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Abstract

Between 1969 and 2007 a strong monotonic relationship between wage inequality

and city size has developed. In this paper, we investigate the causes of the city size

inequality premium and its relationship with the growth in overall wage inequality. We

find that about one-third of the overall increase in wage inequality in the United States

from 1979 to 2007 is explained by city size independent of observable demographic

characteristics correlated with city size. While this influence has occurred throughout

the wage distribution, city size’s effect on inequality in the lower half of the wage

distribution is about twice as large as that in the upper half of the wage distribution.

Growth in within group inequality has been the most important force driving these

city size specific patterns in the data but greater increases in observed skill premia in

larger cities have also played an important role. However, we find almost no role for

changes in the sorting of population sub-groups with higher wage inequality towards

larger cities for generating higher inequality in larger cities. Our evidence on the

evolution of wage inequality in cross sections of cities improves our understanding of

the mechanisms behind the expansion of inequality in marginal products of labor over

time.
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1 Introduction

Juhn, Murphy & Pierce (1993), Card & DiNardo (2002), Lemieux (2006), and Autor, Katz

& Kearney (2008) among others have documented a sharp rise in U.S. wage inequality

since 1980, especially at the top end of the wage distribution. Among full time full

year prime-age male workers, the variance of log hourly wages increased from 0.21 to 0.39

between 1979 and 2007. It is less widely recognized that over this same time period, a

strong positive relationship between wage inequality and city size has developed. In the

2004 to 2007 period, the variance of log hourly wages was 0.28 in rural areas and roughly

monotonically increasing to 0.53 in the largest three metropolitan areas. This pattern

is seen in most measures of inequality and has become steeper over time. In 1979, the

variance of log hourly wages for rural areas and the largest metropolitan areas were 0.19

and 0.24 respectively.

Figure 1 presents basic facts about the evolution of hourly wage inequality for our

sample of white men in the United States from 1979 to 2007. As has been documented

elsewhere, the 1980s saw a dramatic increase in wage dispersion at all points in the dis-

tribution and a decline in real wages for most workers. During the 1990s, those in the

top quarter of the wage distribution saw wage increases and increasing inequality, with

relatively stability throughout most of the rest of the distribution. Between 1999 and

2007, the wage distribution evolved similarly to during the 1980s with increased inequality

emerging at all points in the distribution. The only difference is that wages in this later

period kept up slightly better with inflation.

In this paper, we investigate the causes of the emergence of the city size inequality

premium from 1979 to 2007 and its relationship with the growth in overall wage inequality.

We find that about one-third of the overall increase in inequality in the United States from

1979 to 2007 is explained by city size independent of observable demographic character-

istics correlated with city size. While this influence has occurred throughout the wage

distribution, the portion of the increase in inequality in the lower half of the wage distribu-

tion that can be attributed to city size-specific factors is about twice as large as that in the

upper half of the wage distribution. Commensurate with Autor, Katz & Kearney’s (2008)

evidence using national data, we demonstrate that growth in within group inequality has

been the most important force driving these city size specific patterns in the data. That

is, most of the impact city size has had on the increase in inequality nationwide has come

because wages have become more unequal within demographic groups in larger cities than
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smaller cities. While this could reflect increased ability dispersion within observable groups

in larger cities, we think it is more likely to reflect more rapid increases in the return to

unobserved ability in larger cities. In addition, consistent with evidence in Glaeser et al.

(2008), we demonstrate that greater increases in observed skill premia in larger cities also

played an important role in generating the strengthening relationship between inequality

and city size. However, we find almost no role for changes in the sorting of population

sub-groups with higher wage inequality towards larger cities for generating higher inequal-

ity in larger cities. It is for this reason that we suspect increased sorting on unobserved

skill is also not a serious issue.

Understanding the emerging relationship between city size and inequality is potentially

invaluable for improving our understanding of the contemporaneous rise in inequality na-

tionwide. Indeed, data on factor prices and quantities in cross-sections of cities at recent

points in time exhibit many of the same features as factor price and quantity data in

the time-series since 1979. In particular, even though larger cities have greater log wage

gaps between skill groups, they also have larger quantities of skilled workers relative to

unskilled workers. Katz & Murphy (1992) and Bound & Johnson (1992) interpret an

analogous pattern in the time series as being driven by skill-biased technical change. Their

empirical observations have precipitated an extensive theoretical literature including Ace-

moglu (1998) and Galor & Moav (2000) that attempts to better rationalize the sources of

skill-biased labor demand shifts.

We argue that while cross-sectional patterns in the data are consistent with a con-

sumer equilibrium in a Roback (1982) type spatial equilibrium model, typically assumed

production technologies do not generate equilibrium patterns of labor demand across loca-

tions that are matched by the data. As such, cross-sectional patterns in inequality across

metropolitan areas potentially provide important clues about the form of the production

technology needed to justify the temporal changes in inequality widely documented in

other research.1 We argue that in order to capture these patterns in the data with a single

production technology, this technology must incorporate an agglomeration force and some

source of complementarity with skilled workers.

This paper proceeds as follows. Section 2 discusses in more detail the evolution of

the city size inequality premium since 1979. Section 3 explains how we construct the

1Card (2009) makes a similar observation in the context of analyzing the extent to which immigration
has led to increased inequality. Card also provides valuable empirical evidence that the data do not justify
models with more than two labor factors of production.
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data. Section 4 reports results of log wage variance decompositions. Section 5 investigates

the independent role of city size in generating growth in several additional measures of

wage inequality. Section 6 sketches a general equilibrium model of residential location and

discusses its implications for mechanisms behind the facts documented in previous sections.

Finally, Section 7 concludes.

