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Abstract

We document the emergence of spatial polarization in the U.S. during the 1980-

2008 period. This phenomenon is characterised by stronger employment polarization in

larger cities, both at the occupational and the worker level. We quantitatively evaluate

the role of technology in generating these patterns by constructing and calibrating

a spatial equilibrium model. We find that faster skill-biased technological change in

larger cities can account for a substantial fraction of spatial polarization in the U.S.

Counterfactual exercises suggest that the differential increase in the share of low-skilled

workers across city size is due mainly to the large demand by high-skilled workers for

low-skilled services and to a smaller extent to the higher complementarity between low-

and high-skilled workers in production relative to middle-skilled workers.
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1 Introduction

The polarization of the U.S. labour market in the last forty years has been extensively

documented (Acemoglu and Autor, 2011). This empirical observation refers to the contem-

poraneous increase of the hours employment shares of occupations pertaining to the bottom

and the top of the occupational skill distribution, with a consequent decline of shares in the

middle. The empirical work is accompanied by a large literature investigating the theoreti-

cal causes of the phenomenon. The workhorse theory focuses on the fact that occupations

in the middle of the skill distribution are those which mostly involve routinary tasks, and

for this reason they are more exposed to substitutability with new forms of capital that

can be programmed to perform those tasks (Autor and Dorn, 2013). Recent work, instead,

suggests that skill-biased technological change (SBTC) played a key role in the emergence

of employment polarization through consumption spillovers (Cerina et al., 2021b): it in-

creased the opportunity cost of working at home of high-skilled individuals, who reacted by

increasing participation in the labour market, reducing home production time, and demand-

ing more services in the market that represent goods substitutes for home production. As

these services are typically produced by low-skilled workers, this process generates aggregate

employment polarization. By their nature, consumption spillovers have a local dimension,

so that in locations in which the impact of SBTC has been stronger - typically larger cities

(Baum-Snow et al., 2018) - stronger employment polarization should be observed. In this

paper we study the emergence of spatial employment polarization in the U.S. and investigate

to what extent the spatial heterogeneity of SBTC contributed to generate this phenomenon.

We first document that during the 1980-2008 period the observed increase of employment

shares of high-skilled and low-skilled occupations relative to middle-skilled ones (i.e. aggre-

gate occupational polarization) has been stronger in larger cities. In addition, we provide

evidence that this difference, as well as aggregate employment polarization, is largely ac-

counted for by a change in the extensive margin (i.e. number of workers) rather than in the

intensive margin (i.e. hours worked by each worker). This is consistent with the idea that

over time larger cities attracted not only a larger fraction of high-skilled workers (Glaeser

and Resseger, 2010, Diamond, 2016), but also a larger fraction of low-skilled workers relative

to medium-skilled ones.

Next, we investigate whether consumption spillovers have empirical relevance at the spa-

tial level. To do this, we split the economy into two sectors: one producing services that

can be considered good substitutes for home produced activities (the substitutable services

sector), and one encompassing the remaining goods and services (the rest of the economy).

We find that the aggregate increase of employment shares at the top of the skill distribu-
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tion is exclusively driven by the rest of the economy. At the spatial level, the change is

more pronounced in larger cities, which experience a faster growth of employment shares at

the top. Instead, the aggregate increase of employment shares at the bottom of the skill

distribution is driven by both sectors, although the sector producing substitutable services

accounts for a larger fraction of the increase. At the spatial level, the increase at the left tail

is more pronounced in larger cities for both sectors. This evidence suggests that consumption

spillovers have empirical relevance at the local level, as cities with a larger growth of em-

ployment shares at the top of the distribution also experience a faster growth of employment

shares at the bottom because of the substitutable services sector. However, the evidence

also suggests that spatial employment polarization could be potentially generated without

the sector producing substitutable services.

To investigate whether the differential evolution of SBTC across space displays quanti-

tative relevance in generating spatial employment polarization, we construct a spatial equi-

librium model with workers belonging to one of three skill levels (low, middle and high), a

home/market labour time decision and a multi-sector environment in which agents consume,

in addition to housing and a tradable good, services produced at home and services produced

in the market, which are imperfect substitutes. Market services are assumed to be locally

produced, non-tradable across locations and intensive in low-skilled labour.

Motivated by the evidence discussed above, we consider two mechanisms through which

SBTC at the local level can potentially foster the emergence of local employment opportuni-

ties for low-skilled individuals. The first is that of consumption spillovers, as in Cerina et al.

(2021b). The second is that of extreme-skill complementarity in production, as in Eeckhout

et al. (2014). This second mechanism implies that the productivity of workers at one end

of the skill distribution is enhanced by workers at the other end of it (i.e. the productivity

of high-skilled workers is enhanced by low-skilled workers and vice-versa). In this view, for

instance, the opening of a new investment bank, a law office or a hi-tech ICT company would

generate new demand for security, janitors, reception services, etc. This mechanism allows

the model to potentially account for the increase of employment shares at the bottom of the

skill distribution which are generated regardless of the existence of consumption spillovers.

Given the above mechanisms, faster SBTC in larger cities, as suggested by the data,

implies that a a larger fraction of both high- and low skilled workers is attracted to those

cities with respect to smaller ones. In addition, we allow for two other types of technological

change in the model: total factor productivity (TFP) growth in both the tradable and the

non-tradable sector. As in Eeckhout et al. (2014), TFP growth differentials across cities in

the tradable sector can also interact with extreme-skill complementarity and thus potentially

generate a larger increase in the share of high- and low-skilled workers in the city with larger
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TFP growth.

For the quantitative exercise, we consider a version of the model with two locations and

two equilibria, representing the years 1980 and 2008. We calibrate the model to match the

observed differences in the change of the employment shares of the three types of workers

between large and small cities during the 1980-2008 period. The calibration accounts well for

the targets and shows that to match them, both SBTC and TFP growth must be stronger

in the larger city. This result suggests that both types of technological change are relevant

for the model to produce spatial employment polarization. We then run a series of coun-

terfactuals to assess the role of the different types of technological change in generating this

phenomenon. To do this, we impose that the two cities differ only with respect to one type

of technological change at a time. By only allowing for differences in SBTC, the residual

difference in the change in the share of the three types of workers between the two cities with

respect to the benchmark calibration is 32% for the low-skilled, 67% for the middle-skilled

and 80% for the high-skilled. By only allowing for differences in the TFP growth of tradables

in the two cities, instead, the corresponding figures are roughly equal across skills and less

than 20% for each of the three types of workers. This suggests that the SBTC channel is

quantitatively more relevant than the TFP one to explain spatial employment polarization.

To disentangle the roles of consumption spillovers and extreme-skill complementarity in

association with each kind of technological change, we perform the same counterfactuals de-

scribed above but now removing extreme-skill complementarity in the production function

of the tradable sector between high and low-skilled workers. In this case, allowing only for

spatial differences in TFP growth in tradables does not generate any difference in the skill

distributions, confirming that the extreme-skill complementarity is needed for the TFP chan-

nel to generate spatial polarization. By contrast, allowing only for city-specific SBTC, the

residual spatial difference in the change in the share of the three types of workers amounts

to 28% for the low-skilled, 80% for the middle skilled and 102% for the high-skilled relative

to the benchmark with no extreme-skill complementarity. These results suggest that con-

sumption spillovers have a sizeable role in explaining the faster growth in the employment

shares of low-skilled workers in large cities generated by faster SBTC therein, accounting for

more than 85% of the total change.

Quantifying the relative importance of the two mechanisms that in our model connect

the upper and the lower part of the skill distribution is also relevant for policy reasons. For

instance, if local policy makers in large cities are interested in improving the welfare of low-

wage workers, they might subsidise these agents in those locations. However, different ways

through which the subsidy is financed can affect the spatial allocation of workers differently,

depending on their interaction with consumption spillovers and extreme-skill complementar-
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ity. We use the calibrated model to implement different tax schemes that give in equilibrium

an equivalent government revenue that is used to finance the subsidy, and study how they

affect spatial polarization. We consider first a tax on wages of high-skilled workers and then a

tax on consumption of non-tradables of high-skilled workers. The two policies have a similar

impact on high-skilled workers, who are less attracted to large cities. However, they have

an opposite impact on the spatial sorting of low-skilled workers. Large cities become more

attractive for them with respect to the benchmark case when the subsidy is financed through

the wage tax. Instead, when the subsidy is financed through the consumption tax, large cities

lose attractiveness for low-skilled workers, such that the spatial difference in the change of

their employment shares between large and small cities becomes negative. The intuition for

such opposite effects relies on how the different policies affect the main quantitative mecha-

nism generating spatial polarization, that of consumption spillovers. The consumption tax

has a direct effect on the price of services, which is sufficient to neutralise the role of con-

sumption spillovers in large cities. Thus, in this context, the subsidy is not enough for large

cities to increase (or even retain) attractiveness for low-skilled workers, and the policy has

the unintended effect of reducing welfare of the low-skilled and so their employment share

in large cities. Instead, consumption spillovers are only mitigated by the wage tax, as the

reduction of purchasing power of high-skilled workers affects all goods and services in their

consumption bundle. As a result, the subsidy increases the attractiveness of large cities for

low-skilled workers.

Finally, we use the model to show that the spatial polarization of the occupational skill

distribution emerges together with the spatial polarization of the workers skill distribution.

While related, the two phenomena do not necessarily imply each other. For instance, we

could observe spatial employment polarization in occupations without concurrently observ-

ing spatial polarization in individual skills if, for example, a high- and a low-skilled vacancy

(where the skill is identified by the mean wage of those occupations) are opened in a large

city and filled by two middle-skilled workers (where the skill is identified by the worker’s in-

dividual characteristics) who abandon their middle-skilled occupations. We use the theory to

construct a model-based measure of skill to document that faster growth in the employment

shares of high- and low-paid occupations in large cities is associated with a relatively stronger

attraction for respectively high- and low-skilled workers in those locations. Crucially, we also

document that the process of spatial workers’ polarization starts emerging after 1980, as be-

fore that year small and large cities display a remarkably similar skill distribution. These

results reinforce the view that spatial employment polarization is associated with a change

in the spatial sorting of heterogenously skilled workers.

The reminder of the paper is organised as follows. In Section 2 we discuss the background
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literature and in Section 3 we present the evidence on employment polarization by city size;

in Section 4 we set out the model while in Section 5 we present the calibration and the

quantitative exercises; in Section 6 we discuss the evidence on the spatial polarization of the

individual skill distribution. Finally Section 7 concludes.

2 Related Work

From an empirical perspective, the geography of employment polarization in the U.S. is

studied in Autor (2019), who finds that the employment share of middle-skilled occupations

shrink faster in denser areas. Our empirical results differ along two dimensions. First, we

provide an analysis of employment polarization by city size based on a more disaggregated

definition of occupations. This confirms that the disappearance of middle-skilled and the rise

of high-skilled occupations are more pronounced in areas with a larger population.1 Second,

the classification of low-skilled occupations in this paper is driven by the theory. Thus, our

low-skilled jobs only include service occupations while Autor (2019) also considers in this

category transport, labourers and construction workers, which are included in middle-skilled

occupations in our classification.2

The spatial dimension of labour market polarization in the U.S. is empirically investi-

gated also in the state-level analysis of Lindley and Machin (2014). They find that between

1980 and 2010 employment polarization has been stronger in states where there was more

education sorting and where both college premium and housing/amenities prices increased

faster. Such high-polarization states also experienced bigger increases in the numbers of

eating and drinking places, apparel stores, and hair and beauty salons. This observation,

coupled with the finding in Moretti (2013), who reports that house prices are higher and

have risen faster in cities where wage inequality has risen by more, is in line with our idea

that large cities are becoming increasingly polarised due to a rising concentration of more

educated workers who demand more services which are supplied by low-skilled labour.

On the theoretical side, Autor and Dorn (2013) argue that the canonical model of skill-

1The running variable in Autor (2019) is urban density in 1970 while for us it is urban population in
1980. Moreover, his location units are 722 commuting zones in the US., while our analysis is based on 218
metropolitan areas, which are on average significantly larger than the typical Commuting Zone.

