversity, etc.)
‚ On the firm (or industry) doing the “receiving”
‚ On the types of factors that generate externalities (e.g. high-skilled labor)

‚ Other directions that appear occasionally in the literature include:
‚ Non-Hicks-neutral externalities (e.g. high-skilled labor benefits more)
‚ Externalities that affect nearby locations too (possibly with a spatial decay)
‚ Externalities that work with temporal lags
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Estimating agglomeration externalities
‚ How large are agglomeration externalities in production?

‚ That will be the goal of today’s and next lecture

‚ Some surveys on this theme:
‚ Rosenthal and Strange (2004, Handbook of Urban and Regional Econ)
‚ Combes and Gobillon (2015, Handbook of Urban and Regional Econ)

‚ Broadly, three approaches:
1. Estimating agglomeration economies “directly”: treatment effect of density on TFP
2. Estimating agglomeration economies from the extent of agglomeration in an

observed spatial equilibrium. (Can think of EG (1997) like this.)
3. Testing for multiple equilibria and/or multiple steady-states (which are often a

consequence of positive agglomeration economies)

‚ For now, our main focus will be #1
‚ NB: like most of the literature, we won’t have much to say about mechanisms for

why agglomeration happens
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Estimating agglomeration economies directly
‚ A large literature has argued that if agglomeration economies exist then units of

production (and factors) should be more productive if they are surrounded by
other producer. Three nice examples:

‚ Henderson (2003, JUE) on across-firm (within-location) externalities
‚ Moretti (2004, AER) on local (within-city) human capital externalities
‚ Arzaghi and Henderson (2008, REStud) on Manhattan’s advertising industry

‚ A central challenge in the literature analogous to that faced in the ‘peer effects’
literature (e.g. Manski, 1993): does one unit actually affect a proximate unit, or
are proximate units just similar on unobservable dimensions?

‚ We will discuss three recent studies that offer natural experiment approaches to
this question.

‚ Greenstone, Hornbeck and Moretti (JPE, 2010)
‚ Kline and Moretti (QJE, 2014)
‚ Peters (ECMA, 2022)
‚ (And you saw Faber and Gaubert (AER, 2019) in a recitation.)

‚ Will focus on “regional” scale for now and turn to “city” scale (neighborhood-
level) effects later
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Greenstone, Hornbeck and Moretti (2010)
‚ GHM look at the effect that ‘million dollar plants’ (huge industrial plants) have on

incumbent firms in the vicinity of the new MDP

‚ Consider the following example (from paper):
‚ BMW did worldwide search for new plant location in 1991. 250 locations narrowed

to 20 US counties. Then announced 2 finalists: Omaha, NB and
Greenville-Spartanburg, SC. Finally, chose Greenville-Spartanburg.

‚ Why? BMW says:
‚ Low costs of production: low union density, supply of quality workers, numerous

global firms in area (including 58 German companies), good transport infrastructure
(rail, air, highway, port access), and access to key local services.

‚ Subsidy ($115 million) received from local government.

‚ GHM obtain list of the winner and loser counties for 82 MDP openings and
compare winners to losers (rather than comparing winners to all 3,000 other
counties, or to counties that look similar on observables).
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Greenstone, Hornbeck and Moretti (2010)identifying agglomeration spillovers 565

Fig. 1.—All incumbent plants’ productivity in winning versus losing counties, relative
to the year of an MDP opening. These figures accompany table 4.

log of output is regressed on the natural log of inputs, year by two-digit
SIC industry fixed effects, plant fixed effects, case fixed effects, and the
event time indicators in a sample that is restricted to the years t p
�7 through . The reported coefficients on the event time indi-t p 5
cators reflect yearly mean TFP in winning counties (col. 1) and losing
counties (col. 2), relative to the year before the MDP opened. Column
3 reports the yearly difference between estimated mean TFP in winning
and losing counties.

Figure 1 graphs the estimated coefficients from table 4. The top panel
separately plots mean TFP in winning and losing counties (cols. 1 and
2 of table 4). The bottom panel plots the differences in the estimated
winner and loser coefficients (col. 3 of table 4).

The figure has three important features. First, in the years before the
MDP opening, TFP trends among incumbent plants were very similar
in winning and losing counties. Indeed, a statistical test fails to reject
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Greenstone, Hornbeck and Moretti (2010)570 journal of political economy

TABLE 6
Changes in Incumbent Plant Output and Inputs Following an MDP Opening

Output
(1)

Worker
Hours

(2)

Machinery
Capital

(3)

Building
Capital

(4)
Materials

(5)

Model 1: mean shift .1200*** .0789** .0401 .1327* .0911***
(.0354) (.0357) (.0348) (.0691) (.0302)

Model 2: after 5 years .0826* .0562 �.0089 �.0077 .0509
(.0478) (.0469) (.0300) (.0375) (.0541)

Note.—The table reports results from fitting versions of eq. (8) for each of the indicated outcome variables (in logs).
See the text for more details. Standard errors clustered at the county level are reported in parentheses.

* Significant at the 10 percent level.
** Significant at the 5 percent level.
*** Significant at the 1 percent level.

whether the MDP is owned by a foreign company, and whether it is an
auto company. When these multiple measures were included jointly,
none were significantly related to the estimated effect of the MDP’s
opening.26

Ultimately, TFP is a residual, and residual labeling must be done
cautiously. As an alternative way to examine the MDP impact, we estimate
directly the changes in incumbent plant output (unadjusted for inputs)
and inputs following an MDP opening. Contrasting changes in outputs
and inputs can shed light on whether productivity increased without
imposing the structural assumptions of the production function. Put
another way, are the incumbents producing more with less after the
MDP opening? Factor input decisions also reflect firms’ optimization
decisions and do not share many of the same potential biases as changes
in technology (e.g., output price effects).

Table 6 reports estimated changes in incumbent plant output and
inputs following an MDP opening. These estimates are from the model
1 and model 2 versions of equation (8) but exclude the inputs as co-
variates. For model 1, output increases by 12 percent (col. 1) and inputs
increase by 4–13 percent (cols. 2–5). For model 2, output increases by
8 percent and inputs increase less. Across all specifications, it is striking
that the change in all of the inputs is roughly equal to or less than the
increase in output. Overall, it appears that incumbent plants produced
more with less after the MDP opening, which is consistent with the TFP

26 Separate regressions of the case-specific effects on the MDP’s total output or the
MDP’s total labor force generated statistically significant negative coefficients. This result
is consistent with the possibility that when the MDP is very large, incumbents are left to
hire labor and other inputs that are inferior in unobserved ways. However, we failed to
find any significant differences when separately testing whether the productivity effect
varied by the ratio of the MDP’s output to countywide manufacturing output, whether
the MDP is owned by a foreign company, or whether the MDP is an auto company.
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Greenstone, Hornbeck and Moretti (2010)572 journal of political economy

TABLE 7
Changes in Incumbent Plant Productivity Following an MDP Opening for

Incumbent Plants in the MDP’s Two-Digit Industry and All Other Industries

All Industries
(1)

MDP’s Two-
Digit Industry

(2)

All Other
Two-Digit
Industries

(3)

A. Model 1

Mean shift .0477** .1700** .0326
(.0231) (.0743) (.0253)

[$170 m] [$102 m] [$104 m]
2R .9860 .9861

Observations 28,732 28,732

B. Model 2

Effect after 5 years .1203** .3289 .0889*
(.0517) (.2684) (.0504)

[$429 m] [$197 m] [$283 m]
Level change .0290 .2814*** .0004

(.0210) (.0895) (.0171)
Trend break .0152* .0079 .0147*

(.0079) (.0344) (.0081)
Pre-trend �.0044 �.0174 �.0026

(.0044) (.0265) (.0036)
2R .9861 .9862

Observations 28,732 28,732

Note.—The table reports results from fitting versions of eq. (8). As a basis for comparison, col. 1 reports estimates
from the baseline specification for incumbent plants in all industries (baseline estimates for incumbent plants in all
industries, col. 4 of table 5). Columns 2 and 3 report estimates from a single regression, which fully interacts the
winner/loser and pre/post variables with indicators for whether the incumbent plant is in the same two-digit industry
as the MDP or a different industry. Reported in parentheses are standard errors clustered at the county level. The
numbers in brackets are the value (2006 U.S. dollars) from the estimated increase in productivity: the percentage
increase is multiplied by the total value of output for the affected incumbent plants in the winning counties.