2 Patterns of Wage Dispersion and City Size

Figures 2, 3 and 4 demonstrate the emergence of the positive relationship between wage

inequality and city size over the full distributions of wages and city size since 1979. For

the purpose of this paper, we index metropolitan area size to be 0 in rural areas and 1

to 10 to represent deciles of the urban population distribution in year 2000. That is, in

2000 approximately 10 percent of the metropolitan area population nationwide resides in

each of our city size categories. For other years, we maintain the same assignment of

metropolitan areas to categories based on populations in 2000. We experimented with

other similar indexes of metropolitan area size, including using contemporaneous deciles

and/or fixed cutoff populations over time, and they all generate very similar results. We

prefer our measure because it eliminates the possibility that changes in the relationship

between city size and inequality could have been generated by a few metropolitan areas

that changed locations in the city size distribution. In addition, our measure provides a

clear way to assign metropolitan areas to city size categories in 2005-2007 for which there

is no reliable MSA level population data. Incidentally, our measure also generates the

steepest relationship between city size and inequality in 1979 of the four measures that we

examined.2

Figure 2 Panel A shows that while the variance of weekly wages was essentially flat

as a function of city size in 1969, differing by 0.02 between rural areas and the largest

metropolitan areas, its slope increased in each subsequent decade. In the 2004-2007 period,

while the variance of weekly wages was 0.32 in rural areas, it was 0.62 in the largest three

metropolitan areas. Figure 2 Panel B shows that a similar pattern emerged for hourly

2Others including Ciccone & Hall (1996) use density rather than metropolitan area population as a way
of capturing the extent of agglomeration forces. We take no firm stand on which one of these measures is
better. Depending on the importance of local transportation and communication costs, each measure can
be justified by standard urban theory. We find population to be a more natural empirical measure as it
does not require measuring developed area. The correlation between the two measures in our data set is
0.44.
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wages. In 1979, the gap in the variance of hourly wages between the largest cities and

rural areas was 0.05 whereas by 2004-2007 it had increased to 0.25. Figure 2 Panel C

shows that the 90-10 percentile gap evolved similarly between 1979 and 2004-2007.

Figure 3 presents graphs of the 10th, 50th and 90th percentiles of the hourly wage

distribution by year and city size. Panel A shows that the 10th percentile of the wage

distribution declined during the 1980s and after 1999 throughout the city size distribution.

In addition, its profile with respect to city size became less steep over time. This is

evidence that over time agglomeration forces have become a less important component of

the marginal product of very low skilled workers’ labor. Panel B shows that from 1989

to 2007, the level and profile of median wages with respect to city size changed very little.

Between 1979 and 1989, though median wages dropped everywhere, they dropped more

in smaller cities. Panel C shows that while the 90th percentile of the wage distribution

changed little in rural areas and small cities between 1979 and 2007, it grew in large cities,

generating a much steeper relationship between the 90th percentile of wages and city size

over time.

Figure 4 shows the evolution of hourly wage distribution percentile gaps by city size over

time. Its examination allows us to draw some parallels between cross-sectional patterns

across cities of different sizes and evolution of the top and bottom portions of the wage

distribution nationwide. Figure 4 Panel A shows that the 50-10 percentile gap increased

in all types of locations and changed very little in slope with respect to city size during

the 1980s. It saw its greatest increase in slope with respect to city size during the 1990s,

even though the average level actually changed very little. Both slope and level increased

after 1999.

Comparison of Figure 4 Panel A and Figure 1 shows a striking evolution of the relation-

ship between overall inequality at the bottom end of the wage distribution and that as a

function of city size. Over the course of the 1980s, the increase in inequality in the bottom

part of the wage distribution occurred within cities of all sizes simultaneously. During

the 1990s, while inequality changed little in the bottom part of the wage distribution na-

tionwide, the 50th-10th percentile gap became strongly increasing in city size. A decline

in wage inequality in rural areas and small cities and an increase in larger cities generated

this pattern. Finally, after 1999 both the level and slope of the 50-10 gap with respect to

city size increased.

Comparison of Figure 4 Panel B and Figure 1 reveals a different story about the upper

part of the wage distribution. It shows that the city size inequality premium in the
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top part of the wage distribution increased in every period studied after 1979. This is

consistent with the evolution of the overall 90-50 gaps seen in Figure 1. In sum, evidence in

Figures 1-4 shows that the city size inequality premium is evident in the data and emerged

throughout the wage distribution, particularly after 1989.

3 Data

3.1 Demographic and Wage Data

Our primary data source for demographic information and wages is the census public

use microdata 5 percent samples from 1980, 1990 and 2000 plus the 2005-2007 American

Community Surveys (ACS). We choose these data sets so as to achieve large enough

samples within metropolitan areas in order to precisely estimate and decompose wage

distributions by metropolitan area size categories. We limit our analysis to white men

ages 25-54 who report working at least 40 weeks, 35 usual hours per week and who earn

at least 75 percent of the federal minimum wage in each year. The full time full year

limitation allows us to measure marginal products of labor for individuals who are less

likely to be constrained in their residential locations for family reasons. We use white men

only to limit the possibility that changes in discrimination and patterns of labor market

attachment for women and non-whites influence our estimates. Our earnings measure is

the hourly wage calculated by dividing annual income by weeks times usual hours worked.3

Annual income from the census is for the previous calendar year while that from the ACS

is for the year ending in the (unobserved) survey month. Therefore, we sometimes report

ACS wages as being for the period 2004-7. Many other studies that examine trends in

inequality in the United States use the Current Population Surveys instead. We found that

the CPS does not provide sufficient sample sizes and geographic detail to be the optimal

data set for our purposes.

We consistently use year 1999 definition county based metropolitan area (MSA) geog-

raphy throughout the analysis. Unfortunately, the most disaggregated census micro data

geography of County Groups in 1980 and Public Use Microdata Areas in 1990 and 2000

in many cases does not match up to MSA geography. As such, our spatial allocation of

individuals reported as living in regions that straddle MSA boundaries is imperfect. We al-

3Measurement error is an additional justification for using full time full year workers. Baum-Snow and
Neal (2009) demonstrate that there exists significant measurement error in hourly wages for part time and
part year workers in the census.
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locate those living in straddling county groups or PUMAs to the subregion with the largest

population. We assign each metropolitan area to one of ten population size categories and

all other areas to the remaining non-metropolitan size category.