2Autor (2019) argues that the decline in middle-skilled occupations in urban areas is driven by the fact that
in large cities non-college workers move from increasingly disappearing clerical/administrative/manufacturing
occupations to rising low-skilled service occupations. Finding direct evidence for this hypothesis requires rich
longitudinal data keeping track of the job history of workers’ cohorts and represents an intriguing future
research agenda. Our model abstracts from occupational choice as we use occupation groups as invariant
proxies for skills. For this reason, the faster increase in low-skilled occupations in large cities are more
naturally interpreted as sorting of workers with innate low skills into large cities rather than a degrading of
non-college workers into low-skilled occupations.
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biased technological change cannot account for the U-shaped pattern of changes of em-

ployment shares along the U.S. occupational skill distribution, because of the absence of a

theoretical distinction between skills and tasks. They present a spatial equilibrium model in

which the declining price of computer capital induces firms to substitute low-skill workers

performing middle paid routinary occupations with capital, a process typically referred to as

routinization. Their key assumption in the spatial equilibrium is that local labour markets

have different degrees of specialisation in routine-intensive industries. In this paper, instead,

we build on the results in Cerina et al. (2021b), who show that a model of skill-biased tech-

nological change, augmented with home production and a market sector producing services

substitutable to it, can account for aggregate employment polarization in the U.S. through

consumption spillovers. They show that aggregate employment polarization in the U.S. is

largely generated by rising SBTC after 1980, which fostered women’s participation, directly,

at the top and, indirectly, at the bottom of the skill distribution, due to a larger demand for

low-skilled services by skilled women. As low-skilled services are produced and consumed

locally, the mechanism has its main empirical relevance at the level of metropolitan areas.

Given the results in Baum-Snow et al. (2018), who find that the skill bias of agglomeration

economies magnifies the impact of skill-biased technical change in larger cities, the mecha-

nism of consumption spillovers should have generated stronger employment polarization in

larger cities.3 The idea of consumption spillovers is also supported by the results in Leonardi

(2015).4

By using a model-based measure of skill, Eeckhout et al. (2014) find that larger U.S.

cities in 2009 display fatter tails of the skill distribution and argue that extreme-skill com-

plementarities in production are the main driver of the spatial sorting of both high- and

low-skilled workers in more populated areas. The main differences between their work and

this paper span three areas. First, we consider the role of SBTC, which is a key type of

technological change over the period considered (1980-2008) and study its role in generating

consumption spillovers when coupled with a home sector that allows substitutability with

3Baum-Snow et al. (2018) find that skill-bias of agglomeration economies, by boosting the impact of skill-
biased technical change in larger cities, can account for most of the increase in urban inequality by city size
since 1980. Their analysis focuses on wage inequality (measured as the log of the college wage premium at
the CBSA level) while we study the impact of spatial differences in the pace of SBTC on spatial differences
in the occupation and skill structure, focusing on the connection between the top and the bottom tail of
the occupational skill distribution. The spatial effects of SBTC have also been studied by Giannone (2017)
who find that, had SBTC not taken place in 1980, the convergence process across U.S metropolitan areas
between 1940-80 would not have reverted but instead been only slightly mitigated.

4In Appendix B we also provide empirical evidence showing that, consistent with the theory in Cerina
et al. (2021b), the spatial differences in employment polarization across city size are mainly driven by women,
whose changes in employment shares of the three occupational groups (positive for the high- and low-skill
occupations and negative for the middle-skilled ones) are substantially more pronounced in larger cities.
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the non-tradable sector in the market. Second, we calibrate the model using U.S. data to

perform a quantitative analysis to assess i) the role of technology and ii) the contribution of

each of two channels, extreme-skill complementarity and consumption spillovers, in generat-

ing the emergence of fatter tails in larger cities over time. This exercise indicates that, while

faster TFP growth has a non negligible role in generating the emergence of fatter tails in

larger cities, the impact of skill-biased technological change is quantitatively more relevant.5

Third, we extend their result by showing that in 1980 large U.S. cities did not display fat

tails in the individual skill distribution relative to small ones.

Finally, two other recent papers study the changes of employment shares along the skill

distribution in a spatial dimension. Davis et al. (2019) build a model based on elements

of Autor and Dorn (2013) and Davis and Dingel (2019) which predicts, for larger cities, a

faster increase in employment shares for the high-skilled, a faster decrease in employment

shares for the middle skilled, and a slower increase in employment shares for the low-skilled

workers. They document that the evidence for France supports these theoretical predictions.

Parkhomenko (2021), instead, suggests that middle-income households are more likely than

low- and high-income households to move for housing-related reasons to more affordable

housing markets, i.e. small cities.

3 Employment Polarization and City Size

Employment polarization in the U.S., i.e. the relative disappearance of middle-skill occu-

pations in favour of both high- and low-skilled ones since the beginning of the 1980s, is a

well documented fact.6 Based on individual data from the 1980 U.S. Census and the 2008

5Appendix C in Eeckhout et al. (2014) also considers the role of home produced services in a model with
extreme-skill complementarity in production. In contrast to the results in this paper, their main conclusion
is that the expenditure share on non-tradables must be unlikely high in order for consumption spillovers to
generate fatter tails in larger cities. We note here that there are key differences between the two approaches,
that allow us to reach the opposite conclusion, that consumption spillovers can produce fatter tails in larger
cities with an empirically relevant expenditure share of non-tradables. First, we explicitly model home-
production and low-skilled market services as two distinct sectors, while they assume that services are
produced only at home and can be traded in the market. Thus, our approach allows us to control for the
value of the elasticity of substitution between home production and non-tradables, whose value turns out
to be key to assess quantitatively the role of consumption spillovers. Second, we discipline the quantitative
role of consumption spillovers in a calibration exercise which targets the observed differential emergence of
fat tails between large and small cities in the U.S. between 1980 and 2008, together with a number of other
moments, such as the change in wage premia and hours worked by different types of workers. Thus, our
calibration identifies the role of consumption spillovers by using both spatial and time patterns. In contrast,
Eeckhout et al. (2014) search for parameter values under which the observed difference in thick tails between
large and small cities in 2009 can be obtained through consumption spillovers, and discuss the empirical
plausibility of those values.

6Following the literature on employment polarization, the skill of an occupation is identified by the mean
wage of the occupation in the initial year (1980). See Acemoglu and Autor (2011).
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Table 1: Employment polarization in the U.S. in the period 1980-2008

Occupation Group Avg. hourly wage 1980 Emp. Share 1980 Change 1980-2008
Services 4.80 11.61% +3.12%

Admin, Tech, etc. 6.79 62.72% -11.66%
Prof. and Manag. 9.63 25.68% +8.54%

Note: Shares are computed according to the number of hours worked.

American Community Survey, we start our investigation by providing novel evidence showing

that employment polarization is more pronounced in larger cities, so that there is a spatial

dimension to this phenomenon.7 We adopt the same occupation classification used in Autor

and Dorn (2013) which harmonises U.S. Census codes overtime. Next, we divide occupa-

tions into three broad skill groups. Guided by the theory we present in Section 4, in which

a key role is attributed to market services representing good substitutes for home produced

services, the group of low-skill occupations is that of Services (1990 Census codes 405-472).

This group accounts for the increase of employment shares at the bottom of the occupational

skill distribution at the aggregate level in the U.S. between 1980 and 2008, as documented in

Autor and Dorn (2013). On the other spectrum of the occupational skill distribution, we de-

fine as high-skilled all Managerial and Professional Specialty Occupations (codes 004-199).

All remaining occupations are in the middle-skill group (codes 203-889 except 405-472).8

Table 1 reports the well known pattern for the U.S. economy. The employment shares of

occupations at the extremes of the distribution increase over time, while that of occupations

in the middle shrink.

To perform the analysis by city size we consider 218 metropolitan statistical areas which

we rank according to their population in 1980. Using this ranking, we define large and small

cities, by splitting the sample in three groups of cities with equal total population. We then

consider large cities as those in the top 33% and small cities those in the bottom 33%.9

We emphasise that, consistently with previous work (Autor, 2019 and Baum-Snow et al.,

2018) we fix the classification of city size in the initial year. This treatment of the data is

consistent with the theory we present in the next section, in which we assume that cities

that are initially large display different technological trajectories over time, and that these

exogenous technological processes generate spatial polarization.

The left panel of Figure 1 reports the change in occupational shares and the pattern of

7Data and sample description can be found in Appendix A.
8As in Autor and Dorn (2013) we exclude agriculture and military occupations.
9This implies that the number of large cities is smaller than the number of small cities. Specifically, there

are 10 large and 174 small cities (Miami with 2.6 millions people and Toledo with 791,000 being the marginal
cities). A detailed description of city size and grouping definitions is provided in Appendix A.
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employment polarization for large and small cities. Employment shares of low-skill occupa-

tions increase by 3.05 percentage points in small cities compared to 3.72 in large cities. For

middle-skill occupations the figures are -10.90 for small cities and -13.39 for large cities and

for high-skill occupations 7.85 in small cities versus 9.66 in large ones. In the right panel of

Figure 1 we report the difference in difference between the two groups (i.e. the difference

between the two groups of cities in the change of employment shares of each group of oc-

cupations) by also considering two additional splits of the sample: one in which we define

as large the highest ranked cities where 50% of the population is concentrated - small cities

being the remaining ones - and another in which large cities are the highest ranked ones

where 25% of the population is concentrated, while small cities consist of the group of the

lowest ranked cities where 25% of the population is concentrated.10 Differences in employ-

ment polarization between small and large cities increase monotonically with the difference

in city size. Thus, the results for broad occupation categories confirm the well documented

existence of employment polarization at the aggregate level, but suggest a spatial dimension

of the phenomenon, which is more pronounced in large cities than in small ones.
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Figure 1: Employment polarization by city size. The left panel compares metropolitan areas
belonging to the top vs bottom 33% grouping. The right panel reports the difference in the
change in employment shares across cities with different size for three groupings: top vs
bottom 50 %, top vs bottom 33 %, and top vs bottom 25%.

To provide further evidence on spatial employment polarization, we produce employment

polarization graphs for each group of cities (i.e. small and large) by using the same method-

ology as in Acemoglu and Autor (2011). This procedure does not require us to classify

occupations into pre-determined groups, and so it allows us to show that spatial employ-

ment polarization does not depend on the specific grouping of occupations that we employ

10Thus, within each categorisation, the groups of large and small cities are equally populated.
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in Figure 1. More precisely, we compute the average wage in 1980 of each occupation at the

three digit level according to the 1990 occupational classification used by Autor and Dorn

(2013). Then, we rank these occupations according to their average wage and construct

occupation percentiles. By keeping the same ranking in 2008 we construct employment po-

larization graphs by measuring the change in employment share of each 1980 percentile and

using a locally weighted smoothing regression. Results appear in Figure 2. As for the broad

occupation categories in Figure 1, employment polarization is more pronounced in larger

cities than in smaller ones.11

An important caveat here is that changes in employment shares include both the inten-

sive and the extensive margin of employment. Thus, changes of employment shares across

occupations can be due to either (a) workers who change their working time in the market

while performing the same occupation, (b) workers switching occupations (within cities or

across them) or (c) both channels. Measuring to what extent the two channels contribute to

spatial employment polarization provides information on the role of the sorting of workers

in producing the phenomenon. In Appendix B.1.1. we modify the graph in Figure 2 to

consider only the change in the number of workers along the skill distribution, rather than

the change in hours. Even with this alternative measure large cities appear more polarised

than small ones, suggesting that the observed spatial employment polarization is driven by a

larger increase in the proportion of individuals working in high- and low-skilled occupations

in large cities than in small ones.12 This, in turn, is consistent with the view that the higher

employment polarization in larger cities is associated with a spatial sorting of workers that

move across space, to fill the different portfolios of occupations offered in cities of different

size over time.13

11We report the results for the top vs bottom 33% grouping. Results for the top vs bottom 50% and top
vs bottom 25% groupings deliver similar results and confirm that differences in employment polarization
between small and large cities increase monotonically with the difference in city size. Results are available
upon request.

12This result holds also at the aggregate level, i.e. overall employment polarization is driven by the
extensive margin rather than the intensive one. Results are available upon request.

13In principle, occupational sorting can also be due to a change in the way workers sort across occupations
within cities, such that the spatial sorting of workers across cities does not change over time. However,
the increase in the spatial sorting of the high-skilled after 1980 is a well documented fact, as discussed in
Diamond (2016), which suggests a key role of this phenomenon in the emergence of spatial employment
polarization. We devote Section 6 to show that spatial employment polarization emerges together with a
change in the spatial allocation of both high- and low-skilled workers.
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Figure 2: Employment polarization by city size. Top vs bottom 33% grouping.