* Significant at the 10 percent level.
** Significant at the 5 percent level.
*** Significant at the 1 percent level.

brackets convert the estimated percentage changes into millions of 2006
dollars.

The estimated changes are substantially larger in the MDP’s own two-
digit industry. For example, the estimated increase in TFP for plants in
the same two-digit industry is a statistically significant 17 percent in
model 1 and a poorly determined 33 percent at in model 2. Int p 5
contrast, estimates for plants in other industries are a statistically insig-
nificant 3.3 percent in model 1 and a marginally significant 8.9 percent
in model 2.

Figures 3 and 4 graph annual changes in TFP, providing two-digit
MDP industry and other industry analogues to figure 1. The two-digit
MDP industry estimates are noisy because of the small sample size, which
was also evident in the statistical results. Importantly, there is not any
evidence of differential trends in the years before the MDP’s opening,
and statistical tests confirm this visual impression. As in figure 1, the
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Greenstone, Hornbeck and Moretti (2010)576 journal of political economy

TABLE 8
Changes in Incumbent Plant Productivity Following an MDP Opening, by

Measures of Economic Distance between the MDP’s Industry and Incumbent
Plant’s Industry

(1) (2) (3) (4) (5) (6) (7)

CPS worker
transitions .0701*** .0374

(.0237) (.0260)
Citation pattern .0545*** .0256

(.0192) (.0208)
Technology

input .0320* .0501
(.0173) (.0421)

Technology
output .0596*** .0004

(.0216) (.0434)
Manufacturing

input .0060 �.0473
(.0123) (.0289)

Manufacturing
output .0150 �.0145

(.0196) (.0230)
2R .9852 .9852 .9851 .9852 .9851 .9852 .9853

Observations 23,397 23,397 23,397 23,397 23,397 23,397 23,397

Note.—The table reports results from fitting versions of eq. (9), which is modified from eq. (8). Building on the
model 1 specification in col. 4 of table 5, each column adds interaction terms between winner/loser and pre/post
status with the indicated measures of how an incumbent plant’s industry is linked to its associated MDP’s industry (a
continuous version of results in table 7). These industry linkage measures are defined and described in table 2, and
here the measures are normalized to have a mean of zero and a standard deviation of one. The sample of plants is
that in col. 4 of table 5, but it is restricted to plants that have industry linkage data for each measure. For assigning
this linkage measure, the incumbent plant’s industry is held fixed at its industry the year prior to the MDP opening.
Whenever a plant is a winner or loser more than once, it receives an additive dummy variable and interaction term
for each occurrence. Reported in parentheses are standard errors clustered at the county level.

* Significant at the 10 percent level.
** Significant at the 5 percent level.
*** Significant at the 1 percent level.

mechanism by which these ideas are shared is unclear, although both
the flow of workers across firms and the mythical exchange of ideas
over beers between workers from different firms are possibilities. No-
tably, there is more variation in these measures within two-digit indus-
tries than in the CPS labor transitions measure.

Columns 5 and 6 provide little support for the flow of goods and
services in determining the magnitude of spillovers. Thus, the data fail
to support the types of stories in which an auto manufacturer encourages
(or even forces) its suppliers to adopt more efficient production tech-
niques. Recall that all plants owned by the MDP’s firm are dropped
from the analysis, so this finding does not rule out this channel within
firms. The finding on the importance of labor and technology flows is
consistent with the results in Dumais, Ellison, and Glaeser (2002) and
Ellison et al. (forthcoming), whereas the finding on input and output
flows stands in contrast with these papers’ findings.

In the column 7 specification, we include all the measures of eco-

Donaldson, MIT 14.582, Spring 2026, Lectures 14-15: Economic Geography and Urban Economics (Empirics) 9 / 44



Implications for agglomeration externalities
‚ Clearly the functional form we started with (Af “ gf ptLuipf qq) is too

high-dimensional for realistic empirical work
‚ A highly simplified and parameterized version that is very popular is the isoelastic

form (where Lipf q denotes the total population of location ipf q):

ln Af “ κf ` α ln Lipf q

‚ Here, the agglomeration elasticity α is the object of much interest

‚ If we interpret GHM’s effects as working this way then could deduce:
‚ By 5 years, local manuf. plants (0.27 share of local L) see TFP rise by 14%
‚ Greenstone and Moretti (2004) use the same natural experiment and find (at 5 years)

a 5% increase (though not very precisely estimated) in county-wide employment
‚ So even if TFP effect is confined to non-MDP manuf. plants, could expect

α « p0.27qp0.14q{p0.05q “ 0.76

‚ But not at all obvious this is the right functional form gf p¨q to have in mind
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Nice follow-on work by Giroud et al (2022)

‚ Giroud et al (2022) revisit the GHM (2010) findings and document three
interesting findings:

1. Re-do baseline GHM estimation on sample of plants that are active in at least one
year before and after the MDP opening (GHM required being open for 8
consecutive years prior) and find smaller (but still very non-trivial) estimates

2. Estimate spillovers at different distances from the MDP (rather than “in county”)

3. Estimate spillovers onto other plants owned by MDP county firms (regardless of
location of those plants)
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Giroud et al (2022): Findings #1 and #2LOCAL PRODUCTIVITY SPILLOVERS 1595

TABLE II

LOCAL PRODUCTIVITY SPILLOVER.

TFP

(1)
Unweighted

(2)
Distance

(3)

MDP 0.040 0.038
(0.016) (0.014)

MDP × (<50 miles) 0.043
(0.015)

MDP × (50 to 100 miles) 0.027
(0.014)

MDP × (100 to 250 miles) 0.011
(0.010)

Plant FE Yes Yes Yes
Industry × year FE Yes Yes Yes
Case FE Yes Yes Yes

R-squared 0.88 0.82 0.86
Observations 157,000 157,000 2,209,000

Note: The dependent variable is TFP at the plant level. MDP is an indicator for the winner county that is 1 from the year of the
MDP opening onward. In column (3), (<50 miles), (50 to 100 miles), and (100 to 250 miles) are indicators for whether a plant lies
within 50 miles, between 50 and 100 miles, and between 100 and 250 miles, respectively, of the MDP. Only the main coefficients of
interest are shown. Except for column (2), observations are weighted by plant-level employment. Standard errors are double clustered
at the county and year level. The sample period is from 1977 to 1998.

The case and plant fixed effects capture time-invariant heterogeneity across cases and
plants, respectively. Importantly, the case fixed effects ensure that the impact of the MDP
opening on incumbent plants is identified from comparisons within a given winner-loser
pair. The industry × year fixed effects capture time-varying shocks at the industry level.
Industries are defined at the 3-digit SIC code level. The main coefficient of interest is β2,
which captures the mean change in productivity at plants in the winner county relative to
plants in the runner-up counties.