An examination of the population distribution across city size categories reveals some

shifts over time. The distribution of total U.S. population across size categories in 1980,

1990 and 2000 built using aggregates of county populations reported in the census shows

that while the population of rural areas declined from 22 percent in 1980 to 20 percent in

2000, the fraction of the population living in one of the top three metropolitan area size

categories increased from 24 percent to 26 percent during this period. While this shift of

population toward larger metropolitan areas is interesting, we find no evidence that it can

explain any part of the increase in the city size inequality premium.

3.2 Spatial Price Deflator

One of the difficulties in analyzing residential location choice between metropolitan areas

is that cost of living differences are an important input into household location choice.

Moretti (2009) also argues that differences in cost of living may be an important element

for understanding inequality in well-being and how it has changed over time. To handle this

issue, we have constructed a deflator that takes into account differences in prices over time

across space. This price deflator accounts for the possibility that consumers’ consumption

bundles may differ across metropolitan areas in response to variation in relative prices.

We denote the exogenously given price of good i in time/location j as pji . We assume

that consumers have Cobb-Douglas utility over I goods, meaning expenditure shares for

each good are the same in each location. Our price index measures the relative expenditure

required across time and locations to hold utility constant given observed price differences.

The expenditure function in every location j must thus achieve the same level of utility U0
as that achieved in an arbitrarily chosen base time period and location 0.

X
i

αi ln(
αiE

j

pti
) = ln(U0) (1)

Equating utility in time/locations j and 0, we obtain the ideal index relating prices in

time/location j to those in 0, capturing the percent increase in expenditure required to
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keep an individual at the same utility.

INDEXj =
Ej

E0
= exp

X
i

αi ln(p
j
i/p

0
i ) =

Y
i

(pji/p
0
i )
αi (2)

This is the index we use to deflate wages across locations and over time.4

Building this index requires price data by time and location for different goods and

information on expenditure shares. We obtain prices by location from the American

Chamber of Commerce Research Association (ACCRA) data sets from 2000 to 2002. These

data report prices in six broad expenditure categories for most metropolitan areas and some

rural counties nationwide. When possible, we take data from 2001. For the few regions

not sampled in 2001 we take data from either 2000 or 2002. ACCRA reports provide us

with price data for 244 metropolitan areas and 179 rural counties.5 We impute price data

for remaining areas as follows. Metropolitan counties are assigned the average prices from

other MSAs in the same size category and state when possible. If there are no others of

the same size in their state, we impute using data from MSAs of the same size by census

division. Price data for rural counties are imputed analogously.

For time series variation in prices, we use regional and metropolitan price index data

from the BLS disaggregated into the same six categories used for the ACCRA data. We

assign each county to be represented by the most geographically specific index possible

in each year. Together, the ACCRA and regional CPI data allow us to calculate the

relative price in each expenditure category for location/time period j relative to the base

location/time period. The base time/location we define as the average ACCRA location

from 2001 but deflated to be index value 100 in 1999.6

Rather than take expenditure shares αi directly from the CPI-U, we build expenditure

shares for households including white men working full time using data from the biannual

Consumer Expenditure Surveys (CEX) starting in 1982. We build shares directly from the

4Albouy (2009) uses a more general methodology to account for cost of living differences across locations.
Absent federal income taxes, however, our two methods generate the same expression for adjusted wages.
Albouy differentiates a generalized spatial indifference condition similar to (1) generating a deflated log
wage in location j absent taxes and nonlabor income of ln(wj)− sp ln(pj) where sp is the share of income
spent on local goods and pj is the price of nontraded goods in location j. This is very similar to the
expression we use.

5ACCRA reports prices separately for different counties within some large metropolitan areas. In these
cases, we allow our price index to differ accordingly within MSA. Otherwise, we assign the ACCRA reported
prices to all counties in a given MSA.

6We choose 1999 as the base year so that 2000 census data does not have to be temporally deflated.
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CEX in order to best capture preferences of those in our sample and because the weights

used for the CPI-U sometimes fluctuate significantly from year to year. We found that

expenditure shares implied by the CEX are very similar for different education groups and

in different city sizes. As such, we prefer to use the sample from the CEX that best

matches our full census sample to calculate one set of expenditure weights that we apply

to all individuals in our sample.

We recognize that there are several ways to build a price index. Our key goal is to allow

for substitutability across expenditure categories for individuals facing different price ratios

because of their residential locations. In doing so, we are hampered by the limitations of

the ACCRA price index in that it only includes prices for a few items in each expenditure

category. This lack of data makes it nearly impossible to account for substitution between

narrowly defined varieties. Indeed Broda & Weinstein (2007) argue that the CPI overstates

inflation by about 0.8 percent per year because of quality upgrading, a bias that would be

reduced if price data from a more complete set of products were used to calculate the index.

Nevertheless, we feel that for our purposes the ACCRA data set is a superior source to the

BLS’s underlying price data used to build the CPI because its wide geographic coverage

greatly outmatches the 38 metropolitan areas in which the BLS currently collects price

data.7

As is evident in Figure A1, there is a distinct price gradient with respect to city size

in each year. In 1979 rural areas had prices within 5 percent of the 50 percent of the

population living in the smallest metropolitan areas. The next 40 percent of metropolitan

area residents faced prices about 10 percent higher than rural areas while the largest 3

metropolitan areas faced prices 27 percent higher. This grouping remained stable over

time with prices in each metropolitan area size category growing most between 1979 and

1989. After 1989, residents in the group of smaller metropolitan areas experienced price

premia of about 5 percent, residents in the medium to large group experienced an 11 percent

price premium and those in the largest group experienced a 32 percent price premium.8

7Broda & Weinstein (2007) build a temporal price index using a nested CES utility function. Unfor-
tunately, we do not have the requisite data to estimate elasticities of substitution between items within
broad commodity groups. Moretti (2009) employs a quantity weighted index to measure trends in wage
inequality deflated for cost of living differences across space and time. His index potentially suffers from
an assumption that college and high school educated individuals operate in separate housing markets and
that these markets can be captured by exclusively examining 2 and 3 bedroom apartments.