To rationalise the emergence of spatial employment polarization, in the next section we

present a theory that considers a specific partition of the production structure: the economy

is split in two sector, one producing non-tradable services which represent market substitutes

to home produced services, and one producing tradable goods and services (i.e. the rest of

the economy).14 In Figure 3 we document the spatial dimension of employment polarization

when partitioning the economy into these two sectors. The figure provides several insights

that support the existence of the two theoretical mechanisms proposed in this paper. First,

the increase of employment shares at the top of the skill distribution is driven by tradables,

and the change is more pronounced in large cities. The drop in middle-skilled occupations

is also driven by the tradable sector, and such drop is more pronounced in large cities.

Instead, both sectors contribute to the change of employment shares at the bottom. Also in

this case, the change is more pronounced in both sectors of large cities. When comparing

sectors, the largest contribution to changes in employment shares at the bottom comes

from the non-tradable sector, while this sector does not contribute at the top of the skill

distribution. Thus, Figure 3 indicates that at least two mechanisms are potentially at work in

generating spatial employment polarization. One is that of consumption spillovers (Cerina

et al., 2021b), driven by a strong increase in the demand for substitutable services from

agents increasing employment shares at the top of the occupational skill distribution. The

second can be linked to extreme-skill complementarity in the tradable sector (Eeckhout et al.,

2014), which induces an increase of employment shares at the top and at the bottom of the

skill distribution because of the higher complementarity in production of these two types of

14The list of sectors included in non-tradable services is the same as in Moro et al. (2017). See Appendix
A for details.
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occupations relative to middle-skilled ones. In Section 5 we use the theory to quantify the

role of the two mechanisms in generating spatial employment polarization.
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Figure 3: Employment polarization by city size and sectors. We compare metropolitan areas
belonging to the top vs bottom 33% grouping.

4 Theoretical Framework

In this section we develop a spatial theory of employment polarization that can account for

the data patterns reported in Section 3. Workers make a location decision based on their

skill level, the wage rate paid to their skill type in each location and the cost of living.

Cross-city differences in the cost of living arise as housing and non-tradable services have

different prices across locations. In equilibrium, the utility of two workers with the same skill

level but living in two different cities is equalised. The distributions of the different types of

workers across locations and time are determined by the state of technology that we allow to

vary in space and time due to total factor productivity growth and skill-biased technological

change. In a nutshell, the model builds on elements from the multi-sector environment with

a home production sector in Cerina et al. (2021b) and the spatial setting in Eeckhout et al.

(2014).

4.1 The Environment

The economy consists of K locations (cities) indexed by k ∈ (1, 2, ....K) . In each location

there is a fixed amount of housing Hk whose unit-price is location-specific and defined by pkH .

As in Eeckhout et al. (2014) the expenditure on housing is the flow value that compensates

for the depreciation and interest on capital. In a competitive rental market, the flow payment
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equals the rental price. To highlight the main mechanisms at work we restrict the number

of cities to K = 2 but the model can be generalised to any number of cities.

Both cities are populated by workers with heterogeneous skills indexed by i ∈ (1, 2....I)

and associated with this skill order is a level of productivity aik. We focus on the case of

three skills, i = h, m, l. At the economy wide level, there is a fixed amount of workers for

each skill N i. Following the literature on skill-biased technical change, we consider skills and

occupations as isomorphic, such that each type of worker performs the unique occupation

associated with her skill. The worker, however, can potentially perform such an occupation

in any city, although in the equilibrium she chooses a specific location in which to work and

consume.15

By nikj we define the number of workers of skill i working in sector j = g, s in location

k. Hence Sk =
∑

i n
ik =

∑
i

∑
j n

ik
j is the population size of city k. Workers of each

skill move towards the city where their utility is higher so that the size of city k is an

endogenous equilibrium outcome pinned down by the equalisation of utilities across cities for

the same skill. Total population of the economy is then exogenously given by S =
∑

k S
k =∑

k

∑
i n

ik =
∑

iN
i.

4.2 Production

On the production side there are two sectors: the tradable sector, which produces in all

cities goods that can be traded across locations; and the non-tradable sector which produces

market services that can only be consumed in the same location where they are produced.

Also, there exists a non-marketable service h which is produced within the household and

interpreted as home production, which we describe in Section 4.3 together with the demand

side.

4.2.1 The Tradable Sector

There is a price-taking firm in each location which employs three kinds of labour, h, m and

l. The production function of the firm in city k in the g sector is

Y k
g = AkgF

(
ehkg , e

mk
g , elkg

)
,

where eig is the amount of hours worked by workers of skill i. In equilibrium, this amount

of time is the product of an intensive margin - the individual labour supply 1− lik, and an

extensive margin - the number of workers employed by the firm, nikg . Since labour supply is

15In Section 6 we drop the three skills/occupation paradigm, and assume a large number of skills in the
economy. This allows us to construct detailed individual skill distributions.
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chosen by the individual worker who maximises utility, the equilibrium number of workers

of each skill employed by the firm is pinned-down by the relationship nikg = eikg /(1 − lik).

Akg is the location-specific TFP in the tradable sector. We follow Eeckhout et al. (2014) in

assuming that the production function has the following functional form:

Y k
g = Akg

[((
ahkehkg

)η
+
(
alelkg

)η)λ
+
(
amemkg

)η]
. (1)

We assume η < 1 so that there are decreasing returns to scale. We also assume that

the firm is owned by absentee capitalists, such that the profits of the firm do not enter the

budget constraint of the workers. The parameters am and al are economy wide productivities

of middle- and low-skilled workers, respectively. In the quantitative exercises in Section 5, we

allow both parameters Akg and ahk to change over time, potentially at a different pace across

cities. We interpret the time changes in ahk as skill-biased technological change (SBTC).16

Also, as in Eeckhout et al. (2014), we allow λ > 0 to be potentially different from one.

With λ > 1 there is extreme-skill complementarity and when λ < 1 there is extreme-skill

substitutability.

The firm in city k in the g sector solves the following problem

max{ehkg ,emkg ,elkg }π
k = Y k

g − whkehkg − wmkemkg − wlkelkg ,

where wik is the wage per unit of time worked by a worker of skill i in location k. Note

that, despite workers’ spatial mobility, wages are not equalised across cities because workers

decide their location according to their utility, which depends both on wages and on local

prices of housing and services.

16As described in note 4, Baum-Snow and Pavan (2013) find that agglomeration economies create a stronger
impact of economy level SBTC in larger cities with respect to smaller ones. Differential SBTC at the spatial
level in our model can be interpreted as a reduced-form version of the mechanism proposed and estimated
by Baum-Snow et al. (2018).
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First order conditions imply the following input demands:

elkg =

(
wlkg

Akgλη (φl)λ

) 1
ηλ−1

1 +

(
φl

φh

) 1
η−1

(
whkg
wlkg a

hk

) η
η−1

 1−λ
ηλ−1

, (2)

emkg =

(
wmkg

Akgη (am)η φm

) 1
η−1

, (3)

ehkg =

(
whkg
wlkg

φl

φh

) 1
η−1 (

ahk
) η

1−η elkg . (4)

Theorem 2 in Eeckhout et al. (2014) states that when λ > 1 and ηλ < 1, a city with a

larger Akg displays a larger fraction of high- and low-skilled workers relative to a city with a

smaller level of Akg . Thus, due to the extreme-skill complementarity in technology, cities with

faster TFP growth experience a larger increase in the proportions of high- and low-skilled

workers with respect to cities with slower TFP growth. Here we show that in our model also

SBTC induces a similar pattern. By deriving (2) with respect to ahk we obtain the effect of

SBTC on the demand for low-skilled workers:

∂elkg
∂ahk

=
(λ− 1) η

(1− ηλ) (1− η)

(
φl

φh

) 1
η−1
(

whkg
ahkwlkg

) η
η−1

1 +
(
φl

φh

) 1
η−1
(

whkg
ahkwlkg

) η
η−1

elkg
ahk

.

This derivative is strictly positive if high- and low-skilled labour are complements, i.e.

λ > 1, and if 1 > ηλ.17 If these conditions hold, for a given wage premium between high-

and low-skilled workers, a joint increase in the labour demand of both high- (as Equation 4

shows) and low-skilled workers occurs with SBTC. Instead, this type of technological change

does not induce a change in the demand for middle-skilled workers, as shown by Equation

(3). Thus, SBTC interacts with extreme-skill complementarity in a similar fashion as TFP

growth. This implies that, ceteris paribus, cities with faster SBTC are expected to display a

larger increase in the proportion of high- and low-skilled workers, with respect to cities with

a slower pace of this type of technological change.

17Note that these are the same restrictions of Theorem 2 in Eeckhout et al. (2014).
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4.2.2 The Non-Tradable Service Sector

There is a price-taking firm in the non-tradable service sector that operates with the following

production function

Y k
s = Akse

lk
s , (5)

where Aks is the location-specific TFP in the non-tradable sector. Profit maximisation implies

equality between prices and marginal costs.

pks =
wlks
Aks

, (6)

where wlks is the wage per unit of time worked by a low-skilled worker in the non-tradable

sector in location k. Note that low-skilled workers are perfectly mobile across sectors so that,

in a given location the wage rate is equal across sectors and therefore wlkg = wlks = wlk holds.

The assumption that only low-skilled workers are employed in the services sector is mo-

tivated by the fact that in the data the hours share of this type of worker (i.e. individuals

employed in service occupations, as defined in Section 3) in this sector is substantially larger

(52.44% in 1980 and 51.25% in 2008) than in the overall economy (11.16% in 1980 and

14.73% in 2008). Also, conditional on being employed in a service occupation, the probabil-

ity of working in the non-tradable sector is substantially larger (36.75% in 1980 and 39.58%

in 2008) than the same probability computed for the overall economy (8.24% in 1980 and

11.37% in 2008).18

4.3 Workers’ Problem

Citizens of skill type i who live in city k have preferences over consumption of the tradable

good cikg , the amount of housing H ik and consumption of services cikn . We assume the latter is

a CES bundle of home services ch and market services cs, which are assumed to be imperfect

substitutes with an elasticity of substitution equal to γ > 1.19 More precisely, a worker of

18While in 1980 cities belonging to the top and bottom 33% are in this respect almost symmetric (with
0.05% difference between city groups), we highlight that employment shares of the non-tradable sector
increase faster in large cities. That is, the spatial difference in the growth of non-tradables increases with
the difference in city size: while it is 0.83% when comparing top versus bottom 33%, it reduces to 0.40%
when comparing top versus bottom 50% and increases to 1.13% when comparing top vs bottom 25%. Thus,
the spatial and overtime pattern of the employment shares in the non-tradable sector follows closely that of
the low-skilled occupations as documented in Section 3.

19See Rogerson (2007) and Ngai and Pissarides (2011).
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skill i living in city k has the following preferences

U ik =
(
H ik
)α (

cikg
)ω (

cikn
)1−ω−α

cikn =
(
ψ
(
ciks
) γ−1

γ + (1− ψ)
(
cikh
) γ−1

γ

) γ
γ−1

, (7)

where cj, with j = g, n, s, h, represents consumption of goods, services, market services

and home services, respectively. We impose α + ω < 1 and ψ ∈ (0, 1).

Home services are produced within the household according to the technology

cikh = Ahl
ik, (8)

where lik ∈ (0, 1) is the fraction of time an agent of skill i in city k devotes to work at

home, thus, 1 − lik being the fraction of time dedicated to work in the market. We assume

that home productivity is invariant across skills and locations. The budget constraint for

workers of ability i living in city k is

pgc
ik
g + pksc

ik
s + pkHH

ik = wik(1− lik), (9)

where pks and pkH are, respectively, the price of market services and housing, which are

both location-specific and, therefore, indexed by k. Instead, the price of the tradable good,

pg, is the same in the whole economy. In what follows, we choose good g as the numeraire

and, therefore, set pg = 1. Workers of skill i living in city k solve the following problem

max
cikg ,c

ik
s ,c

ik
h ,l

ik
U ik =

(
H ik
)α (

cikg
)ω ((

ψ
(
ciks
) γ−1

γ + (1− ψ)
(
cikh
) γ−1

γ

) γ
γ−1

)
,1−ω−α

s.t. : cikg + pksc
ik
s + pkHH

ik = wik(1− lik),

cikh = Ahl
ik.