Table II presents the results. In this and all other tables, we only report the main coeffi-
cient(s) of interest and write “MDP” in lieu of Winneri × Postct for brevity. As column (1)
shows, the MDP opening raises the productivity of incumbent plants in the winner county
by 4% relative to plants in the runner-up counties.9 In all our regressions, we weigh ob-
servations by plant-level employment from five years before the MDP opening or, if not
available, from the earliest available pre-treatment year. As column (2) shows, the re-
sult is similar if we do not weigh by employment. Finally, in column (3), we examine if
the local productivity spillover decays with distance to the MDP. To this end, we identify
all plants within a 250-mile radius around the MDP. We create three dummy variables,
(< 50 miles)k, (50 to 100 miles)k, and (100 to 250 miles)k, indicating whether a plant lies
within 50 miles, between 50 and 100 miles, or between 100 and 250 miles of the MDP,
and interact these dummy variables with both terms in equation (1). As is shown, the lo-

9This estimate lies within the range of TFP estimates in GHM (1.46% to 6.13%), albeit it is slightly lower
than their baseline estimate (4.77%). While we require plants to be present before and after the MDP opening,
GHM required plants to be continuously present in the eight years before the MDP opening. This excludes
many smaller plants in the ASM, which are randomly sampled every five years. Table A.I of Supplemental
Appendix A (Giroud, Lenzu, Maingi, and Mueller (2024)) replicates GHM’s baseline result using their speci-
fication and sample selection procedure.

‚ Analog of column
(1) specification in
GHM was 0.048

‚ Column (3) suggests
that the spillovers
decay spatially. But
is this evidence for
“weak” spatial
spillovers?
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Giroud et al (2022): Finding #3

1596 GIROUD, LENZU, MAINGI, AND MUELLER

cal spillover decays rapidly with distance. It is strong within 50 miles of the MDP, much
weaker within 100 miles, and insignificant beyond. Hence, productivity spillovers between
(plants of different) firms are highly localized, consistent with the empirical literature on
agglomeration economies.

2.3. Global Productivity Spillover

We next consider the global productivity spillover on (indirectly) treated plants out-
side the winner county that belong to parent firms with plants in the winner county. We
estimate the same difference-in-differences specification as before, except that Winneri
is now an indicator for whether the plant’s parent firm has a plant in the winner county
before and after the MDP opening, and a “case” includes all treated plants as well as all
plants in the corresponding control group.10

Table III presents the results. In column (1), the choice of control group is motivated by
the local spillover analysis. To account for firm-level exposure to unobserved shocks that
may affect both winner and runner-up counties, the control group consists of all plants
outside the runner-up counties that belong to parent firms with plants in the runner-up
counties (“runner-up firms”). As in the local spillover analysis, this specification includes

TABLE III

GLOBAL PRODUCTIVITY SPILLOVER.

TFP

(1) (2) (3)

MDP 0.018 0.020 0.018
(0.007) (0.008) (0.008)

Plant FE Yes Yes Yes
Industry × year FE Yes - -
Industry × county × year FE - Yes Yes
Case FE Yes - Yes

Control group Plants of runner-up firms Plants of MC firms in
same county

Plants of runner-up firms
in same county

R-squared 0.87 0.86 0.88
Observations 1,407,000 1,046,000 423,000

Note: The dependent variable is TFP at the plant level. MDP is an indicator for whether the plant’s parent firm has a plant in
the winner county before and after the MDP opening. The indicator is 1 from the year of the MDP opening onward. In column (1),
the control group consists of all plants of runner-up firms. In column (2), the control group consists of all plants of MC firms in the
same county as the treated plant. In column (3), the control group consists of all plants of runner-up firms in the same county as the
treated plant. In all three columns, the sample is restricted to MC plants outside the winner and runner-up counties. Only the main
coefficients of interest are shown. Observations are weighted by plant-level employment. Standard errors are double clustered at the
county and year level. The sample period is from 1977 to 1998.

10For expositional clarity, we estimate the local and global spillover effects in separate regressions; they
are based on (almost completely) non-overlapping samples and employ different identification strategies. In
principle, they could be jointly estimated in a pooled regression framework, where all variables and fixed
effects are interacted with “local” and “global” indicators to preserve the different identification strategies.
(Only 0.65% of observations in the pooled sample are in both the local and global spillover sample.) Note
that the global spillover regression already fully controls for the local spillover effect by including county ×
industry × year fixed effects. In the local spillover regression, a small number of observations (0.57%) are also
in the global spillover sample, meaning they could be affected by MDP openings in other counties (i.e., from
other MDP cases). Removing these overlapping observations has no effect on our estimates.

‚ Note similar results
across various
control groups

‚ Even though these
estimates are about
half as big as those
in Table 2, the
typical MDP county
firm has 6.3 plants in
other counties
(conditional on
having at least one
plant in another
county). So this
effect is big.
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Giroud et al (2022): Finding #3

1598 GIROUD, LENZU, MAINGI, AND MUELLER

FIGURE 1.—Treatment effect dynamics. This figure shows the coefficient estimates from columns (2) and
(4) in Table A.II of Supplemental Appendix A along with 95% confidence intervals. The estimates are obtained
using the imputation estimator of Borusyak, Jaravel, and Spiess (2023). The base year is τ = −5.

2.4. Treatment Effect Dynamics

Figure 1 shows the dynamics of the treatment effect for both the local and global
spillover.13 There are three takeaways. First, there are no significant differences in pre-
trends, providing support for the parallel trends assumption. Second, if the productivity
gains propagate through firms’ plant-level networks, then the global spillover should set
in around the same time as—or at least not before—the local spillover. As is shown, both
spillovers become significant one year after the MDP opening. Finally, both spillovers
remain large until the end, suggesting the productivity gains are not transitory.

2.5. Employment and Wages

Table IV studies the impact of the MDP opening on employment and wages. As is
shown, employment and wages at plants in the winner county grow by 3.5% and 3.7%,
respectively, which is roughly in line with the productivity gains. Likewise, employment at
treated plants outside the winner county grows by 1.6%, which is again in line with the
productivity gains. By contrast, wages at treated plants only increase by a small amount.
This is not surprising. Only a small fraction of the plants in distant counties are treated,

13The estimates are obtained using the imputation estimator of Borusyak, Jaravel, and Spiess (2023, BJS).
Table A.II of Supplemental Appendix A shows the BJS estimates side by side with the corresponding OLS
estimates.
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Further comments on GHM (2010)

‚ Policy implications (more on this sort of thing in Lecture #23):
‚ Was it worth it for a typical county to (use subsidies to) attract an MDP?
‚ Greenstone and Moretti (2004) use the same natural experiment as in GHM

(2010)—but not the Giroud et al (2022) extension—to estimate the effect on total
county land values. It’s positive (and pretty big).

‚ To the extent that all factors other than land are fully mobile, this should capitalize
all of the local net benefits of the MDP.

‚ (But could also include fiscal revenues from non-local taxes.)

‚ Subsequent findings:
‚ Monte et al (AER, 2018): use the MDP shock to estimate a commuting elasticity

parameter (propensity to commute to a given workplace location if the wage there
rises) that we will see in future lectures (on within-city settings)
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Kline and Moretti (QJE, 2014)

‚ A different identification strategy for estimating agglomeration externalities: the
1933-onwards Tennessee Valley Authority

‚ Enormous “place-based policy” (again, more in Lecture #23)
‚ Perhaps one of the best examples of a “big push” policy ever tried
‚ Famous episode in post-Depression (New Deal, etc.) history

‚ KM (2014) uses this policy (partially) to generate quasi-experimental variation in
local size, and hence to estimate agglomeration externalities. But, importantly,
they also:

‚ Estimate the direct effect of the TVA, which is of substantial independent interest
‚ Ask whether the estimated agglomeration externalities take the form that is required

for TVA to have an additional impact on national welfare through the fact that it
promoted agglomeration.
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What exactly was the TVA?