8The price premium in the largest metropolitan area size category is not entirely driven by New York
City. Indeed, in 2000 price premia go in order of MSA size with Chicago at 23 percent, Los Angeles at 32
percent and New York at 42 percent.
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3.3 Wage Inequality Accounting for Cost of Living

If firms are mobile and produce tradeable goods, wages not adjusted for cost of living

represent marginal products of labor. However, wages adjusted for cost of living mea-

sure something about utility, though they do an imperfect job of accounting for potential

amenity differences across locations. In Section 6 we sketch a model that clarifies these

points.

Table 1 reports distribution measures of wages unadjusted (Panel A) and adjusted

(Panel B) for cost of living. The left three columns show residual wage inequality while the

right three columns show total wage inequality. Table 1 shows that in 1979, adjusting for

cost of living differences across locations leads to almost no change in any listed measure of

wage inequality. This result makes sense given that there was only a very weak relationship

between inequality and city size, which is strongly correlated with local prices, at this

time. By 2007 however, each reported measure of wage inequality once adjusted for cost

of living is somewhat smaller than unadjusted wage inequality. This pattern is driven

almost exclusively by the increase in dispersion between skill groups since adjusted and

unadjusted residual wage inequality are very similar in all years.

Adjusting for cost of living reduces the growth in wage dispersion over time. This

adjustment reduces the growth in the variance of wages by 8 percent, the 90-50 percentile

gap by 14 percent and the 50-10 percentile gap by 6 percent between 1979 and 2007.

However, because the spatial price index is well predicted by observable skill and city

size, residual inequality actually increases slightly more quickly once accounting for cost of

living. Therefore, even if one is interested in understanding inequality in well-being rather

than inequality in marginal products of labor, a more careful investigation of potential

mechanisms behind the increase in residual inequality over time is in order. One goal in

the remainder of this paper is to present the results of such an investigation.

4 Variance Decompositions

In this section, we propose a wage process to use as a basis for the remainder of our

analysis. We use this wage process to examine the extent to which cities have influenced

between or within skill-group increases in wage dispersion and to evaluate whether shifts in

skill prices by location and skill level or shifts in the distribution of the population across

locations could have generated the observed increase in inequality. We recognize that
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while the classification of "prices" versus "quantities" facilitates a convenient statistical

decomposition, it imperfectly describes the underlying economic reasons for increases in

inequality.9 We find this statistical decomposition useful, however, because it reveals that

quantities play almost no role in generating the increase of the city size inequality premium,

or any increase in inequality at all, since 1979.

As a starting point we adopt the statistical model of the wage process employed in

Chay & Lee (2000) and Lemieux (2006).

wijt =
X
j

(μjt + εijt) (3)

In this equation, the log wage of individual i in demographic group j at time t has mean

and error components. The μjt parameters are mean log wages and εijt are residuals which

for now we assume to be distributed with mean 0 and variance σ2jt. These two elements

imply a decomposition of the variance of log wages into within and between components.

We assign individuals to one of 825 demographic cells j using 5 education categories, 15

age categories and 11 city size categories.

Figure 5 examines the evolution of the between cell component of the variance of wages

calculated using cell means μjt. Panel A shows that this component exhibited a positive

relationship between variance and city size even in 1979. While its profile exhibited a

parallel shift up during the 1980s, it became markedly steeper in each of the two subsequent

study periods. In 1979, between variance in the largest MSAs was 0.06 relative to 0.02 in

rural areas. By 2007 these numbers had grown to 0.17 and 0.05 respectively.

Using results from regressions of log wages on demographics and city size dummies,

Panel B examines the extent to which this emerging slope is generated by city size-specific

effects that are independent of age and education. The only decade in which the within-cell

gradient of coefficients with respect to city size increased was the 1980s while the city size

wage premium remained fairly constant after 1989. These results indicate that the increase

in the slope of variance with respect to city size in the 1990s and after 1999 has primarily

been due to systematic shifts in the prices or quantities of labor that happen to be more

concentrated in certain city size categories. That is, Figure 5 provides evidence that most

9 Indeed, a simple supply-demand framework indicates that quantities and prices must be determined
together in equilibrium. The typical interpretation that changes in prices come from labor demand shifts
and changes in quantities come from labor supply shifts is clearly not correct, as is emphasized by Katz
and Murphy (1992).
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of the increase in the city size wage premium driven by observables can be explained with

supply and demand factors that are independent of city size.

Figure 6 depicts the evolution of the within component of the variance over time across

the city size distribution. Note that in Panel A the left scale is almost twice as long as in

Figure 5, consistent with evidence in Table 1 that the residual component of the variance

is almost twice as large as the between component. Table 1 shows that the greater

importance of residual variance has persisted over time. While the between variance of

wages grew by 0.07 between 1979 and 2007, within cell variance grew by 0.11. As with

the between component of the variance, the positive relationship between residual variance

and city size increased the most during the 1990s with much smaller changes in the other

two study periods.

Results in Figure 6 Panel B indicate that an important portion of the increase in the

slope of the residual variance with respect to city size can be explained with city size effects

independent of demographic factors. Regressions of residual variance on demographic cells

and city size generate lines reported in Panel B that diverge dramatically between 1989 and

1999, though they change little in other decades. This is the same pattern of divergence

as seen in overall residual variance by city size reported in Panel A. Therefore, the pattern

in Panel B provides evidence that it is something about city size rather than demographic

groups disproportionately located in larger cities that drove the increase in the city size

residual wage inequality premium. This is in marked contrast to the results in Figure 5

indicating little change over the course of our study period in the portion of the between

component of wage variance explained by city size.

To determine whether quantities or prices generate the increases in between and within

components of the variance, we employ a standard variance decomposition. We specify

Equation (3) as

wijt =
X
j

Xijtβjt + εijt (4)

where Xijt are dummy variables that equal 1 if individual i at time t is in demographic

group j. This leads to the following expression for the variance of the wage

V (wijt) =
X
j

θjtβ
2
jt −

X
j

X
i

θjtβjtθitβit +
X
j

θjtσ
2
jt (5)

where θjt is the share of individuals in cell j at time t and βjt is the mean log wage in

cell j at time t. This expression facilitates determination of whether changes in prices or
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quantities influence changes in components of the variance of wages. We decompose the

growth in variance into the four components given by (6).