First-order conditions imply the following demand functions

lik =
1− ω − α

1 +
(

wik

Ahpks

)γ−1 (
ψ

1−ψ

)γ , (10)

cikh = Ah
1− ω − α

1 +
(

wik

Ahpks

)γ−1 (
ψ

1−ψ

)γ , (11)

18



ciks = Ah
(1− ω − α)

(
wik

Ahpks

ψ
1−ψ

)γ
1 +

(
wik

Ahpks

)γ−1 (
ψ

1−ψ

)γ , (12)

cikg =
ωwik

pg
, (13)

H ik =
αwik

pkH
. (14)

Equation (10) shows that when γ > 1, that is, when non-tradables and home production

are imperfect substitutes, labour supply at home is a negative function of wik

Ah
, which is the

implicit price of home production for the agent. As long as wages are increasing in skills,

high-skilled workers devote less time to home work and, given the common home production

technology across agents, produce and consume less home services with respect to workers

with lower skills levels. In addition, by differentiating Equation (12) with respect to wik we

can compute the income elasticity of non-tradable services for agent of type i

∂ciks
∂wik

wik

ciks
=
γ +

(
wik

Ahpks

)γ−1 (
ψ

1−ψ

)γ
1 +

(
wik

Ahpks

)γ−1 (
ψ

1−ψ

)γ > 1. (15)

This expression is larger than one when γ > 1, meaning that, when wages are increas-

ing in skills, high-skilled workers consume a larger fraction of their income on this type of

consumption with respect to workers of lower skill levels.20 This implies that, ceteris paribus

(i.e. for given skill premia), an increase in the spatial concentration of high-skilled workers

results into an increase in the local demand for non-tradable services larger than for the

other goods, because these agents display the largest consumption share of substitutable

services, as suggested by Equation (15). Due to market clearing and the production function

(5), such an increase in the spatial concentration of the high-skilled results in an increase of

labour demand for low-skilled workers larger than for the other types of workers. This is the

channel of consumption spillovers, which contributes to the emergence of spatial polarization

in the model. Also, note that the income elasticity in Equation (15) grows with the value of

20Technically, Equation (15) provides the elasticity of non-tradable services to the total income of the agent,
given by the market wage wik(1 − lik) plus the implicit home wage, which, due to competitive markets, is
given by wiklik. Note that we obtain an income elasticity larger than one in equilibrium regardless of the
fact that the model displays homothetic preferences. This is because an increase in the market wage wik

per unit of time also increases the opportunity cost of working at home, and so the implicit price of home
production. Thus, there is an increase in substitutable services more than proportional to the increase in
wik. Note also, from Equations (13) and (14), that the income elasticity of tradables and housing is always
equal to one.
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γ, such that the larger the elasticity of substitution between market and home services, the

stronger the channel of consumption spillovers.

4.4 Equilibrium

The equilibrium is defined as a set of prices
(
pks , p

k
H

)
, a set of wages

(
wlk, wmk, whk

)
, a choice

k of a living location for each agent, a set of hours worked in the g sector
(
elkg , e

mk
g , ehkg

)
,

hours worked in the s sector
(
elks
)
, a set of time allocations for each type of consumer(

llk, lmk, lhk
)
, a set of tradable good consumption for each type of consumer

(
clkg , c

mk
g , chkg

)
, a

set of substitutable services consumption for each type of consumer
(
clks , c

mk
s , chks

)
and a set

of consumption vector for housing for each type of consumer
(
H lk, Hmk, Hhk

)
for each city

k = 1, 2, such that:

• given wages and prices, and her choice of living location, the agent of skill i maximises

utility (7) subject to her budget constraint (9) in the chosen living location k and her

home production technology constraint (8);

• given wages and prices, the firm in sector j in location k maximises profits;

• labour markets for each skill i in each city k clear;

• the housing market in each city k clears;

• the market for substitutable services in each city k clears;

• the economy-wide market for tradable goods clears.

5 Quantitative Analysis

In Section 3 we document that employment polarization has been stronger in larger than in

smaller cities. Hence, our analysis supports the emergence of spatial employment polarization

after 1980. The aim of this section is to use a calibrated version of the model to investigate

the role of technological change in generating this phenomenon.

There are two types of technological change that can generate spatial employment polar-

ization in the model. The first is SBTC. Cerina et al. (2021b) note that the take-off in the

skill premium coincides with the timing of employment polarization in the U.S. They show

that SBTC, a typical driver of the increasing skill premium, can generate employment po-

larization in a general equilibrium setting through consumption spillovers. SBTC increases

the productivity and so the wage of the high-skilled, who work little at home and purchase
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a substantial amount of market services. In the spatial equilibrium model presented in this

paper, faster SBTC in a city relative to another implies that the first city attracts more high-

skilled workers who, through consumption spillovers and extreme-skill complementarity, also

attract more low-skilled workers to that location. The second type of technological change

that can potentially generate spatial employment polarization is TFP growth in the tradable

sector. Eeckhout et al. (2014) show that with extreme-skill complementarity, a city with a

larger TFP displays a skill distribution with a larger fraction of high- and low-skilled workers

with respect to a city with a smaller TFP. Thus, we allow for a differential evolution of TFP

in the two cities coupled with a value of λ different from one. Lastly, for completeness we also

allow for spatial changes in the TFP growth of non-tradables in the quantitative analysis.

Note that, while allowing for a potentially different evolution of technology in the two

cities, we are not imposing any restriction of the growth of SBTC and TFP across cities.

Thus, the calibration itself provides a measure of the differential technological change needed

to generate stronger employment polarization in larger cities in the model. Next, by using

the calibrated model we run counterfactual exercises to quantify the role of each type of

technological change in generating the phenomenon.

5.1 Calibration

The quantitative exercise is set up as a horse-race between different types of technical change

in explaining the spatial differences in employment polarization. We thus calibrate the model

such that, given the types of technological change that we allow, it replicates two spatial

equilibria at different points in time, namely the 1980 and the 2008 U.S. economies. In

the two equilibria all preference and technology parameters are imposed to be the same

except for the levels of SBTC and TFP in the two market sectors, which are allowed to grow

differentially across cities according to the growth rates gahk , gAkg , gAks , where g indicates

the total growth rate between 1980 and 2008 in city k of the variable at the subscript. We

impose the two cities in the model to be symmetric in the 1980 equilibrium. This implies

that all technological parameters are the same in the two cities in 1980.21 The symmetry

assumption reduces the number of parameters to be calibrated, by exploiting the fact that

the quantitative exercise is designed to study the differential evolution of employment shares

across cities since 1980. In this light, we do not require the calibrated model to account for

the differences in the initial conditions between the two representative cities.

We first adopt the following normalisations/restrictions:

21In particular, we have ah1 = ah2, A1
g = A2

g, A1
s = A2

s. All other technology parameters are the same
both across cities and over time.
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• Productivity of low-skilled workers is normalised to one, al = 1;

• The amount of land in each location is normalised to one, H = 1;

• Following the evidence in Bridgman (2016) there is no home productivity change be-

tween 1980 and 2008, and we normalise it to one in both periods, Ah,1980 = Ah,2008 =

Ah = 1;

• We do not allow market TFP to decline in any sector, as the calibration could, in prin-

ciple, deliver negative TFP growth in low-skilled services to better match the allocation

of low-skilled workers across cities.

The elasticity of substitution between home production and non-tradable market services

γ is key for the emergence of consumption spillovers. Following the discussion in Rogerson

(2007), we set its value to 5.22 Next, we obtain the values of α and ω by computing average

consumption shares in housing and tradable goods between 1980 and 2008 using NIPA data23

and re-scaling them to take into account that, by introducing home produced services in the

utility function, we have to consider the concept of extended total consumption expenditure

in the data, i.e. the value of market consumption plus the market value of home production.24

The nominal value of home production is taken from estimates in Bridgman (2016). This

procedure gives a value of ω equal to 0.52, and of α equal to 0.13. The relative supply

of skills (i.e. the aggregate skill distribution) in 1980 and 2008 is taken from U.S. Census

data. The definition of the low-, middle- and high-skilled is the same as in Section 3.

Low-skilled workers are those working in service occupations, high-skilled workers those in

professional or managerial occupations and middle-skilled workers those in all remaining

occupations.25 Hence, following these definitions, we first normalise to one total population

in 1980 (
∑

iN
i
1980 = 1). Then, we compute the population growth rate gN between 1980 and

2008 and impose that
∑

iN
i
2008 = 1 + gN . Finally, we use these restrictions, together with

22There are several studies providing estimates of the elasticity of substitution between home services
and total market consumption (these estimates range from 1.8 as in Aguiar and Hurst, 2007, up to 2.5 as
in Rupert et al., 1995, and McGrattan et al., 1997). In contrast, we are aware of only two other papers
that calibrate the elasticity of substitution between home services and market substitutes exclusively. The
first is Olivetti (2006) who finds a value of 4, the second is Ragan (2013) who uses a value of 6.66. We
run alternative calibrations with these values of the elasticity of substitution which, as expected, deliver a
smaller and larger role of consumption spillovers in generating spatial polarization. However, even in the
most conservative case of γ = 4 consumption spillovers remain quantitatively relevant. Results are available
upon requests. In general, several works discuss how the elasticity of substitution between home production
and market services should be substantially higher than the one between home production and total market
consumption. See for instance the discussion in Rogerson (2007), Ngai and Pissarides (2011) and Moro et al.
(2017).

23U.S. Bureau of Economic Analysis (2015, 2018)
24See Moro et al. (2017) for a discussion of the concept of extended total consumption expenditure.
25As detailed in Appendix A, we exclude agriculture and military occupations.
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the aggregate shares of low-, middle- and high skilled workers in 1980 and 2008 to obtain the

values of {N i
1980}i=l,m,h and {N i

2008}i=l,m,h. In doing so we are taking aggregate polarization

as given.26

There are thirteen parameters left: (1) weight in preferences {ψ}, (2) productivity pa-

rameters {am, ah, Ag, As}, (3) production parameters {η, λ} and (4) technological change

{gahk , gAkg , gAks}k=1,2.
27 To calibrate these parameters we require the model to match thir-

teen data moments. Below we outline the general strategy by discussing how the various

moments inform on the identification of specific parameters:

• Weight in preferences {ψ} (1 target): The parameter ψ governs the relative weight of

home and market services in preferences. We use average market hours (which equal

total hours less home hours) of high-skilled workers in the economy in 1980 to identify

this parameter.28

• Factor-specific productivity parameters {am, ah} (2 targets): The aggregate wage

premium of high- to low-skilled workers in 1980 pins down ah. As the middle-skilled

productivity am is fixed over time and equal across cities, we use the wage premium of

middle- to low-skilled workers in 1980 to pin down this productivity.

• Total-factor productivity parameters {Ag, As} (2 targets): TFP in non-tradables, As,

determines how many hours the economy needs in the production of non-tradable

services. If As is low, more workers need to be allocated to non-tradable production

for a given level of demand. Wages of low-skilled workers equalise across sectors,

therefore the 1980 aggregate employment share of the low-skilled in tradables pins

down As. Relative prices of tradables to non-tradables are governed by Ag and As, and

these prices are crucial in determining the expenditure share allocated to non-tradable

consumption. Thus, having pinned down As, the consumption share of non-tradables

in 1980 identifies Ag.

26Note that this is consistent with the aim of our quantitative exercise, which is that of accounting for the
differential patterns in employment polarization across cities. We stress that one could extend the current
model by allowing aggregate shares of high-, middle- and low-skilled workers to be endogenised through an
education and/or occupational decision, and account for the emergence of aggregate polarization through the
same mechanisms at work in our model. For a model in which SBTC can generate employment polarization
in a multi-sectoral environment with a home/market work decision see Cerina et al. (2021b).

27The value of ah represents the common value of ahk across cities in 1980, as we impose a symmetric
equilibrium in that year. In 2008, the corresponding values in the tradable production functions of the two
cities are ah(1 + gah1) and ah(1 + gah2) respectively for city 1 and city 2. The same reasoning applies to Ag

and As.
28We use data from Aguiar and Hurst (2007) to determine total available working hours. Using their

aggregate time us data, we find total hours worked are roughly constant from 1985 to 2003 at 52 hours per
week.
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• Production parameters {η, λ} (2 targets): From the first order conditions of the firm

producing the tradable good we can express the relative wage of high- to low-skilled

workers as a function of η in which λ does not appear. Therefore, the wage premium

of high- to low-skilled workers in 2008 can be used to pin down η. The first order

conditions of the firm also show that the relative wage of middle- to low-skilled workers

is a function of both η and λ. With η pinned down, the wage premium of middle- to

low-skilled workers in 2008 allows us to identify λ.