‚ A big (see Fig 1), ongoing (see Fig 2) place-based policy

‚ Key components:
‚ Lots of public investment in infrastructure—hydroelectric dams, 650-mile navigation

canal (1939-45), extensive road network (mostly done by 1950s), new schools,
flood-control systems

‚ Electricity sold inside TVA at reduced rates

‚ Which counties were selected into TVA?
‚ See Table 1
‚ Also potential additional “valley authorities” discussed in Congress in 1940s/1950s

but never authorized. KM (2014) construct map of these regions (see Fig A2) based
on their reading of the written proposals. Treat this as a placebo.
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TVA region

FIGURE I

The TVA Service Area (as of 2010)
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FIGURE II

Federal Transfers to TVA by Year (2000 Dollars)

Federal transfers defined as net federal outlays plus property transfers minus repayments (see Online Appendix for sources).
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Estimates of agglomeration externalities
‚ KM introduce a simple model of spatial equilibrium (a la Rosen-Roback; Roback,

1982; see Glaeser-Gottlieb, 2009 survey covered in recitation). Ingredients:

‚ Production function Y M
it “ AM

it pKM
it qαpF M

i qβpLM
it q1´α´β for manufacturing in each

US county i and decade t, where capital K and labor L are assumed to be freely
mobile and fixed factor Fi is not.

‚ Output of this good is freely traded globally. But locations offer exogenous amenities
ūit so labor mobility implies ūitwit is equalized across all i within each t.

‚ TFP given by:

ln AM
it “ g

ˆ

LM
it´1
Ri

˙

` δtDi ` ηi ` γt ` εit

where gp¨q is the agglomeration function (assumed to be a function of lagged
manufacturing employment LM density; Ri is area of county), and Di is TVA
treatment dummy

‚ So TVA has direct effects (that vary over time, δt) and potentially also indirect
effects via agglomeration (i.e. via attracted LM

it´1 and g 1p¨q ą 0).
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More structural estimation details
‚ Letting ∆εit “ λXi ` νit for pre-determined controls Xi , can write short-run labor

demand function as (with “tilde” denoting original variables divided by β):

ln LM
it ´ ln LM

it´1 “ ´
1 ´ α

β
pln wit ´ ln wit´1q ` prδt ´ rδt´1qDi

`
1
β

«

g
˜

LM
it´1
Ri

¸

´ g
˜

LM
it´2
Ri

¸ff

` rλXi

` rγt ´ rγt´1 ` rνit

‚ In practice:
‚ Estimate on sample of all US counties and four decadal changes, 1960-2000
‚ Assume Di conditionally exogenous (established fairly convincingly, e.g. using

neighbors to TVA counties or placebo VAs, in earlier reduced-form part of paper)
‚ Proxy gpxq with three-knot spline in lnpxq

‚ IV for each spline term k with lagged instrument: Z pkq

it ” gk

´

LM
it´2
Ri

¯

´ gk

´

LM
it´3
Ri

¯

‚ Calibrate (SR) LD elasticity ´ 1´α
β from labor literature (Hammermesh 1993

chapter, values: 1-1.5). And use labor share β “ 0.47.
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KM (2014): Estimates of 1
β gp¨q

of TVA were roughly constant over the sample interval
(1960–2000).

Table VII examines this finding more closely by recomputing
the direct effects over three distinct horizons.29 We consider both
the specification where g(.) is piecewise linear and where it is

TABLE VI

STRUCTURAL ESTIMATES OF AGGLOMERATION FUNCTION (LOG BASIS)

(1) (2) (3) (4) (5) (6)
OLS OLS OLS 2SLS 2SLS 2SLS

Change in log manufacturing density spline components:

Low

0.173 0.147 0.146 0.443 0.400 0.396
(0.037) (0.037) (0.037) (0.102) (0.108) (0.107)

[177.17] [159.14] [157.20]

Medium

0.221 0.227 0.226 0.456 0.440 0.438
(0.045) (0.044) (0.045) (0.124) (0.123) (0.124)

[106.74] [109.55] [110.13]

High

0.143 0.012 0.141 0.466 0.467 0.453
(0.051) (0.050) (0.050) (0.150) (0.150) (0.151)

[206.66] [204.69] [200.36]

Log manufacturing wages �1.5 �1.5 �1.5 �1.5 �1.5 �1.5

TVA
0.007 0.012 0.008 �0.003 0.002 �0.002

(0.014) (0.014) (0.014) (0.012) (0.013) (0.012)

Regional trends no no yes no no yes
1940 manufacturing density no yes yes no yes yes
Decade effects yes yes yes yes yes yes
Controls for 1920 and 1930

characteristics yes yes yes yes yes yes
p-value equal slopes 0.2483 0.1298 0.1038 0.9545 0.6695 0.7171
p-value slopes equal 0 0.0000 0.0000 0.0000 0.0002 0.0007 0.0016
N 6,057 6,057 6,057 5,935 5,935 5,935

Notes. Dependent variable is change in log county manufacturing employment. Manufacturing dens-
ity is manufacturing employment per square mile. Standard errors clustered by state in parentheses.
Angrist-Pischke cluster robust first stage F-statistic in brackets. All estimates weighted by 1950 county
population. ‘‘Low’’ refers to spline component corresponding to log density below 60th percentile of 1980
distribution, ‘‘Medium’’ to log density between 60th and 85th percentile of 1980 distribution, and ‘‘High’’ to
log density above 85th percentile of 1980 distribution. Spline coefficients give the elasticity of labor
demand with respect to lagged manufacturing density over the relevant range. The instruments are
changes in the spline components of log manufacturing density lagged by two decades.

29. The estimates in the table were computed via a regression of residuals of the

form Qit � ln Lit � ln Lit�2 �
b
1
� g1

Lit�1
Ri

� �
� g1

Lit�3
Ri

� �h i
�
b
2
� g2

Lit�1
Ri

� �
� g2

Lit�3
Ri

� �h i
�
b
3
�

g3
Lit�1
Ri

� �
� g3

Lit�3
Ri

� �h i
þ 1:5 ln wit � ln wit�2ð Þ on baseline covariates and a TVA

dummy. Hats denote estimated coefficient values, which come from column (4) of
Table V in the ‘‘Spline in levels’’ specification and column (4) of Table VI in the
‘‘Spline in logs’’ specification.
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‚ So implied function gp¨q is pretty
log-linear: vindication for canonical
isoelastic form ln Ai “ κ ` α ln Li

‚ Implied (col 4, medium estimate)
value of α « β ˆ 0.456 “ 0.214

‚ Fact that gp¨q is isoelastic implies that
marginal product of labor equalized
everywhere (in KM’s model) so no
misallocation, despite externalities

‚ So if direct TVA effect Di is same
everywhere then wouldn’t matter
where it was put—and no sense of a
“Big Push” after all

‚ (But more on this in Lectures
#21-23)
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Peters (2022)

‚ Examines the post-WWII forced resettlement to West Germany of ethnic Germans
living in Eastern Europe

‚ Happened mostly from 1945-48. By 1950, 8 million were resettled (20% of W.
German pop.)

‚ “One of largest forced population movements in world history”
‚ Argues that allocation of refugees to W. German counties was as-good-as-random:

driven by housing availability as assessed by UK/US governments, refugees were told
where to go (and held there by mobility restrictions)

‚ Did this raise Y {L in areas of West Germany that saw inflows of refugees?
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Peters (2022): The Setting

MARKET SIZE AND SPATIAL GROWTH 2361

TABLE I

THE GERMAN POPULATION IN EASTERN EUROPE IN 1939.

Eastern Territories Czechoslovakia Hungary Romania Poland Others Total

9.6 m 3.5 m 0.6 m 0.8 m 1 m 1.4 m 16.9 m

Note: The table shows the ethnic German population in different regions in Eastern Europe in 1939. The category “Others”
comprises Danzig, the Baltic States, and Yugoslavia. Source: Office, Germany Federal Statistical (1953, p. 3).