V (wijt)− V (wijs) =
X
j

β2jt[θjt − θjs] +
X
j

X
i

βitβjt(θisθjs − θitθjt)

+
X
j

θjs(β
2
jt − β2js) +

X
j

X
i

θjsθis(βisβjs − βitβjt)

+
X
j

σ2jt(θjt − θjs)

+
X
j

θjs(σ
2
jt − σ2js) (6)

These components are between quantities, between prices, within quantities, and within

prices respectively. We name the final component within prices even though it may also

reflect changes in unobserved skill or ability distributions within cells. Other researchers

have primarily interpreted this term as the change in the price of unobserved skill which

we find reasonable given the lack of evidence that observed skill quantities have driven an

appreciable part of the growth in inequality.

Table 2 presents the results of this decomposition. It shows that the 1990s was the only

decade in which changes in quantities across demographic cells accounted for more than

10 percent of the increase in variance. Consistent with evidence by Lemieux (2006) and

Autor, Katz & Kearney (2008) using different data sets, we find that shifts in quantities

across cells accounted for 30 percent of the increase in residual variance and 26 percent of

the increase total variance during the 1990s. On the whole, however, changes in prices

rather than the composition of the population across locations and demographics was a

much more important force generating the increase in wage inequality.

5 Measuring the Role of City Size

In this section, we evaluate the effects of city size independent of observed skill on changes

in various measures of wage inequality. To do so, we begin with the nonparametric statis-

tical decomposition of quantity and price components of changes in the wage distribution

proposed by DiNardo et al. (1996) and adopted by Autor, Katz & Kearney (2008) for

analysis of U.S. data and Dustmann et al. (2009) for analysis of German data. We then

generate counterfactual nonparametric wage distributions holding the elements of prices
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and quantities influenced by city size constant at their 1979 levels. We use these counter-

factual distributions to calculate counterfactual inequality measures absent city size effects.

Our key result is that while city size has independently generated 24 to 33 percent of the

growth in the variance of wages, this influence is more than twice as large for the bottom

half of the wage distribution than the top half and is primarily driven by growth in the

city size gradient of residual inequality.

In the construction of counterfactual wage distributions absent city size effects, we

impose that skill price distributions in rural areas are unaffected by city size effects in each

year. As such, we construct these counterfactual price distributions to maintain their

1979 shapes relative to rural distributions within demographic cells but impose changes in

spread over time that are unconditional on location. This benchmarking to rural locations

is a natural choice. As seen in Figure 2, rural wage inequality consistently increased the

least of all location types since 1979. Additionally, the industrial structure of the economy

has changed the least in rural areas. Therefore, our counterfactual distributions capture

how inequality would have evolved had larger cities’ technological gaps with rural areas

not expanded beyond their 1980 levels.10

Calculation of the following modified Herfindahl index by location reveals that rural

areas have experienced the most stable industrial composition since 1979. Skt denotes the

share of employment in industry k at time t.

Hst =
1

2

KX
k=1

(Skt − Sks)
2 (7)

This index can be thought of as a monotonic transformation of the distance in K dimen-

sional space between industry compositions at times t and s. It is straightforward to show

that the index is bounded between 0 and 1. We calculate the index separately by education

group using data in each study year.

Table 3 presents our modified Herfindahl index calculated using 1 digit industries for

each of 5 education groups within city size categories. Each panel shows results for a

separate education group. Table 3 shows that for every education group, rural areas

experienced the smallest change in their industry composition between 1979 and 2007 of

10One can imagine a model in which new technologies are available for adoption in all city sizes but
certain new technologies are increasingly productive in larger agglomerations, and thus are only adopted
there in equilibrium. In this world, our counterfactual distributions capture the impacts on inequality of
agglomeration biased technical change.
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any size category. This pattern holds in all intervening periods as well except for dropouts

in the 1990s and more than college in the 1980s. The pattern looks very similar when the

index is instead calculated using 3 digit industries. Given that the industrial composition

of the workforce changed the least in rural areas, we argue that it is reasonable to use rural

areas as an anchor location in calculation of counterfactual wage distributions.

5.1 Construction of Counterfactual Distributions

This subsection demonstrates how we build counterfactual residual and wage distributions

absent city size effects. In each time period t, the distribution of residuals ft(ε) is the set of

unobserved skill price distributions conditional on demographic group x and city size cat-

egory s weighted by population shares integrated over x and s. In Equation (8), gt(ε|x, s)
is the distribution of residuals while ht(x, s) is the joint distribution of demographics and

locations at time t.

ft(ε) =

Z
gt(ε|x, s)ht(x, s)dsdx (8)

This decomposition allows us to calculate counterfactual wage and residual distributions

given any combination of prices and quantities from any pair of years. We use this

framework to examine counterfactual wage distributions absent price and quantity changes

associated with city sizes. Calculating counterfactual distributions amounts to replacing

the components of ft(ε) with different values in each year.

Table 4 presents inequality measures calculated from the actual and two counterfactual

residual distributions. Columns headed "1980 Quantities" show measures of counterfac-

tual inequality holding demographics by location category at its 1980 distribution. This

amounts to reweighting the residuals in other years to 1980 shares. Therefore, the under-

lying distribution used to calculate constant quantity inequality measures in year t is given

by the following expression.

f qt (ε) =

Z
gt(ε|x, s)h1980(x, s)dsdx (9)

While not the focus of our study, we present these results to serve as an additional bench-

mark for our city size effect adjusted estimates and to connect our analysis to the existing

literature on this topic which largely uses CPS data and does not account for sorting across

locations.

Columns marked "1980 City Sizes" remove changes from the price and quantity com-
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ponents of the wage that occurred independently because of city size after 1980. These

plots maintain the 1979/1980 distributions of prices and quantities across city sizes within

demographic cells but allow the distribution of prices and quantities to change between

demographic groups. To calculate the quantity components of these counterfactual distri-

butions, we use the decomposition ht(x, s) = hat(s|x)hbt(x).
Our goal is to generate constant city size effect counterfactual residual distributions

that maintain the 1979 profiles of residuals as functions of city size within each demo-

graphic group in other years. To achieve this goal, we hold the relative price distributions

fixed across city size categories within demographic cells over time while allowing price

distributions by demographic group unconditional on location to change. We center these

counterfactual distributions around the percentiles at which residuals equal 0 in the actual

gt(ε|x, s) distributions. As discussed above, we treat rural areas as the reference location.
The mathematical construction of our counterfactual price distributions is as follows.