• Technological change in the tradable sector {gahk , gAkg}k=1,2 (4 targets): differential

changes in employment shares by cities directly capture differences across cities in

terms of technological change. That is, the differential change in employment shares

of the high-skilled in the two cities pins down the difference in growth rates of high-

skilled productivity, (gah1 − gah2), and the differential change in employment shares

of middle-skilled in the two cities pins down the difference in growth rates of TFP,(
gA1

g
− gA2

g

)
. To pin down individual growth rates, we note that a change in the

demand for high-skilled workers affects the share of tradable to non-tradable low-skilled

workers. Therefore, for given elasticity parameters η and λ, the change in the share of

low-skilled workers in the tradable sector across cities informs the level of one of the

gahk values. Similarly, aggregate growth in tradable consumption is informative of gAkg
in one of the two cities.

• Technological change in the non-tradable sector {gAks}k=1,2 (2 targets): The change in

the relative price of housing pins down the differential growth in non-tradable TFP,(
gA1

s
− gA2

s

)
, as utility of low-skilled agents equalises across cities in equilibrium. Given

the differential between the two sectors in TFP growth, aggregate growth in non-

tradable consumption identifies growth of TFP in non-tradables in one of the two

cities.

We use a method of simulated moments (MSM) to match the thirteen parameters to the

thirteen moments concurrently, by minimizing the distance between data targets and model

moments.29 Parameter values of the benchmark calibration are reported in Table 2. Table 3

reports the data targets and the corresponding values produced by the calibrated model.

5.2 Results

Despite its parsimonious structure, the model does a good job at replicating the data targets.

In particular, the calibration matches perfectly the difference between the two cities in the

29See McFadden (1989).
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Table 2: Model Parameters

Preferences

α ω γ ψ

0.13 0.52 5 0.19

Technology

λ η ah am gah1 gah2 Ag gA1
g

gA2
g

As gA1
s

gA2
s

1.05 0.76 3.94 3.13 22.6% 25.1% 1.32 76.9% 85.4% 2.19 0% 1.4%

Note: The reported values of ah, Ag and As correspond to the common value across cities in
1980.

change in the shares of the three types of workers between 1980 and 2008 (i.e. stronger

polarization in city 2 relative to city 1). Thus, the values of the calibrated parameters in

Table 2 provide an assessment of the role of technology in generating spatial polarization in

the model. First, we note that both SBTC and TFP in tradables grow over time in both

cities. This suggests that both types of technological change are key for the model to match

the data targets. Second, there is faster growth of both SBTC and TFP in tradables in

larger cities over time. This suggests that both types of technological change are important

to generate stronger polarization in larger cities. Third, the predicted value of λ is larger

than 1, which suggests that extreme-skill complementarity contributes to explain the spatial

employment polarization observed in the data.

5.3 Counterfactuals

5.3.1 SBTC versus TFP growth

We now describe three counterfactuals to disentangle the effect of SBTC and that of TFP

growth in generating spatial employment polarization. In order to do this, we allow spatial

differences of one type of technological change at a time. In the first counterfactual, we

impose the same growth of TFP in tradables and non-tradables between 1980 and 2008 in

both cities, which is set to the average growth between the two cities in the benchmark

calibration, so that the only source of spatial employment polarization is city-specific SBTC.

More precisely, unlike the benchmark calibration reported in Table 2, we set gA1
g

= gA2
g

=

81.2% and gA1
s

= gA2
s

= 0.7% while we keep the value of ga1h = 22.6% and ga2h = 25.1%. In the

second and in the third exercise we apply the same approach for TFP growth in tradables

(setting gA1
s

= gA2
s

= 0.7% and ga1h = ga2h = 23.9% but gA1
g

= 76.9% and gA2
g

= 85.4%) and
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non-tradables (ga1h = ga2h = 23.9% and gA1
g

= gA2
g

= 81.2% but gA1
s

= 0% and gA2
s

= 1.4%)

respectively. We focus on the three moments we are interested in: the difference in the

change in employment shares in high-, middle- and low-skilled workers between large and

small cities.

The SBTC counterfactual is displayed in the left panel of Figure 4.30 When only SBTC

differs between large and small cities, the difference in the change in the share of the three

types of workers between the two cities is 32% for the low-skilled, 67% for the middle-skilled

and 80% for the high-skilled with respect to the benchmark calibration.31 This suggests

that the existence of this type of technological change alone produces a large fraction of the

asymmetry between the two cities. A key point here is that, while SBTC has a direct effect

on the productivity of the high-skilled, it has a substantial impact also on the difference in

the fraction of middle- and low-skilled across cities.

The right panel of Figure 4 reports the effect of allowing only differences in the TFP

growth in tradables across cities. In this case, the difference in the change in the share of

the three types of workers between the two cities is 18% for both high- and middle-skilled

workers and 19% for low-skilled workers with respect to the benchmark calibration. Thus,

with respect to SBTC, spatial differences in the growth of TFP in tradables have both a

substantially smaller and a more homogeneous effect on the difference in the change in the

share of the three types of workers between the two cities.

In addition to the above counterfactuals on SBTC and TFP in tradables, the bottom

panel of Figure 4 also reports the effect of allowing only for differential growth of TFP in

non-tradables in the two cities. In this case, the effect is mostly on low-skilled workers, with a

difference in employment shares which is 48% of the benchmark. A small effect also remains

for the middle-skilled, for whom the difference in employment shares generated is 15%.

However, the effect on the upper tail is almost null (1%). Thus, this type of technological

change alone cannot generate spatial polarization.

Taken together, these counterfactual exercises suggest that faster SBTC in large cities is

the main driver of spatial polarization.

30For all counterfactuals the black bars represent these moments in the benchmark calibration while the
white ones represent those in the counterfactual.

31For each counterfactual, we report the percentage of each bar accounted for by the counterfactual with
respect to the benchmark.
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Figure 4: Counterfactual exercises. Black bars represent the benchmark calibration and
white bars represent the counterfactual. Left panel: SBTC counterfactual. Right panel:
tradables TFP counterfactual. Bottom panel: non-tradables TFP counterfactual.

5.3.2 Extreme-skill complementarity versus consumption spillovers

The value of λ which minimises the distance between the data targets and the model moments

is larger than one in our benchmark calibration. This value supports the existence of extreme-

skill complementarity in the tradable sector, as posited by Eeckhout et al. (2014). In the

latter, this mechanism - triggered by spatial differences in TFP - is the only driver of the

relative increase in the share of high- and low-skilled individuals in larger cities. In our

model we allow for another mechanism connecting the upper and bottom tail of the skill

distribution, that of consumption spillovers. In this section, we ask what is the relative

contribution of these two mechanisms in generating spatial differences in changes in the

employment shares of low-skilled workers. To answer this question, our first step is to shut
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down the extreme-skill complemetarity channel by setting λ equal to one in 2008. This

enables us to interpret the residual spatial polarization as generated by the joint effect of

technological change and the existence of the non-tradable sector.32

The results are reported in Figure 5, in light gray bars. Relative to the benchmark

calibration (black bars), the difference in the change in the share of the three types of

workers between the two cities is reduced by 31% for the low-skilled, 32% for the middle-

skilled and 32% for the high-skilled. A first conclusion that can be drawn from this exercise

is that the mechanism of extreme-skill complementarity in the tradable sector, while being

quantitatively relevant, is not a necessary condition for spatial polarization to emerge. This

result is in contrast with that of Eeckhout et al. (2014) who suggest that a channel based

on low-skilled services in combination with home production is not quantitatively relevant

in accounting for more dispersed skill distributions in larger cities.33

However, not all the residual spatial disparity at the bottom of the skill distribution (69%

of the benchmark case) is due to consumption spillovers. As described above, employment

shares at the bottom of the skill distribution grow faster in large cities also because of

faster TFP growth in non-tradables therein. Hence, to quantify the role of consumption

spillovers in generating the rise of employment shares at the bottom of the skill distribution,

we perform the same counterfactuals described in Section 5.3.1 on SBTC and TFP growth

in tradables, but now imposing λ = 1, and thereby removing extreme-skill complementarity.

This exercise, by removing the direct role of TFP in non-tradables, allows us to interpret the

residual spatial disparity in the bottom tail (with respect to the new benchmark in which

λ = 1) as generated by the consumption spillovers mechanism only. Results are reported in

Figure 5 in white bars for the SBTC counterfactuals (left panel) and the TFP counterfactual

(right panel). To allow for an easy comparison, we also report in the same figure the results

for the counterfactuals with λ > 1 (dark gray bars).

32We also performed a calibration exercise where we remove the target which identifies λ (the wage
premium of middle- to low-skilled workers in 2008) and we exogenously fix this parameter to one. This
exercise allows us to study the case in which only one channel is present in the model, that of consumption
spillovers. The fit of this calibration is worse with respect to that of a calibration where we fix λ to its value
in the benchmark calibration (1.05), which confirms that extreme-skill complementarity plays an empirically
relevant role. Results are available upon request.

33We refer to footnote 5 for the list of differences between their approach and ours that lead to opposite
conclusions regarding the role of consumption spillovers.

29



−
.0

2
−

.0
1

0
.0

1
.0

2
D

if
f 
in

 C
h
a
n
g
e
 i
n
 E

m
p
 S

h
a
re

s
 1

9
8
0
−

2
0
0
8

Low Skill Medium Skill High Skill

with or without production complementarities

SBTC Counterfactual

Benchmark SBTC CF

Benchmark withλ=1 SBTC CF with λ=1

−
.0

2
−

.0
1

0
.0

1
.0

2
D

if
f 
in

 C
h
a
n
g
e
 i
n
 E

m
p
 S

h
a
re

s
 1

9
8
0
−

2
0
0
8

Low Skill Medium Skill High Skill

with or without production complementarities

TFP tradables Counterfactual

Benchmark TFP tradables CF

Benchmark with λ=1 TFP tradables CF with λ=1

Figure 5: Counterfactual exercises. Black bars represent the benchmark calibration, dark
gray bars represent the counterfactual allowing for spatial differences in SBTC (left panel) or
TFP growth (right panel) only, light gray bars represent the counterfactual imposing λ = 1,
and white bars represent the counterfactual allowing for spatial differences in SBTC (left
panel) or TFP growth (right panel) only and imposing λ = 1.

As expected, the role of spatial disparities in TFP growth in tradables is canceled out

without extreme-skill complementarity. By looking at the white bars in the right panel,

it appears that when λ = 1 and only differences in TFP growth in tradables across cities

are allowed, there is no spatial polarization, as the white bars are virtually zero for each

skill. This is not the case for SBTC: imposing λ = 1, allowing only for differences in SBTC

growth across cities as suggested by the benchmark calibration (25.1.0% in large cities,

22.6% in small cities), and imposing the same TFP growth both in tradables (81.2%) and

non-tradables (0.7%), the remaining amount of spatial polarization is quantitatively relevant.

More precisely, the residual spatial difference in the change of employment shares of high-,

middle- and low-skilled workers is respectively 86%, 82% and 59% of the corresponding values

in the SBTC counterfactual with the value of λ predicted by the benchmark calibration

(λ = 1.05).34 The counterfactual results suggest that the key type of technological change

needed to generate consumption spillovers is the skill-biased one. Another way to look at

the results is by considering that in a world in which consumption spillovers is the only

mechanism linking the top and the bottom part of the skill distribution (i.e. when λ = 1),

spatial differences in SBTC alone still explain around 28% of the difference at the bottom

generated by all types on technological change together, 80% for the middle skilled and 102%

34Note that the percentages here refer to the fraction of the bar in the counterfactual “SBTC CF with
λ = 1” relative to the counterfactual “SBTC CF”.
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for the high-skilled.35 Since with extreme-skill complementarity (λ > 1) spatial differences in

SBTC alone explain around 32% of the difference in the bottom tail (see Section 5.3.1), we

conclude that consumption spillovers have a sizeable role in explaining the faster growth in

the employment shares of low-skilled workers in large cities generated by faster SBTC therein,

accounting for more than 85% of the total effect. This results points to the importance of

the demand channel associated with the substitution between home and market services in

generating spatial polarization.