The geography of the German Reich in 1939 is shown in Figure 1. In the west, shown
in a light shade, is the area that becomes West Germany in 1949. In the far east, shown
in medium dark, are the Eastern Territories that encompassed the regions of East Prussia
and Silesia and are part of today’s Poland and Russia. In the southeast, shown in dark, is
the Sudetenland. Finally, the light shaded area in the middle becomes the Soviet Occu-
pied Zone (in 1945) and then the German Democratic Republic (in 1949).

In terms of their economic structure, West Germany and the areas in the east differed
substantially, primarily because the east had a comparative advantage in agriculture due
to the abundance of land. In 1939, West Germany had an agricultural employment share
of 27% and more than 40% of the local population worked in manufacturing. In the east,
the agricultural sector was the dominant source of employment and comprised more than
37% of the workforce.

The Expulsions and the Potsdam Conference in 1945

The Second World War brought an abrupt end to the presence of ethnic Germans in
Eastern Europe. Between 1944 and 1950, the entire German population either fled or
was expelled in the aftermath of the war. This population transfer, during which roughly
12 million ethnic Germans were forced to leave their domiciles, is one of the largest in
world history.

FIGURE 1.—The German Reich in 1939. Note: The figure shows the German Reich in the boundaries of
1939. The light-gray shaded part in the west is the area of to-be West Germany. The medium-gray shaded
parts in the east are the Eastern Territories of the German Reich. The dark shaded area in the southeast is the
Sudetenland. The white shaded part is the area of the Soviet Occupied Zone. The intra-regional spatial units
are counties.
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Peters (2022): Sources of pop. changes in W. Germany

MARKET SIZE AND SPATIAL GROWTH 2363

TABLE III

THE POPULATION OF WEST GERMANY: 1939–1950.

Population Losses 1939–1950 Population Gains 1939–1950

Population
1939

Military
Losses

Civilian
Losses

Non-military
Deaths Others Refugees

Inflows
from SOZ Births

Population
1950

39.3 m 2 m 0.4 m 5.2 m 0.5 m 7.9 m 1.5 m 7 m 47.6 m

Note: The table reports aggregate population trends in West Germany between 1939 and 1950. “Inflows from SOZ” are individuals
who fled the Soviet Occupied Zone. Source: Edding (1951, p. 2).

The Initial Settlement in West Germany

Upon their arrival in West Germany, the refugees were not free to settle where they
wanted to; rather, their assignment was organized and implemented by the military gov-
ernments of the US and the UK, which received the inflowing refugee treks arriving from
Eastern Europe by train or foot and allocated them across counties in West Germany.
In addition, labor mobility was severely restricted in the immediate post-war period until
the late 1940s, and armed forces were deployed to prevent internal migration. William
H. Draper, Director of the Economic Division of the Office of the Military Government
of the US (OMGUS), observed that “Germany has been virtually cut into four Zones of
Occupation—with the Zone borders not merely military lines, but almost air-tight eco-
nomic boundaries” (Office of the Military Government for Germany (1945, p. 10)).

One consequence of these policies was that the settlement of refugees was strikingly
unbalanced. According to the German historian Gerhard Reichling, “There is no aspect
where the Federal Republic of Germany shows a similar degree of heterogeneity as in
the absorption and distribution of expellees” (Reichling (1958, p. 17)). This heterogene-
ity is depicted in the left panel of Figure 2, which shows the histogram of the local share
of refugees across counties. In the aggregate, refugees amounted to roughly 18% of the
population. However, this statistic hides substantial spatial heterogeneity: some counties
received few refugees and other counties received so many that their population almost
doubled. In addition, and consistent with the above-mentioned restrictions to labor mo-
bility, the initial allocation was highly persistent. As seen in the right panel of Figure 2,
the correlations between the share of refugees in 1950 and those of 1955 and 1961 are
striking.5

TABLE IV

CHARACTERISTICS OF REFUGEES AND NATIVES.

Male
Share

Age Distribution Educational Attainment

<15 20–65 65+ Elem. School High School Vocational School College

Natives 46.5 20.4 68.5 11�1 66.8 26.3 4.9 1.9
Refugees 46.9 21.9 68.5 9�7 67.4 25.6 4.9 2.1

Note: The first panels report the share of males and the age distribution in 1958. The last panel reports the distribution of educa-
tional attainment of the cohort born before 1920 as observed in the 1970 census. These individuals were at least 25 years old in 1945
and hence completed their educational attainment prior to the expulsion. Source: Besser (2007).

5For a subset of counties, I also observe the share of refugees in 1946. This share is also strongly correlated
with the share in 1950. A bivariate regression yields a coefficient of 0.91 with an R2 of 0.952.
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Peters (2022): Regional variation within West Germany2364 MICHAEL PETERS

FIGURE 2.—The Heterogeneity and Persistence of Refugee Inflows. Note: The left panel shows the distribu-
tion of the share of refugees in 1950 across counties. The right panel shows the correlation between the share
of refugees in 1950 and 1955 (blue) and 1961 (orange) as binned scatter plots for 100 percentiles of the refugee
share in 1950.

To appreciate the unequal initial spatial distribution, remember that an orderly settle-
ment was an almost impossible task in war-torn Germany. A particular concern was the
availability of housing amid the rising population and a sharply diminished housing stock,
which was heavily destroyed during the Allied bombing campaign.6 Werner Nellner, one
of the leading post-war economic historians, described the situation as follows: “In the
midst of the chaotic post-war circumstances arrived the refugee transports. The entirely
confusing political and economic situation paired with the abruptness of this pouring-in
simply did not allow a sensible distribution of the expellees into areas where they could
find work. The ultimate goal was to find shelter for those displaced persons” (Nellner
(1959, p. 73)).

This uncoordinated settlement was already considered a challenge by contemporaries.
As early as 1946, P.M. Raup, Acting Chief of the Food and Agricultural Division of OM-
GUS, complained that “both the planning and the execution of the support measures
for German expellees was conducted entirely under welfare perspectives. The people in
charge at the Military Government are social service officials. . . . Entire communities are
moved so that the population of some counties is increased by 25–30% and the agency in
charge was founded to support the elderly, disabled people and the poor. . . . The whole
problem has not been handled as one of settlements of entire communities but as an
emergency problem supporting the poor” (Grosser and Schraut (2001, p. 85)).

These descriptions of the refugee settlement are also visible in the data. In Table V, I
report the results of a set of bivariate regressions of the share of refugees in 1950 on dif-
ferent pre-war county characteristics and state fixed effects and report the coefficients on
the respective characteristics. In column 1, I show that the share of refugees is negatively
correlated with the population-weighted distance to the expulsion region (the “expulsion
distance” EDc), which I calculate as

EDc = ln
(∑
r∈ER

dcr × pop1939
r

)
� (1)

6About 23% of the aggregate housing stock was damaged. Moreover, there is considerable heterogeneity
and a large share of urban counties saw more than 70% of their housing stock damaged during the war (see
Section SM-2.1 in the Supplemental Material).
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Peters (2022): Characteristics of refugees

MARKET SIZE AND SPATIAL GROWTH 2363

TABLE III

THE POPULATION OF WEST GERMANY: 1939–1950.

Population Losses 1939–1950 Population Gains 1939–1950

Population
1939

Military
Losses

Civilian
Losses

Non-military
Deaths Others Refugees

Inflows
from SOZ Births

Population
1950

39.3 m 2 m 0.4 m 5.2 m 0.5 m 7.9 m 1.5 m 7 m 47.6 m

Note: The table reports aggregate population trends in West Germany between 1939 and 1950. “Inflows from SOZ” are individuals
who fled the Soviet Occupied Zone. Source: Edding (1951, p. 2).