Because the key adjustment is done by percentile, it is convenient to initially express

the counterfactual distribution in terms of its inverse cumulative distribution function

Gc−1
t (φ|x, s). We nonparametrically calculate

eGc−1
t (φ|x, s) = G−1t (φ|x, 0) + [G−11980(φ|x, s)−G−11980(φ|x, 0)]

−[G−11980(φxst|x, s)−G−11980(φxst|x, 0)] (10)

for each percentile φ. We denote the percentile at the mean of the residual distribution for

demographic group x in location s at time t as φxst, such that φxst solves G
−1
t (φxst|x, s) =

0.

Equation (10) shows how we spread out the G−1t (φ|x, 0) distributions for locations
other than category 0 in each year. We expand (or contract) these distributions by

adding on the growth in the difference between residuals at the given percentile φ and

the reference percentile for the location s and location 0 distributions in 1980. The

second bracketed term accounts for the possibility that the percentile of the mean of each

residual distribution is not the same in 1980 as it is in subsequent study years. In order to

maintain mean 0 residual distributions within demographic group and city size category, we

demean the resulting probability distribution functions egct (ε|x, s) = d
dε
eGc
t(ε|x, s) to generate

counterfactual residual price distributions gct (ε|x, s).11

11Maintaining counterfactual mean 0 residual price distributions is important for our calculation of coun-
terfactual wages described below. The choice of the reference percentile φxst makes little difference as long
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Putting these price and quantity elements together, we have an expression for the

counterfactual distribution of the residuals.

f ct (ε) =

Z
gct (ε|x, s)ha1980(s|x)hbt(x)dsdx (11)

This is the formula used to generate the columns marked "1980 City Sizes" in Table 4.

Table 5 presents analogous measures based on wages instead of residuals. To calculate

counterfactual wage distributions, we use the fact that the unconditional distribution of

log wages at time t is given as follows.

at(w) =

Z
[mt(w|x, s) + gt(ε|x, s)]ht(x, s)dsdx (12)

Note that this expression is the same as ft(ε) above with the additional intercept term or

group mean mt(w|x, s). The calculation of the quantity constant wage distribution follows
analogously to above by replacing ht(x, s) with h1980(x, s).

The calculation of the city size effect constant distribution additionally requires cal-

culation of a counterfactual group mean wage absent city size effects. To calculate this,

we use the same logic as for calculation of the counterfactual distribution of people across

cells above absent city size effects. In particular, we calculate mc
t(w|x, s) to have the

same gradient with respect to city size as existed in 1980 within city size category but a

new mean for each demographic group x. This leads us to the following expression for

counterfactual wages.

act(w) =

Z
[mc

t(w|x, s) + gct (ε|x, s)]ha1980(s|x)hbt(x)dsdx (13)

The mean component mc
t(w|x, s) can be calculated several different ways, depending on

whether the distribution of individuals within group x is allowed to change across s or

not. In columns entitled "Composite Base" we report counterfactual inequality measures

based on distributions constructed assuming that the composition of the population within

demographic group evolves as it did in equilibrium across city size categories. For columns

entitled "1980 Base" we constrain the distribution of the population across demographic

groups to remain as it was in 1980. In all cases, the composite base generates group mean

wages that imply smaller effects of city size on inequality than does the 1980 base.

as it is near the center of the relevant price distribution.
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5.2 Results

Table 4 presents the evolution of actual residual inequality and two counterfactual inequal-

ity measures. Consistent with Figure 1, it shows that the variance, 50th-10th percentile

gap and 90th-50th percentile gap all increased over every time interval studied except the

50-10 percentile gap during the 1990s.

The second set of columns, "1980 Quantities", shows the evolution of residual wage

inequality holding the distribution of the population across demographic groups and city

sizes at its 1980 level and is calculated using Equation (9). Overall, shifts in quantities

across demographic and city size cells have hardly accounted for any of the increase in

any of the three measures of residual inequality during the 1980s. However, as reported

by Lemieux (2006), during the 1990s shifts in quantities appear important in generating

about half of the increase in the variance of residual wages.12 We again see no evidence

of quantities’ importance after 1999.

Consistent with evidence reported by Autor, Katz & Kearney (2008), we find that

this pattern masks countervailing forces at the top and bottom ends of the residual wage

distribution. At the bottom end, 1980 quantity adjusted residual inequality actually

exceeds actual residual inequality in 1990 and then falls precipitously during the 1990s.

However, behavior at the top end of the wage distribution is more consistent with Lemieux’s

evidence. Taken together, the "1980 Quantity" results in Table 4 show that between 1979

and 2007, demographic and location shifts account for no more than 20 percent of the

increase in residual inequality. This result indicates that changes in the sorting equilibrium

played a small role in generating increases in the city size inequality premium. Indeed,

when city size is not considered in the construction of the constant quantity numbers, the

implied distributions are so similar that all reported inequality measures change by less

than 0.01.

The third set of columns in Table 4 is constructed using counterfactual residual distrib-

utions that take out the effects of city size. These results indicate that an effect of city size

on residual inequality independent of observed skill exists in all three time periods exam-

ined and throughout the residual wage distribution. However, the role of city size is about

twice as large in the bottom half of the distribution as in the top half of the distribution.