5.3.3 Spatial policies

This section aims at further exploring the quantitative features of the benchmark calibration

by implementing counterfactual policy exercises. We are interested in analyzing how different

tax schemes across locations can affect the spatial sorting of workers of different skill levels.

We imagine that a local policy-maker in the large city is willing to give a lump-sum subsidy

to low-skilled workers therein, financing this program with the revenues generated by taxing

high-skilled workers in that location.36 We consider two kind of taxes through which this can

be achieved: 1) a tax on wages of high-skilled workers; and 2) a tax on consumption of non-

tradables of high-skilled workers.37 To make the comparison meaningful, we set the two tax

rates in order for the tax revenues to be equal to 3% of low-skilled workers’ income in large

cities in 2008. Results are reported in Figure 6. The two policies have similar impacts on

high-skilled workers who, as expected, are less attracted to large cities. These cities remain

relatively more attractive for high-skilled workers in the 2008 equilibrium, but the spatial

difference in the change of the employment shares is reduced from 1.73% of the benchmark

calibration to 0.95% and 1.10%, respectively.

35Compare “SBTC CF with λ = 1” and “λ = 1” in Figure 5.
36An alternative interpretation is that of a government willing to improve the equity-efficiency tradeoff

of a taxation policy by implementing place-based redistribution policies. Gaubert et al. (2021) show that
place-based taxation schemes can lower the efficiency cost of redistribution across heterogenous households
and generate welfare gains that income-based redistribution alone cannot attain.

37In a recent paper, Bastani et al. (2020) use a quantitative model calibrated to the U.S. economy to argue
that taxing child care expenditures of high-skilled workers can be welfare-improving.
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Figure 6: Spatial policies. Black bars represent the performance of the model in the bench-
mark calibration without policy, gray bars represent the policy with a wage tax for the
high-skilled in the large city, white bars represent the policy with a tax on non-tradable
consumption for the high-skilled in the large city.

The two local policies have instead an opposite impact on low-skilled workers. Large

cities become more attractive for them with respect to the benchmark case when the subsidy

is financed through the wage tax. In this case, the spatial difference in the change of the

employment share of low-skilled workers increases from 0.70% to 2.10%. By contrast, when

the subsidy is financed through the consumption tax, the share of low-skilled workers is

skewed towards the small city in the 2008 equilibrium, such that the spatial difference in

the change of their employment shares becomes negative (-0.92%). Also for middle-skilled,

spatial differences are amplified with the wage tax while they are substantially dampened

with the consumption tax. However, in contrast with the low-skilled, these differences retain

the same sign as in the benchmark with both types of policies.

The opposite patterns of the spatial allocation of low-skilled workers are due to the way

the two policies affect the two different channels linking the tails of the occupational skill

distribution (extreme-skill complementarity and consumption spillovers). The wage tax on

high-skill workers reduces the incentive for the latter to move to the large city, thereby

indirectly reducing, ceteris paribus, both the marginal productivity of low-skilled workers in

the tradable sector (by extreme-skill complementarity) and the labour demand for low-skilled

workers in the non-tradable sector (by consumption spillovers). However, these worsened

market conditions for low-skilled workers are more than compensated by the subsidy, making

the large city even more attractive for them than in the benchmark case.

When the tax on non-tradable consumption is implemented, the negative effect on low-

skilled workers is larger because the policy directly impacts the price of services. The tax
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on non-tradable consumption raises the cost of non-tradables, which leads to a sizeable

reduction in the expenditure for these services by high-skilled workers (-23%). This fact, in

turn, dampens labour demand for low-skilled workers in the non-tradable sector and induces

them to move to the small city. As consumption spillovers represent the channel which

is quantitatively more relevant in generating spatial polarization, as we discuss in Section

5.3.2, this tax policy offsets the attractiveness of the subsidy for low-skilled workers in the

non-tradable sector: the negative value of the difference in the change of employment shares

is entirely driven by them (-1.79%) while it remains positive for low-skilled workers in the

tradable sector (+0.87%). To conclude, while consumption spillovers in the large city are

only mitigated by the wage tax, they are entirely washed out by the consumption tax, such

that the latter policy has the unintended effect of lowering welfare of the low-skilled in large

cities and so their employment share in those locations.

6 Spatial workers polarization

Section 3 documents that the joint increase in the employment shares of high- and low-

skilled occupations observed at the aggregate level in the U.S. between 1980 and 2008 has

been stronger in larger cities, suggesting a spatial dimension of the phenomenon. In this

section we ask whether spatial polarization at the occupation level is associated with another

phenomenon, that of spatial polarization at the worker level. Specifically, we investigate

whether the faster growth in the employment shares of high- and low-paid occupations in

large cities is associated with a relatively stronger pull of high- and low-skilled workers

respectively in those locations. This would suggest that spatial employment polarization

induces a change in the spatial sorting of workers with heterogenous skills over time. In this

section, we refer to the latter phenomenon as spatial workers polarization.

Indeed, while related, the two phenomena do not necessarily imply each other. To con-

struct the occupational skill distribution, the employment polarization literature ranks occu-

pations by their mean wage, and constructs occupational shares accordingly. By contrast,

the workers skill distribution is constructed by considering some characteristics (either ob-

servable - like educational attainments or individual wages as in Hunt and Nunn, 2022 -

or unobservables as in Eeckhout et al., 2014) at the worker level. This difference has two

main implications: first, the dispersion in the skills of workers within an occupation does

not play a role in generating evidence of employment polarization, because only the wage of

the average worker matters for the skill rank of the occupation; second, two workers located

in a similar quantile of the workers skill distribution (having for instance similar educational

attainments or similar wages) might be located in substantially different positions of the oc-
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cupational skill distribution if they are employed in occupations displaying large differences

in mean wages.38

Being two intrinsically distinct concepts, the occupational and the workers skill distribu-

tion might evolve over time and across space according to different patterns. For instance,

we could observe spatial employment polarization (as documented in Section 3) without con-

currently observing spatial workers polarization. Consider for instance two vacancies opened

in a large city, one for a high-skilled occupation and one for a low-skilled occupation. These

could potentially be filled by two workers who abandon their middle-skilled occupations in

the same large city. In this case, we would observe faster employment polarization in the large

city relative to the small city, where no vacancies have been opened, but no spatial workers

polarization. Instead, if the two vacancies are filled by two workers previously located in a

small city, a low-skilled worker performing a low-skilled occupation, and a high-skilled worker

performing a high-skilled occupation, then we would observe that spatial employment polar-

ization is associated with spatial workers polarization, as the individual skill distribution of

large cities would display a larger increase in the employment shares of high- and low-skilled

workers. To put it differently, if spatial employment polarization is entirely driven by occu-

pational sorting within cities (rather than by spatial sorting across cities) there should be

no spatial polarization at the worker level. By contrast, if spatial employment polarization

is jointly observed with spatial workers polarization, then the evidence would suggest that

the change in the occupational structure across cities of different size gives rise to a change

in the allocation of heterogeneously skilled workers across space.39

To investigate whether spatial employment polarization at the occupation and at the

worker level are associated, we use the model’s equilibrium, which provides a measure of

skill at the worker level given by their indirect utility. The biunivocal relationship between

indirect utility and individual skill is ensured by the equilibrium condition according to

which workers of each skill are free to choose the location which ensures the highest utility.

This strategy has several advantages. First, the individual measure of skill is derived from

the same theory used to study spatial employment polarization in Sections 4 and 5. The

only difference is that we now drop the three occupations/skills assumption, and allow for

38For instance, a relatively high-paid professional occupation like dentists (mean hourly wage 14.26 dollars
in 1980), exhibits a high dispersion in its wage distribution such that the worker at the 90th percentile of
the wage distribution of dentists earns almost 12 times more than the worker at the 10th percentile (36.05
versus 3.10). By contrast, a middle-skilled occupation like postal clerks (mean hourly wage 8.56) displays a
wage distribution which is relatively concentrated around the mean, with the worker at the 90th percentile
earning less than twice as much the worker at the 10th percentile (10.10 versus 6.04).

39Note that to formally relate spatial polarization at the occupation and at the worker level in the data
would require micro data that allows us to track individuals across time and space. Such analysis is unfeasible
using U.S. Census data.
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a large number of skills in the economy, in such a way that the occupation dimension does

not play a role, as typical for individual skill distributions based on workers’ characteristics.

Second, despite being model based, the measure allows us to easily exploit the whole micro

evidence at the worker level, to derive detailed individual skill distributions at the city level

at different points in time. Third, such measure allows for a direct comparison with the

results in Eeckhout et al. (2014), who construct similar individual skill distributions for large

and small cities in 2009 in a model without non-tradable goods.40

By using the first order conditions of the household’s problem we obtain the indirect

utility for a worker of skill i in city k, which is given by

U ik = Ω
(
pkH
)−α (

wik
)α+ω(

1 +

(
ψ

1− ψ

)γ (
wik

Ahpks

)γ−1) 1−ω−α
γ−1

(16)

and where Ω = ααωω (1− ω − α)(1−ω−α) (1− ψ)
γ(1−ω−α)

γ−1 (Ah)
(1−ω−α) .

The assumption of workers mobility ensures that utility of two workers of the same type

is the same across locations (U i1 = U i2). Thus, there is a one-to-one mapping between

equilibrium utility and skill level for the worker of type i in any city k. We can interpret

(16) as the measure of skill implied by the model and use it to construct a model-based

distribution of skills in a particular year by using data on pkH , pks and wik. The model-based

measure of skills (16) only requires a subset of model parameters to be computed, which we

take from the calibration in Section 5.

40When α+ ω = 1 our setting coincides (except for location-specific productivity of high-skilled workers)
with that of Eeckhout et al. (2014), in which there is no home production and no market production of
services.
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Figure 7: Skill distribution (logarithm of Equation 16) in 1980 (red) and 2008 (black) in
small (dashed lines) and large (thick lines) cities. Top vs bottom 33 % grouping.

Figure 7 reports the skill distribution across time and space showing cities in the top vs

bottom 33% categorisation used in Section 3 and 5. In 1980 (red lines) the skill distributions

of large and small cities are remarkably similar, although first order stochastic dominance for

large cities emerges. For 2008 (black lines), the evidence is substantially different, with large

cities displaying a larger dispersion of the skill distribution with respect to small cities. To

check whether this finding is affected by the definition of“large”and“small”, we perform a set

of quantile regressions aiming at analyzing to which extent the divergence of the individual

skill distribution is affected by relative city size in 1980 and 2008. Formally, assuming a linear

relation between the individual characteristic xik (representing skill U ik), and population (Sk)

in location k, we estimate the following specification for each quantile τ :

Qτ (x
ik|Sk) = β0(τ) + β1(τ)Sk,

where consistent estimators of β0(τ) and β1(τ) are obtained by minimizing an asymmetrically

weighted sum of absolute errors. We perform this exercise for the skill distribution in 1980

and 2008. Both exercises are represented in a figure with two panels: on the left one we plot

five quantiles of the distribution (the 10th, the 25th, the median, the 75th and the 90th)

against city size, while in the right panel we plot the coefficient of each quantile against its

quantile rank. This procedure shows how the effect of city size on the shape of the skill

distributions changes from 1980 to 2008.

Figure 8 reports the result for the 1980 skill distribution. There is a clear first order

stochastic dominance of large versus small cities. However, there is no divergence across city
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size in 1980. Coefficients of the quantile regressions are slightly positive and similar for each

quantile (except the very last quantiles), suggesting that quantiles increase proportionally

as city size increases. Thus, the quantile regression confirms that in 1980 large cities do not

display a more dispersed workers skill distribution.
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Figure 8: Quantile regression of utility on population in 1980 (i.e. model-based skill measure):
left, five selected quantiles; right, estimated slope for all quantiles.

Figure 9 reports the results of quantile regressions for the skill distribution in 2008. The

right panel shows that slopes are increasing with the quantile rank, being negative up to

the 25th percentile and positive otherwise. This confirms the visual result of Figure 7 for

the year 2008: lower quantiles decrease with city size while the opposite happens for higher

quantiles (left panel).
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Figure 9: Quantile regression of utility in 2008 (i.e. model-based skill measure) on population
in 1980: left, five selected quantiles; right, estimated slope for all quantiles.