The Initial Settlement in West Germany

Upon their arrival in West Germany, the refugees were not free to settle where they
wanted to; rather, their assignment was organized and implemented by the military gov-
ernments of the US and the UK, which received the inflowing refugee treks arriving from
Eastern Europe by train or foot and allocated them across counties in West Germany.
In addition, labor mobility was severely restricted in the immediate post-war period until
the late 1940s, and armed forces were deployed to prevent internal migration. William
H. Draper, Director of the Economic Division of the Office of the Military Government
of the US (OMGUS), observed that “Germany has been virtually cut into four Zones of
Occupation—with the Zone borders not merely military lines, but almost air-tight eco-
nomic boundaries” (Office of the Military Government for Germany (1945, p. 10)).

One consequence of these policies was that the settlement of refugees was strikingly
unbalanced. According to the German historian Gerhard Reichling, “There is no aspect
where the Federal Republic of Germany shows a similar degree of heterogeneity as in
the absorption and distribution of expellees” (Reichling (1958, p. 17)). This heterogene-
ity is depicted in the left panel of Figure 2, which shows the histogram of the local share
of refugees across counties. In the aggregate, refugees amounted to roughly 18% of the
population. However, this statistic hides substantial spatial heterogeneity: some counties
received few refugees and other counties received so many that their population almost
doubled. In addition, and consistent with the above-mentioned restrictions to labor mo-
bility, the initial allocation was highly persistent. As seen in the right panel of Figure 2,
the correlations between the share of refugees in 1950 and those of 1955 and 1961 are
striking.5

TABLE IV

CHARACTERISTICS OF REFUGEES AND NATIVES.

Male
Share

Age Distribution Educational Attainment

<15 20–65 65+ Elem. School High School Vocational School College

Natives 46.5 20.4 68.5 11�1 66.8 26.3 4.9 1.9
Refugees 46.9 21.9 68.5 9�7 67.4 25.6 4.9 2.1

Note: The first panels report the share of males and the age distribution in 1958. The last panel reports the distribution of educa-
tional attainment of the cohort born before 1920 as observed in the 1970 census. These individuals were at least 25 years old in 1945
and hence completed their educational attainment prior to the expulsion. Source: Besser (2007).

5For a subset of counties, I also observe the share of refugees in 1946. This share is also strongly correlated
with the share in 1950. A bivariate regression yields a coefficient of 0.91 with an R2 of 0.952.
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Peters (2022): Effects on Y {L and LMARKET SIZE AND SPATIAL GROWTH 2387

FIGURE 4.—Model Fit: the Dynamic Effects on Income and Population Growth. Note: The figures report
the coefficient β of the regression yrt = βtμr1950 +x′

rtγ+urt for different time horizons and for income growth
(left panel) and population growth (right panel) as dependent variables. The vector xrt controls for state fixed
effects, population density in 1939, war-time destruction, log income per capital (population) in 1939, and the
distance to the inner German border (see columns 2 or 6 of Table VI). For both the model and the data, I also
report 95% confidence intervals.

series data and also points toward models of semi-endogenous growth (Jones (1995),
Bloom, Jones, Van Reenen, and Webb (2020)).34

To match the persistence of the refugee settlement, the model implies a moving haz-
ard of ψ = 0�07. The remaining parameters are also in line with existing estimates. The
migration elasticity ε ≈ 2�12 is consistent with Allen and Donaldson (2020) and Monte,
Redding, and Rossi-Hansberg (2018), which report estimates between 2 and 4, and the
distance elasticity of migration cost κ = −1�1 is in the ballpark of the findings of Allen
and Donaldson (2020) and Bryan and Morten (2019), with estimates between −0�7 and
−2.

Persistence and Path Dependence. As highlighted by Allen and Donaldson (2020), pop-
ulation shocks can have persistent effects if they endogenously lead to higher productivity.
Environments particularly prone to such effects feature strong degrees of agglomeration
and small spatial dispersion forces. In the context of my model, persistence thus requires
λ, ϑ, and σ to be large and β, ψ, and 1/ε to be small.

As I show in detail in Section SM-2.4 in the Supplemental Material, the estimated pa-
rameters reported in Table XI put the model in a range in which such persistence occurs.
More specifically, for any history of shocks, the model converges to a steady state, but this
steady state depends on initial conditions. The main data moment that pushes toward a
parameterization with persistent effects is the large long-run elasticity between refugee
inflows and population size. The historical policy of settling refugees in rural locations
might therefore have affected the long-run path of industrialization in rural labor mar-
kets, a topic I will come back to in Section 5.5.

34Note, however, that this cross-sectional evidence is not necessarily conclusive. If ideas were to diffuse
across space, the cross-sectional evidence could underestimate the aggregate scale elasticity. Alternatively, the
cross-sectional elasticity could be an overestimate if local population shocks led to a spatial reallocation of
firms rather than new firm creation. Both of these channels are mute in my theoretical framework.

ñ implied “α” is « p0.6 to 0.2q{p1.2 to 1.1q “ 0.17 to 0.55
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Complementary evidence from “mover designs”

‚ The research designs we have studied so far have involved changing the attributes
of a “place” and then observing the impact on economic outcomes

‚ An alternative is to track how individual-level outcomes (e.g. wages) change as
individuals change their place

‚ This is the strategy pursued in several recent papers
‚ Glaeser and Mare (JoLE, 2001)
‚ Combes, Duranton and Gobillon (JUE, 2018)
‚ de la Roca and Puga (REStud, 2017)
‚ Card, Rothstein and Yi (2021)

‚ We will focus on the last two (which extend ideas in the earlier studies)
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de la Roca and Puga (2017): Nominal wages are higher (on
average) in big cities

(Also replicated many times in many countries; see recitation for Glaeser and Gottlieb’s
(JEL 2009) treatment for US cities.)

[17:45 2/12/2016 rdw031.tex] RESTUD: The Review of Economic Studies Page: 107 106–142
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Figure 1

Mean earnings and city size

Higher costs of living may explain why workers do not flock to bigger cities, but that does not
change the fact that firms must obtain some productive advantage to offset paying higher wages in
bigger cities. Otherwise, firms in tradable sectors would relocate to smaller localities with lower
wages. Of course, not all firms are in tradable sectors, but as Moretti (2011) notes, “as long as there
are some firms producing traded goods in every city and workers can move between the tradable
and non-tradable sector, average productivity has to be higher in cities where nominal wages are
higher” (p. 1249). In fact, Combes et al. (2010) find that establishment-level productivity and
wages exhibit a similar elasticity with respect to city size.2

Looking at workers’ earnings instead of at firms’ productivity is worthwhile because it can
be informative about the nature of the productive advantages that bigger cities provide. There
are three broad reasons why firms may be willing to pay more to workers in bigger cities.
First, there may be some static advantages associated with bigger cities that are enjoyed while
working there and lost upon moving away. These static agglomeration economies have received
the most attention (see Duranton and Puga, 2004, for a review of possible mechanisms and
Rosenthal and Strange, 2004; Puga, 2010, and Holmes, 2010, for summaries of the evidence).
Secondly, workers who are inherently more productive may choose to locate in bigger cities.
Evidence on such sorting is mixed, but some recent accounts (e.g. Combes et al., 2008) suggest
it may be as important in magnitude as static agglomeration economies. Thirdly, a key advantage

2. It is worth stressing that it is nominal wages that one ought to study to capture the productive advantages of
cities, since they reflect how much more firms are willing to pay in bigger cities to comparable, or even the same, workers.
Having higher nominal wages offsetting higher productivity in bigger cities (keeping firms indifferent across locations) is
compatible with having no substantial differences in real earnings as higher housing prices tend to offset higher nominal
earnings (keeping workers indifferent across locations). See Glaeser (2008) for further elaboration on this point and a
thorough treatment of the spatial equilibrium approach to studying cities.
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Mover designs
‚ The basic idea (following the influential analog for estimating firm-specific effects

on individual-level wages, in Abowd, Kramarz and Margolis (ECMA, 1999)) is to
estimate

ln wict “ αc ` µi ` βxit ` εict
‚ Where

‚ wict is the nominal wage of individual i who works in city c at time t
‚ αc is a city-level fixed effect
‚ µi is an individual-level fixed effect
‚ xit is a vector of time-varying observed components of worker “skill” (age,

experience, perhaps education if we can observe it, etc.)