12This result differs from that for the variance decomposition in the previous section due to differences
in base years used. Using data from the CPS, Lemieux (2006) actually claims that quantities account for
the full increase in residual wage inequality during the 1990s. Our use of a different data source means
that we should not expect to get exactly the same answer.
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City size effects generated 36 percent of the variance growth, 29 percent of the growth in

the 90-50 percentile gap and 60 percent of the growth in the 50-10 percentile gap between

1979 and 2007. For each inequality measure/year combination, counterfactual measures

calculated using only the price component of city size effects are almost identical to those

using both price and quantity components. Replacing ha1980(s|x) with hat(s|x) changes
the variance, 50-10 and 90-50 percentile gaps in all years by less than 0.01.13

Table 5 presents results analogous to those in Table 4 but for wages rather than resid-

uals. The numbers in Table 5 are calculated using wages constructed with the residuals

used for Table 4 plus intercepts. Patterns in Table 5 are very similar to those in Table

4. In addition to actual inequality, Table 5 lists two measures of counterfactual inequality.

The first, "Composite Base", uses calculations of the intercept portion of wage distribu-

tions from contemporaneous spatial distributions of the population. That is, it does not

account for changes in the sorting equilibrium after 1980 within demographic groups. The

columns entitled "1980 base" assume that the population remains at its 1980 distribution

across location types in each skill group.

Results in Table 5 indicate that as with residual inequality, up to one-third of the

increase in wage inequality from 1979 to 2007 can be attributed to city size-specific factors.

It also shows that the change in the sorting of individuals across locations generated one-

third to one-half of this effect. That is, variance of wages would have grown one-third slower

absent all city-size specific effects but 9 percentage points of that is because we restrict

individuals to remain in their 1980 locations. This restriction only matters for the overall

variance between 1999 and 2007. As with residual inequality, our estimates indicate that

overall wage inequality at the lower end of the distribution is much more greatly influenced

by city size specific factors than that at the upper end of the distribution, with impact on

the lower part of the distribution about twice as large as that on the upper part of the

distribution.
13Figure A2 shows that in each year the fraction college educated has a monotonicly increasing profile

that shifts up over time but does not change in slope. This pattern is consistent with our claim that
changes in the sorting equilibrium had nothing to do with the emerging relationship between inequality and
city size. (The slight level shift down between 1999 and 2007 comes because college graduates had large
declines in participation during this period.)
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6 Prices and Wages by Location and Skill

We have presented evidence indicating an important role for city size independent of ob-

servable demographic factors in generating increased wage inequality since 1979. In this

section, we lay out a theoretical framework that is a first step toward understanding po-

tential mechanisms behind this correlation in the data. We first outline the consumer side

of a standard spatial equilibrium model in the spirit of Roback (1982) with the addition of

worker skill heterogeneity. The central insight of the consumer theory is that an increase

in the market price of skill causes a greater increase in log wage gaps between skill groups

in more expensive cities than cheaper cities provided that the income elasticity of demand

for local goods is greater than one. That is, the conditions for a consumer equilibrium

require that the increase in the city size inequality premium is a direct by-product of the

increase in the price of skill, provided that local goods are a luxury. We then show that

cross-sectional data on wages and local prices by skill and location size fit this predicted

pattern. Finally, we discuss potential mechanisms on the production side that can generate

observed patterns in the data.

6.1 Consumers

Each worker has utility function U over composite traded consumption goods x of price

1, composite local goods R of price r and a local amenity level A. Each worker of skill

level s receives a wage ws to spend on consumption and local nontradeable goods. In

equilibrium, all workers of skill level s must achieve the same utility level V s no matter

where they live. As in the Roback (1982) framework, this indifference condition generates

a possible set of equilibrium wages, local prices and amenities across locations for each

skill group, with the key constraint that all skill groups in each location experience the

same prices and amenities. We express the indifference condition using the indirect utility

function as follows.

V s = max
x,R

[U(x,R,A) + λ(ws − rR− x)] (14)

Using this expression, it is straightforward to derive the shape of equilibrium relationships

between observed wages ws, local prices r and unobserved amenities A.

Total differentiation of (14) derives the standard equilibrium relationship between these
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three objects for small differences between locations.14

dV s = 0 =
UA

λ
dA+ d(ws)−Rdr (15)

Rearranging generates the following expression.

d ln(ws)−
rR

ws
d ln r = − UA

λws
dA (16)

This model thus predicts a constant elasticity between wages and rents across locations

with the same amenity value for those in a given skill group. Equation (16) also shows

that comparison of log wages net of local prices times expenditure share across locations

for individuals with the same skill level allows for recovery of locations’ relative amenity

values. Albouy (2009) uses a similar framework to back out quality of life estimates across

metropolitan areas.

We consider the comparative static in which log wages of high skilled workers increase

relative to those of low skilled workers in all locations.15 We focus on analyzing how

the equilibrium elasticity between local prices and wages across locations given skill group

and amenity level changes with an increase in overall log wage gaps between skill groups.

Our goal is not to understand why log wage gaps between skill groups have increased over

time, a topic of considerable existing research, but instead to derive conditions under which

these widening gaps are accompanied by a stronger relationship between inequality and

local prices. Analysis of this elasticity is informative about the relationship between log

wage inequality and city size because local prices faced by residents of a given location

are the same regardless of skill and local prices are monotonically increasing in city size.

Therefore, examination of the variation in this elasticity across skill groups allows us to

describe log wage gaps between low and high skilled workers as a function of city size

and how they change with the skill price. This analysis foreshadows empirical evidence

depicted graphically in log wage-log rent space in the following subsection.

The model predicts that log wage gaps are increasing in local prices provided that the

income elasticity of demand for nontraded goods is greater than 1. For similar reasons

described below, an increase in log wage gaps in every location, which could come about

14This condition ignores higher order effects and thus only holds in general for small differences. Never-
theless, it has been used extensively.
15 In the data presented in the following subsection, we see that while college educated workers’ wages

have increased, those of high school educated workers have actually decreased in real terms over time.
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because of nationwide shifts in labor demand for example, requires that these wage gaps

grow more in higher price locations than in lower price locations.

These two implications follow directly from the sign of the partial derivative of the equi-

librium elasticity between local prices and wages with respect to the wage, where amenities

and local prices are held fixed. Denoting the Marshallian demand for nontradeables as bR,
we have

∂

∂ws

µ
d ln r

d ln(ws)
|A=A

¶
=

1

Rr
[1− d ln bR(·)

d ln(ws)
]. (17)

If the income elasticity of demand for nontradeables is greater than 1, the elasticity of

rents with respect to wages across locations for a given skill group is predicted to decrease

over time for each skill group. That is, at each location the slope of the indifference

relationship between log rents and log wages is smaller for those with higher wages. This

directly indicates that wage gaps must be greater in higher price locations in the cross-

section. Similarly, since an increase in the wage for the high skill group at all locations

implies a reduction in this elasticity of interest, a stronger relationship between increasing

overall wage dispersion and local prices results.