To sum-up, the evidence in this section confirms that spatial employment polarization

occurred together with spatial workers polarization in the U.S. The evolution in the spatial

patterns of the individual workers distribution therefore mimics the evolution in the spatial

patterns of the occupational skill distribution presented in Section 3, suggesting that spatial

polarization at the occupational and at the worker level occurred together and that, in both

cases, spatial polarization increases with the difference in city size. In addition, our results

confirm the findings in Eeckhout et al. (2014), who show that in 2009 the average and the

median worker have similar skill in large and small cities but, crucially, the skill distribution

in larger cities has fatter tails both at the top and at the bottom of the distribution. Thus,

our observation for the year 2008 is consistent with their results for 2009 in a model without

home production and substitutable services.41

Finally, we stress that our results suggest that the emergence of spatial workers polariza-

tion in large cities is a relatively recent phenomenon, that emerged during the employment

polarization era (i.e. post-1980). This is confirmed by the analysis of the skill distribution in

1960. In Figure 10 we document that, as for 1980, the skill distribution in 1960 is similar in

small and large cities.42 The larger dispersion in 1980 relative to 1960 is an aggregate phe-

41In Appendix B we provide further evidence on the spatial polarization at the worker level by focusing on
an observable measure of skills, that of educational attainment. Specifically, we document that large cities
display a relatively faster increase in the share of both highly educated (college+) and poorly educated (less
than high-school) workers relative to small cities.

42We use city-level prices for non-tradables from Carrillo et al. (2014) as a measure of pks in constructing
the skill distributions of 1980 and 2008, but a similar procedure cannot be applied to the year 1960 due to
a lack of data. To overcome this problem we use the first order condition of the model pks = wlk/Ak

s , which
implies that the price of non-tradables in city k is proportional to the local wages in the non-tradable sector.
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nomenon unrelated to size. Thus, spatial workers polarization should be related to changes

in the economic structure that occurred after 1980. Crucially, the year 1980 is typically doc-

umented as the starting point of employment polarization in the U.S. (Acemoglu and Autor,

2011). To conclude, the evidence presented in this section suggests that spatial polarization

in the workers skill distribution emerges since the 1980s. Coupled with the analysis of Sec-

tion 3, it reinforces the view that spatial employment polarization induces a change in the

spatial sorting of heterogenously skilled workers (i.e. spatial workers polarization), as the

timing of the two phenomena is the same.

0
.5

1
1

.5
p

d
f

1 2 3 4 5 6
Skills − model based

2008: city pop < bottom 33 2008: city pop > top 33

1980: city pop < bottom 33 1980: city pop > top 33

1960: city pop < bottom 33 1960: city pop > top 33

Figure 10: Skill distribution in 1960 (blue), 1980 (red) and 2008 (black) in small (dashed
lines) and large (thick lines) cities. The figure compares metropolitan areas with population
belonging to the top and bottom 33% of the population distribution in 1980.

7 Conclusions

In this paper we document that employment polarization is stronger in cities whose size

is larger in 1980, and that the intensity of this phenomenon increases with city size. Im-

portantly, we document that this pattern is driven by the extensive (heads) rather than

We then compute the average of the wages of all workers in the non-tradable sector (weighted by hours
worked) for each of the k =218 metropolitan areas in the sample for the years 1960, 1980 and 2008. As we
do not have a measure for Ak

s across cities in 1960, we choose to set Ak
s,1960 = 1 for all cities. While this is

an arbitrary choice, we use the same assumption, that is Ak
s,1980 = Ak

s,2008 = 1 for each city k, to compute
the skill distributions for 1980 and 2008 appearing in Figure 7.
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the intensive (hours) margin, and that the increase of employment shares at the bottom of

the skill distribution is driven to a large extent by the sector producing services that are

substitutable to home production.

To account for the patterns observed in the data, we build a spatial equilibrium model

with location-specific skilled-biased technical change in the tradable sector, a low-skill inten-

sive non-tradable sector and a home versus market labour decision. We calibrate the model

using two groups of cities and three groups of skills. The benchmark calibration suggests that

the role of both unbiased and biased technological change are quantitatively important and

supports the existence of both consumption spillovers and extreme-skill complementarity in

production of the tradable sector. We then perform a series of counterfactuals which show

that faster skilled-biased technological change experienced in larger cities is responsible for

a large fraction of spatial employment polarization.

Finally, we use the model to show that spatial polarization at the occupational level

occurs together with spatial polarization at the worker level. This finding supports the idea

that the increasingly different occupational structure of more versus less urban areas has been

fueled by the sorting of both low- and high-skilled workers who have been largely attracted

to large cities due to the relative increase in the labour demand for their skills.
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A Appendix: Data treatment

This appendix discusses the data used in the paper with focus on comparability issues, as

spatial boundaries of geographical statistical areas change over time.

A.1 Individual data

To present evidence of employment polarization and to construct information about workers

of different skills (Section 6), we use the national 5-percent public-use micro data samples

for the 1960 and 1980 Census of Population and the 1-percent American Community Survey

for 2008 (Ruggles et al., 2022). When constructing employment polarization figures, we use

data for all individuals who report positive wages and salary income, considering both full

and part-time workers. However, turning to the individual skill distribution analysis, in

order to avoid any data mismeasurement on wages, and consistently with the literature, we

restrict the sample to individuals that work at least 35 hours per week and 40 weeks per

year. As in Autor and Dorn (2013) we exclude farmers and military occupations.43 Also,

following Eeckhout et al. (2014), we drop the lowest 0.5 percent of wages to eliminate likely

misreported of wages close to zero. Instead of using the IPUMS version of the 1990 Census

Bureau occupational classification scheme, we work with the balanced set of occupations

for 1980 and 2008 used in Autor and Dorn (2013). As a result, the total number of full-

time workers considered is 1, 674, 247 in 1980 and 533, 021 in 2008 while, when dealing with

employment polarization, total observations rise to 3, 093, 320 in 1980 and 705, 536 in 2008.

A.2 Definition of non-tradables

To identify the non-tradable sector in the data, we follow Moro et al. (2017). Accordingly,

from the 1990 Census classification (3 digits) we select the following industries: Bakery

products; Miscellaneous personal services; Beauty shops; Eating and drinking places; Laun-

dry, cleaning, and garment services; Taxicab service; Food stores, n.e.c.; Private households;

Child day care services; Retail bakeries; Nursing and personal care facilities; Miscellaneous

repair services; Educational services, n.e.c.; Residential care facilities, without nursing; Bus

service and urban transit; Personnel supply services; Liquor stores; Barber shops.

43We exclude agricultural occupations because we are interested in two types of low-skilled occupations:
i) those in the non-tradable services sector, which are the ones that are created through the consumption
spillover mechanism; and ii) those in the tradable sector, that complement high-skilled occupations in pro-
duction, like security, janitors, and reception services. As agricultural occupations do not appear to belong
to these two groups, we drop them from the sample. For a discussion of the role of agricultural occupations
in generating employment polarization see Cerina et al. (2021a).
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A.3 Spatial boundaries

To analyze how the patterns of the distributions differ across city size, we need to match

Census micro data to metropolitan areas. The main issue is that the variable“metro area”re-

ports a combination of metropolitan area codes (MSA, primary MSA, central city or county)

which has evolved considerably over time, and thus leads to difficulties in matching with

PUMA codes or any other harmonised classification of cities. Thus, one issue is to define

spatial boundaries of locations which are consistent over time. The most common way to

proceed is to use allocation factors between PUMA (or CBSA) codes in 2008 and metro

areas in 1980. This step requires some manual correction when the county composition of

each metro area has changed between 1980 and 2008. For this purpose, population data

at the county level is useful in order to check the consistency of geographical composition.

Once this consolidation of spatial boundaries is done, it is possible to merge individual data

with population data coming from the 1960, 1980 and 2008 National Censuses (U.S. Census

Bureau, 1960, U.S. Census Bureau, 1980, U.S. Census Bureau, 2008). We obtain a subset

of 218 metro areas, representing 63% of the 1980 U.S. population and 71% of the 2008 U.S.

population.44

To construct information about workers of different city size, we first rank these 218

metro areas according to their population in 1980 and then, using this ranking, we define

large and small cities by splitting the sample into three groups of cities with equal total

population each. We then consider large cities as those in the top 33% and small cities those

in the bottom 33% of the 1980 population distribution. We also adopt different definitions

of “large” and “small” by splitting the sample in two equal groups and defining large (small)

cities as those belonging to the top (bottom) 50% of the U.S. population distribution in

1980 and splitting the sample in four equal groups and defining large (small) cities as those

belonging to the top (bottom) 25% of the U.S. population distribution in 1980.

Providing a sense of how population is concentrated across cities in 1980, consider that

50% of the total population concentrates in the 22 largest cities (Phoenix with around 1.5

millions inhabitants being the marginal city), 33% of the total population concentrates

within the largest 10 cities (Miami-Hileah with around 2.6 millions inhabitants being the

first marginal city) and within the 174 smallest cities (Toledo with around 791,000 inhabi-

tants being the second marginal city), 25% of the total population concentrates in the largest

6 cities (San Francisco-Oakland-Vallejo with around 3.2 millions being the first marginal city)

and within the smallest 155 cities (Fresno with around 515,000 inhabitants being the second

marginal city).

44Diamond (2016) uses the same number of MSA for the period 1980-2000.
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Figure 11: Cities population ranks in 1980 and 2008

In order to ensure that city groups are of equal size, we re-weight the contribution of

marginal cities, such that part of their population is accounted to be in the group of small

cities and the other part in the group of large cities. Specifically, the total population of

the 218 cities in 1980 is 142,668,593 so that 33% of the population is 47,556,198 (rounded

up). For instance, the 50th decile of the U.S. population divides the city of Phoenix in two:

70.7% of its population is part of the top 50% and 29.3% is part of the bottom 50%. The

same approach is applied for the other marginal cities of the other groups. Technically, we

double each individual belonging to each marginal city and we split her weight according to

the share of the city population that enters in each group.

A possible concern is that our city size classification is not stable over time, so that cities

that are labeled small in 1980 grow faster than average, and should then be labeled large in

2008, while our ranking considers them small also in 2008. However, the size distribution

of cities is stable over time as documented by Gabaix and Ioannides (2004), so that the

majority of cities that we label large in 1980 would be labeled large even if re-assessing the

ranking in 2008. We confirm this finding in Figure 11, in which we plot the rank of city size

in 1980 against the rank in 2008. The correlation between the two is positive and large (0.87)

and the noise is limited (R-squared 0.76). We remark that such evidence is consistent with

the performance of the model: cities that are large in the initial period in the model display

faster SBTC and TFP growth over time, which induces them to become more polarised and

also display faster population growth over time. Finally, we report for completeness the rank

and population in 1980 of a selected group of cities (see Table 4).
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Table 4: A sample of US Cities ranked by their population in 1980

Rank 1980 Metro Area Pop. 1980

1 Los Angeles-Long Beach, CA 9.410.212

2 New York, NY-Northeastern NJ 9.120.346

3 Chicago-Gary-Lake, IL 7.226.761

4 Philadelphia, PA/NJ 4.716.818

5 Detroit, MI 4.353.413

6 San Francisco-Oakland-Vallejo, CA 3.250.630

7 Washington, DC/MD/VA 3.060.922

8 Houston-Brazoria, TX 2.905.353

9 Boston, MA 2.763.357

10 Miami-Hialeah, FL 2.643.981

11 St. Louis, MO/IL 2.356.460

12 Pittsburgh-Beaver Valley, PA 2.263.894

13 Baltimore, MD 2.174.023

14 Minneapolis-St. Paul, MN 2.113.533

15 Atlanta, GA 2.029.710

16 San Diego, CA 1.861.846

17 Cincinnati, OH/KY/IN 1.660.278

18 Denver-Boulder-Longmont, CO 1.620.902

19 Seattle-Everett, WA 1.607.469

20 Tampa-St. Petersburg-Clearwater, FL 1.569.134

21 Riverside-San Bernardino, CA 1.558.182

22 Phoenix, AZ 1.509.052

..... .....

213 Kokomo, IN 103.715

214 Gadsden, AL 103.057

215 Kankakee, IL 102.926

216 St. Joseph, MO 101.868

217 Sheboygan, WI 100.935

218 Columbia, MO 100.376
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A.4 Skill distributions

In Section 6 we construct the skill distributions using a price-theoretic measure of skills

formally represented by Equation (16), which we report here for convenience

U ik = Ω
(
pkH
)−α (

wik
)α+ω(

1 +

(
ψ

1− ψ

)γ (
wik

Ahpks

)γ−1) 1−ω−α
γ−1

, (17)

and where Ω = ααωω (1− ω − α)(1−ω−α) (1− ψ)
γ(1−ω−α)

γ−1 (Ah)
(1−ω−α) . To quantify this mea-

sure using individual wages wik, we need to provide values for the prices pkH and pks .