‚ If our goal is to identify αc (e.g. to then project these on city sizes), which
individuals contribute to its identification? (See Kline, 2026, Handbook of Labor
Economics chapter.)

‚ Under what assumptions could we hope to obtain consistent (for fixed C , but
large N and/or T ) estimates of αc? (Ditto.)
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de la Roca and Puga (2017): “Event Study” figure

[17:45 2/12/2016 rdw031.tex] RESTUD: The Review of Economic Studies Page: 130 106–142
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Figure 6

Non-parametric pre- and post-migration earnings profile relative to median-sized city

earnings premium for the migrant relative to the stayer follows a similar profile to our benchmark
parametric specifications.

Another potential issue when interpreting our results arises from the importance of migrants
for our estimation. We have already noted that both migrants and stayers contribute to estimating
the values of experience acquired in different cities. However, it is worthwhile checking whether
these values differ between movers and stayers. Furthermore, it could be the case that workers tend
to move across cities only when they face a job opportunity that offers a particularly promising
earnings path at their new destination or when earnings in their current location have followed a
particularly disappointing path. If this type of self-selection into migration is important, migrants
from small to big cities will typically see a steep earnings increase after they move to the big city,
and will tend to bias the estimated big city premium upwards. Migrants from big to small cities
will typically see a relatively flat earnings path prior to leaving the big city, and will tend to bias
the estimated big city premium downwards. Note that even if such opposing biases arise, they
may tend to cancel out since migration flows across cities of different sizes are approximately
balanced in our data. Nevertheless, we would like to assess whether differences like these are
important. To this end, we augment our specification of column (1) of Table 2 to let the values
of experience acquired in different cities vary between stayers, migrants who move into the five
biggest cities and migrants who move out of the five biggest cities. More specifically, we interact
the experience acquired in the top two cities and in cities ranked third to fifth (as well as their
interactions with overall experience) with indicator variables of migrants in both directions.32

Migrants exhibit higher returns to overall experience, which translate into steeper earnings profiles
relative to stayers regardless of their final destination. And yet, what matters for our estimates of

32. Again, we drop migrants who move more than once in the estimation period.
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de la Roca and Puga (2017): Controlling for individual-level
heterogeneity
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TABLE 1
Estimation of the static city size earnings premium

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

Log City indicator Log City indicator
Dependent variable earnings coefficients earnings coefficients

column (1) column (3)

Log city size 0.0455 0.0241
(0.0080)∗∗∗ (0.0058)∗∗∗

City indicators Yes Yes
Worker fixed effects No Yes

Experience 0.0319 0.1072
(0.0005)∗∗∗ (0.0018)∗∗∗

Experience2 −0.0006 −0.0014
(0.0000)∗∗∗ (0.0000)∗∗∗

Firm tenure 0.0147 0.0042
(0.0006)∗∗∗ (0.0004)∗∗∗

Firm tenure2 −0.0005 −0.0003
(0.0000)∗∗∗ (0.0000)∗∗∗

Very-high-skilled occupation 0.7752 0.2350
(0.0062)∗∗∗ (0.0057)∗∗∗

High-skilled occupation 0.4976 0.1758
(0.0046)∗∗∗ (0.0040)∗∗∗

Medium-high-skilled occupation 0.2261 0.0873
(0.0031)∗∗∗ (0.0029)∗∗∗

Medium-low-skilled occupation 0.0542 0.0152
(0.0021)∗∗∗ (0.0019)∗∗∗

University education 0.2014
(0.0037)∗∗∗

Secondary education 0.1084
(0.0022)∗∗∗

Observations 6,263,446 76 6,263,446 76
R2 0.4927 0.2406 0.1144 0.1422

Notes: All specifications include a constant term. Columns (1) and (3) include month–year indicators, two-digit sector
indicators, and contract-type indicators. Coefficients are reported with robust standard errors in parenthesis, which are
clustered by worker in columns (1) and (3). ∗∗∗, ∗∗, and ∗ indicate significance at the 1, 5, and 10% levels. The R2 reported
in column (3) is within workers. Worker values of experience and tenure are calculated on the basis of actual days worked
and expressed in years.

Column (1) in Table 1 shows the results of such estimation. As we would expect, log
earnings are concave in overall experience and tenure in the firm and increase monotonically
with occupational skills.12 Having tertiary education and working under a full-time and permanent
contract are also associated with higher earnings.

Figure 2 plots the city fixed effects estimated in column (1) against log city size. We find notable
geographic differences in earnings even for observationally equivalent workers. For instance, a
worker in Madrid earns 18% more than a worker with the same observable characteristics in
Utrera—the smallest city in our sample. The largest earning differential of 34% is found between
workers in Barcelona and Lugo. Column (2) in Table 1 regresses the city fixed effects estimated
in column (1) on our measure of log city size. This yields an elasticity of the earnings premium
with respect to city size of 0.0455. This pooled OLS estimate of the elasticity of the earnings
premium with respect to city size reflects that doubling city size is associated with an approximate

12. Employers assign workers into one of ten social security occupation categories, which we have regrouped into
five skill groups. These categories are meant to capture the skills required by the job and not necessarily those acquired
by the worker.
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Extending the mover design

‚ de la Roca and Puga (2017) actually focus most on a dynamic specification:

ln wict “ αc ` µi `
ÿ

j
δjceijt ` βxit ` εict (1)

‚ Where
‚ eijt is the number of years that individual i has spent working in city j up to date t
‚ δjc is a city pair-specific return-to-experience parameter (how much wages when

working in c are affected by prior experience in any city j

‚ Why do this?
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de la Roca and Puga (2017): “Learning by working in big cities”
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Figure 3

Earnings profiles relative to median-sized city
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de la Roca and Puga (2017)

[17:45 2/12/2016 rdw031.tex] RESTUD: The Review of Economic Studies Page: 120 106–142
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TABLE 2
Estimation of the dynamic and static city size earnings premia

(1) (2) (3)

Log Initial Medium-term
Dependent variable earnings premium premium

(city indicator (initial +
coefficients 7.7 years local
column (1)) experience)

Log city size 0.0223 0.0510
(0.0058)∗∗∗ (0.0109)∗∗∗

City indicators Yes
Worker fixed effects Yes

Experience first to second biggest cities 0.0309
(0.0029)∗∗∗

Experience first to second biggest cities × experience −0.0008
(0.0001)∗∗∗

Experience third to fifth biggest cities 0.0155
(0.0045)∗∗∗

Experience third to fifth biggest cities × experience −0.0006
(0.0002)∗∗

Experience 0.0912
(0.0019)∗∗∗

Experience2 −0.0011
(0.0000)∗∗∗

Experience first to second biggest × now in −0.0014
five biggest (0.0028)

Experience first to second biggest × experience 0.0000
× now in five biggest (0.0001)

Experience third to fifth biggest −0.0025
× now in five biggest (0.0043)

Experience third to fifth biggest × experience 0.0003
× now in five biggest (0.0002)

Experience outside five biggest × 0.0064
now in five biggest (0.0024)∗∗∗

Experience outside five biggest × experience −0.0002
× now in five biggest (0.0001)∗

Firm tenure 0.0044
(0.0004)∗∗∗

Firm tenure2 −0.0003
(0.0000)∗∗∗

Very-high-skilled occupation 0.2298
(0.0056)∗∗∗

High-skilled occupation 0.1745
(0.0040)∗∗∗

Medium-high-skilled occupation 0.0879
(0.0029)∗∗∗

Medium-low-skilled occupation 0.0166
(0.0019)∗∗∗

Observations 6,263,446 76 76
R2 0.1165 0.1282 0.3732

Notes: All regressions include a constant term. Column (1) includes month–year indicators, two-digit sector indicators,
and contract-type indicators. Coefficients are reported with robust standard errors in parenthesis, which are clustered by
worker in column (1). ∗∗∗, ∗∗, and ∗ indicate significance at the 1, 5, and 10% levels. The R2 reported in column (1) is
within workers. Worker values of experience and tenure are calculated on the basis of actual days worked and expressed
in years. City medium-term premium calculated for workers’ average experience in one city (7.72 years).

to fifth raises earnings by 1.5% relative to having worked that same year in a city below the top
five. We have also tried finer groupings of cities by size (not reported), but found no significant
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(So the 50% drop we saw earlier wasn’t due to sorting, but due to omitting the
city-specific experience effects.)
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de la Roca and Puga (2017): Surprisingly little sorting (once you
adjust for city-specific learning slopes)

[17:45 2/12/2016 rdw031.tex] RESTUD: The Review of Economic Studies Page: 136 106–142
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Figure 8

Comparisons of worker fixed-effects distributions across cities

ability (as measured by their fixed effects), after controlling for our five broad occupational skill
categories, is very similar in big and small cities.

Other recent papers also compare measures of workers’ ability that are not directly observed
across cities of different sizes, and find relevant differences. In particular, Combes et al. (2012b)
study worker fixed effects from wage regressions for France. The key difference with respect to our
comparison in panel (a) of Figure 8 is that their worker fixed effects come from a specification that
does not allow the value of experience to differ across cities of different sizes nor for heterogeneous
effects. To facilitate the comparison between our results and theirs, we now move towards their
specification in two steps.

Panel (b) of Figure 8 repeats the plot of panel (a), but now constrains the dynamic benefits
of bigger cities to be homogenous across workers (worker fixed effects in this panel come from
Table 2, column (1)). While the distributions of worker fixed effects in the five biggest cities
and the corresponding distribution in smaller cities have approximately the same mean, the
distribution in bigger cities exhibits a higher variance. This is the result of forcing experience
acquired in bigger cities to be equally valuable for everyone, so the ability of workers at the top
of the distribution appears larger than it is (this estimation mixes the extra value that big city
experience has for them with their innate ability), while the ability of workers at the bottom of
the distribution appears smaller than it is. Hence, by ignoring the heterogeneity of the dynamic
benefits of bigger cities we can get the erroneous impression that there is greater dispersion of
innate ability in bigger cities.
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de la Roca and Puga (2017): Do workers learn (from big cities) at
heterogeneous rates?

[17:45 2/12/2016 rdw031.tex] RESTUD: The Review of Economic Studies Page: 135 106–142
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Figure 7

Earnings profiles relative to median-sized city, high- and low-ability worker

TABLE 5
Comparison of occupational groups across cities of different sizes

Occupational groups (%)

Very-high- High- Medium-high Medium-low Low-
skilled skilled skilled skilled skilled

First to second biggest cities 10.9 13.8 24.2 41.7 9.4
Third to fifth biggest cities 6.3 10.9 21.0 48.2 13.8
Other cities 3.5 7.9 18.4 54.0 16.1

Notes: Employers assign workers into one of ten social security categories which we regroup into five occupational skill
categories. Shares are averages of monthly observations in the sample.

sorting based on observable worker characteristics. Big cities have more engineers, economists,
and lawyers than small cities. However, is it also the case that big cities attract the best within
each of these observable categories? To answer this question, we now compare across cities of
different sizes the distribution of workers’ ability as measured by their estimated fixed effects
from our earnings regressions.

Panel (a) in Figure 8 plots the distribution of worker fixed effects in the five biggest cities
(solid line) and in cities below the top five (dashed line) based on our full earnings specification
with heterogeneous dynamic and static benefits of bigger cities (Table 4, column (1)), which also
controls for occupational skills. Since many workers move across cities, we must take a snapshot
on a specific date in order to assign workers to cities. We assign the fixed effect of each individual
(estimated using their entire history) to the city where he was working in May 2007. We can see
that both distributions look alike (we do a formal comparison below that confirms how close they
are). This suggests that there is little sorting on unobservables: the distribution of workers’ innate

 by guest on January 12, 2017
http://restud.oxfordjournals.org/

D
ow

nloaded from
 

Donaldson, MIT 14.582, Spring 2026, Lectures 14-15: Economic Geography and Urban Economics (Empirics) 37 / 44



US evidence from Card, Rothstein and Yi (AEJ Applied, 2025)
‚ CRY use US employer-employee matched data (LEHD) from 2010-18 (quarterly)

to estimate extended versions of de la Roca and Puga (2017)’s model
‚ One main point they make is that an alternative model that may be of interest is

the original AKM (firm-based) model (with f pi , tq the worker’s firm):

ln wict “ αf pi ,tq ` µi ` βxit ` εit

‚ In this model, our earlier model of equation (1), with αc instead of αf pi ,tq, is
misspecified. In particular, if you define the city wage premium as

Ψc ”

ř

cpf q“c Nf αf
ř

cpf q“c Nf

then αc will not be an unbiased estimator of Ψc unless people move to/from
randomly chosen firms within each city

‚ Instead, CRY document a “local ladder” effect: people moving from low-wage city
to a high-wage city tend to be moving from a relatively good (within the origin
city) firm to a relatively bad (within the destination) city.
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Card et al (2021): “Event Studies” figure
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Card et al (2021): Test of AKM-like functional form
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Card et al (2021): Test for symmetry of AKM-like functional form
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More on Card et al (2021)
‚ CRY extend the de la Roca and Puga (2017) model to model the “city” (c)

effect, αc , to actually be a city-times-industry effect, αck

‚ They then use cross-industry-and-city movers to test (and find numerous pieces of
evidence consistent with) a model

αck “ αc ` αk ` ϵck

where ϵck is as good as random

‚ In other words: NYC pays more than NOLA, not because it has more workers in
finance (an industry with a relatively high wage nationally), but because workers
in all of its industries (not just finance) are on average paid more than they are in
the same industry in NOLA

‚ However, relative to de la Roca and Puga (2017), CRY do not estimate
city-specific learning functions

‚ So not clear whether these are rejected by the event study figures in CRY (i.e.
learning by working in big cities more important in Spain than in US) or just not
studied in CRYDonaldson, MIT 14.582, Spring 2026, Lectures 14-15: Economic Geography and Urban Economics (Empirics) 42 / 44



Other Literature

‚ Firm-level heterogeneity across cities:
‚ Combes, Duranton and Gobillon (ECMA, 2012)
‚ Gaubert (AER, 2017)

‚ Consumption-side externalities:
‚ Diamond (AER, 2016)
‚ Handbury and Weinstein (REStud, 2015)
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Ideas for Further Research
‚ Still need more/better natural experiments for estimating agglomeration functions
‚ Endogenous amenities/social spillovers have received much less attention than

endogenous productivity
‚ Extensions of agglomeration functions that need more exploration:

‚ More tests of the functional form beyond KM
‚ Industry-specific functions
‚ Factor-specific functions (E.g. skill-biased agglomeration effects? See Baum-Snow,

Pavan and Freedman, 2018)
‚ Different spatial scales

‚ Comparing micro- (e.g. worker-level) and macro- approaches (see Combes and
Gobillon, 2015 survey)

‚ Is (all of) what we’re identifying really an externality?
‚ Which mechanisms are more important for driving agglomeration externalities?
‚ Dynamics of agglomeration functions (e.g. Allen and Donaldson, 2019)
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