For the price of housing, following the methodology in Eeckhout et al. (2014), we com-

pute location-specific housing price indices using a hedonic regression model. While housing

is a homogeneous good in the model, in the data housing differs in many characteristics

that may affect prices. Thus, by relating the log of rent against a number of housing char-

acteristics (number of rooms, age and size of the structure, etc.) and with city-specific

fixed effects, we isolate the location-specific component of housing prices that can be used

to index the difference in housing values across cities. Data on dwelling features comes

from the American Community Survey (ACS) and are reported in the IPUMS database at

the public use metropolitan area level (PUMA codes) after 2000 and at the metropolitan

area level (METAREAD) before 1990. Metro areas are “regions consisting of a large urban

core together with surrounding communities that have a high degree of economic and social

integration with the urban core”.

For the price of non-tradables pks , we rely on the price indexes at the metropolitan area

level for the period 1982-2012 provided by Carrillo et al. (2014). Since this paper provides

only aggregate prices for goods and services, we use the value of the consumption share of

non-tradable from the benchmark calibration (1− α− ω = 0.35) to impute the variation of

prices across location only to the non-tradable services assuming that for tradable goods the

law of one price holds. We stress, however, that the measure of skill distribution obtained is

very robust to different value of non-tradable prices.45

B Appendix: Robustness

In this appendix we provide some robustness checks concerning both the empirical and

the quantitative analysis. In the first subsection we document that spatial and aggregate

employment polarization are mainly driven by the extensive margin of employment. Next,

45Results are available upon request.
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we provide evidence according to which spatial employment polarization is mainly driven by

women. Finally, we provide evidence of spatial educational polarization, i.e. the fact that

from 1980 and 2008 larger cities became more attractive for both highly educated (at least

college) and poorly educated (less than high school) workers. By complementing the analysis

of Section 6 with an observable measure of skills, this finding reinforces the view according

to which the spatial change in the occupational structure (spatial employment polarization)

is associated with the spatial sorting of heterogenously skilled workers (spatial polarization

at the worker level).

In the second subsection we present further results on the distribution of the model-based

skill measure presented in Section 6. In particular, to facilitate the comparison between the

result on the occupational skill distribution and the workers skill distribution, we split the

latter in three groups (as for occupations) according to different categorisations and we show

that the pattern of spatial polarization at the worker level is robust to these changes.

B.1 Additional evidence

B.1.1 Employment Polarization of Workers

The measures presented in Figure 2 suggests that the employment shares in terms of hours of

high- and low-skill occupations increase more in large cities than in small ones. As discussed

in Section 3, this implies that changes in employment shares include both the intensive and

the extensive margin of employment. Thus, changes of employment shares across occupa-

tions can be due to either (a) workers who change their working time in the market while

performing the same occupation, (b) workers switching occupations (within cities or across

them) or (c) both channels. Measuring to what extent the two channels contribute to spa-

tial employment polarization provides information on the role of the sorting of workers in

producing the phenomenon. In this appendix we modify the graph in Figure 2 to consider

only the change in the number of workers along the skill distribution, rather than the change

in hours. To put it differently, we reconstruct Figure 2 by assuming that there is no change

in hours worked between 1980 and 2008 in any of the occupations used to construct Figure

2. Formally, we retain the same percentiles classification as in Figure 2 and measure, for

each percentile, the change in the share of workers from 1980 to 2008.46 The results are

reported in Figure 12 and show that the U-shape is driven by a change in the number of

workers along the skill distribution. The similarity with Figure 2 suggests that the observed

spatial employment polarization is driven by a larger increase in the proportion of individuals

46Thus, 1980 percentiles used to construct Figure 2 can be considered as bins of occupations that are kept
constant over time. Using these bins we construct Figure 12.
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working in high- and low-skilled occupations in large cities than in small ones.
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Figure 12: Employment polarization by city size in terms of workers. Top vs bottom 33
grouping. The ranking of occupations and the bins of occupations are the same as in Figure
2. The variable on the vertical axis is the change in the share of workers in each bin.

B.1.2 The role of gender in spatial polarization

Cerina et al. (2021b) document that a main driver of employment polarization in the U.S. is

the reallocation of hours from home production to market work experienced by women since

1980s. They show how the sharp increase in the education premium in the 1980s increased

women’s participation, directly, at the top and, indirectly, at the bottom of the occupational

skill distribution, due to a larger demand for low-skilled services by skilled women. By its

nature, this mechanism should emerge at the level of metropolitan areas, because low-skilled

services are produced and consumed locally. Also, it should be more evident in large cities,

where SBTC was stronger - Baum-Snow et al. (2018)- so that the results in Cerina et al.

(2021b) suggest that a large fraction of the spatial differences in employment polarization

should be driven by women. In this section we investigate to what extent this is the case.

Figure 13 decomposes the overall spatial difference in the change of employment shares in

our three main occupational categories (bar in gray) between men (bar in white) and women

(bar in black). The first panel presents the spatial differences in employment polarization

between cities belonging to the top vs bottom 50% grouping in 1980, while the second and

the third present the same differential pattern for cities in the top vs bottom 33% grouping

and in the top vs bottom 25% grouping, respectively. The graphs reveal that the differential

pattern in employment polarization between large and small cities is mainly driven by women,

especially at the bottom and in the middle of the occupational skill distribution. When
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comparing the top vs bottom 50% (first panel), women display 230%, 166% and 49% of the

difference in the change of employment shares for low-, middle- and high-skilled occupations,

respectively. When comparing cities belonging to the top and bottom 33%, the corresponding

figures are 136%, 123% and 42% (second panel), while for cities in the top and bottom 25%

they are 111%, 101% and 43% (third panel). Thus, irrespective of the definition of small and

large cities, women are responsible for the majority of the change at the bottom and in the

middle of the skill distribution and for slightly less than half of the difference at the top. In

low- and middle-skilled occupations men display a pattern which is either similar across city

size or opposite with respect to the aggregate one. In particular, the increase in employment

shares in low-skilled occupations for men is always higher in small than in large cities.

This section shows that the contribution of women to employment polarization is par-

ticularly strong in large cities, in which there has been more employment polarization and

where SBTC has been stronger (Baum-Snow et al., 2018).
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Figure 13: Difference in the change in employment shares between large and small cities in
low-, middle- and high-skilled occupations across gender. The left panel compares metropoli-
tan areas belonging to the top vs bottom 50% grouping in 1980, the right panel compares
metropolitan areas belonging to the top vs bottom 33% in 1980 and the bottom panel com-
pares metropolitan areas belonging to the top vs bottom 25% in 1980.

B.1.3 Spatial educational polarization

Here we study spatial polarization by using an observable education measure as a proxy of

skills. Figure 14 shows how the distribution of educational attainments evolved differently in

large and small cities between 1980 and 2008. Based on the sample of workers used to analyze

employment polarization, we observe that larger cities display a relative increase in the shares

of both low-skilled workers (high school dropouts) and high-skill workers (college degree or

more) and a relative decrease in middle-skilled workers (less than college). Specifically,

focusing on the top vs bottom 33% grouping, we observe that the share of high-school

dropouts is very similar in large and small cities in 1980 (respectively 20.75% and 20.77%)

but, while decreasing in both groups of cities, it decreases faster in small (-12.95 percentage
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points) than in large cities (-10.85 pps), giving rise to a spatial difference in the change

between the latter and the former of +2.10 pps. Just as high-school dropouts become over-

represented in large versus small cities, so do individuals with college degree or more: their

share increase by 16.09 pps in large cities while only by 11.20 pps in small cities, resulting

in a spatial difference of 4.89 pps. As a consequence, middle-educated individuals (college

dropouts) becomes remarkably under-represented in large (-5.24 pps) as compared to small

cities, where their market working hours share increases by 1.75 pps, resulting in a spatial

difference of 6.99 pps.

We also observe, by analyzing the bottom-right panel of Figure 14 how the pattern of

spatial educational polarization increases with more extreme definitions of large and small

cities thereby confirming the pattern observed for both occupations and the model-based

measure of individual skill. We conclude that this evidence on observable skill measure

complements and reinforces the one presented in the main text on spatial polarization.
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Figure 14: Educational polarization by city size. The left panel compares metropolitan
areas belonging to the top vs bottom 33% grouping. The right panel reports the difference
in the change in educational shares across cities with different size for three groupings: top
vs bottom 50 %, top vs bottom 33 %, and top vs bottom 25%

B.2 Model-based individual skill distribution with discrete bins

In Section 6 we generate continuous individual skill distributions taking advantage of the

theory developed in Section 4 and in particular of the mobility assumption as in Eeckhout

et al. (2014). Our main aim here is to directly compare changes across space and time

of the individual skill distribution with the changes in the occupational skill distribution

documented in Section 3, Table 1. This aim requires us to identify three groups of skills. To

do this we proceed according to the following steps: 1) we compute each individual’s utility
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resulting from Equation (16) using wages and prices from the data and using the same

parametrization of the benchmark calibration (see Table 2); 2) we rank individuals in 1980

and 2008 according to this utility and we compute the resulting cumulative distribution of

hours worked for each year in the overall economy; and 3) is that of splitting this cumulative

distribution according the two cutoffs of the skill distribution which identify the three skill

groups. Every cutoff choice implies a certain degree of arbitrariness. In order to limit the

latter, we provide here four different sets of cutoffs (and, therefore, skill groupings). In the

first (33 33 33) we split the sample in three equally populated bins, so that the low-skilled

group is made up of individuals belonging to the 33% with the lowest indirect utility, the

high-skilled group consists of individuals belonging the top 33% with the highest indirect

utility and the middle-skilled group is the remaining one. In the second (25 75 25) and in

the third (20 60 20) we split the sample at, respectively, the 25th and the 75th percentiles and

at the 20th and the 80th percentiles. So that in the second (third) grouping, the low-skilled

group is made of individuals belonging to the 25% (20%) with the lowest indirect utility, the

high-skilled group consists of individuals belonging the 25% (20%) with the highest indirect

utility and the middle-skilled group is the remaining one. Finally, in the last grouping (Occ)

we spilt the sample in order for the share of cumulative hours worked by each group to match

the corresponding share of hours worked in each occupational group in 1980 and 2008 as in

Table 1. More precisely: low-skilled workers in 1980 (2008) are defined as those who fill the

first 11.61% (14.73%) of the cumulative distribution of hours; high-skilled workers in 1980

(2008) are defined as those who fill the last 25.68% (34.22%) of the cumulative distribution

of hours; middle-skilled workers are defined as all the remaining workers in both year. In

this latter classification, unlike the former, the size of bins are not time invariant but by

matching occupational shares it allows for a more direct quantitative comparison with the

latter.

Finally, once we have defined the three skill groups at the aggregate level, the last step

is to perform the same analysis performed in Section 3, for the occupational groups and,

therefore, study how their share of market working hours are allocated between large and

small cities in 1980 and 2008. We use here the same definition of large and small cities

used in Section 3, which are, respectively, those belonging to the top and bottom 33% of

the population distribution in 1980. Results are presented in Figure 15 where we report the

spatial difference in the change overtime in market working hours for the above defined four

skill groupings.
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Figure 15: Employment polarization at the worker level and city size. The graph compares
the difference in the change in market working hours shares of high-, middle- and low-
skilled workers between 1980 and 2008 between top and bottom 33% cities according to
four alternative measures: black bars report the values of the three skill groups obtained by
splitting the model-based skill distribution in order to match occupational shares in 1980
and 2008 (Occ): dark-gray bars report the values of three skill groups obtained by splitting
model-based skill distribution at the 20th and 80th percentiles in both 1980 and 2008; light-
grey bars report the values of three skill groups obtained by splitting model-based skill
distribution at the 33.33th and 66.66th percentiles in both 1980 and 2008; white bars report
the values of three skill groups obtained by splitting model-based skill distribution at the
25th and 75th percentiles in both 1980 and 2008.

These results confirm that spatial employment polarization occurs both at the occupa-

tional and at the worker level and point to a primary role of spatial sorting of heterogenously

skilled individuals across cities of different size in explaining the stronger pattern of spatial

polarization in large cities.
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