The key to understanding (17) is to consider how much more nontradeables high skilled

people facing a given price consume relative to low-skilled individuals. If both high and

low skilled individuals consume the same amount of nontradeables (or the income elasticity

of demand is 0), both groups require the same dollar increase in wages to maintain their

utility level when faced with a price increase. This amounts to a smaller percentage

increase for the high skilled group. If the income elasticity is greater than 1, however, the

high skilled group requires a greater percentage increase in the wage to compensate them

for the price increase than does the low skilled group.16

This brief treatment shows that standard consumer theory generates four lessons for

empirical work using spatially disaggregtaed data on prices and wages by skill level. First,

we can determine locations’ relative amenity values by examining profiles of wages adjusted

for cost of living differences. Second, we should see a constant elasticity relationship

between local prices and wages for each skill group. Third, as a skill price increases, the

16 In all cases the level wage gap is weakly increasing in rents conditional on amenities. The equilibrium
slope between levels of rents and wages is 1

R
for a given skill group. If nontradeables R is a normal good,

the demand for R is increasing in skill. Therefore, this equilibrium slope is less steep for more highly
skilled individuals. The logic is that since higher skilled individuals consume more R, they require a larger
wage increase to compensate them for a rent increase than do lower skilled individuals. Therefore, in the
context of the standard Roback (1982) setup presented in levels, as reviewed in Moretti (2004), indifference
curves for different skill groups are convex and diverging upwards conditional on the amenity level.
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elasticity of local prices with respect to wages for that skill group declines if the income

elasticity of demand for nontradeables is greater than unity. Finally, the relationship

between log local prices and log wages diverges as a function of skill if nontradeables are

a luxury, conditional on amenity value. This divergence is increasing in the relative skill

price.

6.2 Empirical Observations

In this subsection, we first use lessons from the previous subsection to determine the relative

amenity values of city size groups. We then examine patterns in log local prices and log

wages for high school and college graduates over time by city size for locations with the

same amenity value.

To calculate relative amenity values, we regress log wages adjusted for cost of living

on city size dummy variables and interacted age/education dummy variables. If these

controls successfully capture skill heterogeneity across locations, (16) indicates that the

coefficients on city size reflect location types’ average relative amenity values. We graph

these coefficients in Figure 7 Panel A. They show a distinct inverse U shape in each

year indicating that rural areas and very large metropolitan areas have the most valuable

amenities. Of particular interest is that this profile of real wages with respect to city size

has hardly changed over time. We can think of these results as representing something

about the relative labor supply conditions to cities of different sizes.

Consistent with the literature on local labor markets (see Card (2009) for a recent

review), we break out the sample for high school and college educated individuals separately

in Figure 7 Panels B and C. These two graphs show that while the profile of wages adjusted

for cost of living is similar for both groups, it is shifted down for the high school graduates.

That is, if our controls capture differences across individuals in potential wages, high school

graduates’ amenity value is greatest for the largest cities while college graduates derive the

greatest amenity value from small and large locations. These figures also show that location

categories 1 through 9 all have similar amenity values in each year for both groups.

Now that we have a sense of the relative amenity values of locations of different sizes,

we can examine log wage gaps in cities of different sizes holding the amenity value constant.

Figure 8 depicts log local prices and log wages for high school and college graduates plotted

with numbers indicating city size category. Each panel presents these relationships for a

different point in time. Underlined numbers indicate observations for college graduates.
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For a given amenity level, each of these plotted points should fall on the same indifference

curve given by (14). We index average prices across all skill groups in rural locations in

each year to 0. Predicted indifference curves for location types 1-9 generated by simple

linear regressions are plotted as dashed lines for high school graduates and solid lines for

high school graduates. While not perfect, straight lines, or constant elasticities, fit the

data quite well.17

In each of the decades between 1980 and 2000, the slope of the college indifference

curve became less steep while it changed little for high school graduates. This matches

the theoretical case in which the income elasticity of demand for nontradeables is greater

than 1 and the college skill price was rising. In the most recent study period, the elasticity

for high school graduates became markedly steeper while that for college graduates changed

little. This is consistent with a declining high school skill price. Also consistent with a

high income elasticity is that log wage gaps between high school and college graduates are

increasing in local prices and city sizes. Furthermore, these wage gaps increased more over

time in large (high price) locations than in small (low price) locations.

In summary, Figure 8 shows patterns that can be understood in the context of standard

consumer theory provided that the income elasticity of demand for nontraded goods is

greater than 1. One may wonder whether such a high value for this parameter is reasonable.

One explanation is that the composition of nontradeable goods may vary by location size.

Larger cities have a greater variety of nontraded goods, (restaurants, sports teams, etc.)

and the demand for variety is partly what drives the high implied income elasticity of

demand for these goods. An alternative explanation for the patterns in Figure 8 is that the

distribution of unobserved skill within observed skill groups differs by location, a standard

ability bias story. However, in Baum-Snow & Pavan (2009) we find scant evidence of

sorting across location size on unobserved skill.

One additional consideration merits attention. We have treated as exogenous the

strong positive empirical relationship between city size and local prices. This relationship

has been justified theoretically in models of the internal structure of cities going back to

Alonso (1964), Mills (1969) and Muth (1969). As cities grow in population, the increased

competition for central locations generates an increase in the equilibrium price of space. In

addition, lengthier travel times and greater congestion increases shipping costs and prices

for many consumer goods. Our price index is designed to capture these cost of living

17Because location types 0 and 10 have greater amenity values from the rest, they fall above the plotted
lines.
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differences associated with larger cities. The exact mechanisms linking higher prices and

populations are not important for our purposes as long as we can take as given that there

is a structural relationship between these two objects.

6.3 Producers

The producer equilibrium is more difficult to rationalize than the consumer equilibrium

as doing so requires a model generating both higher factor and wage ratios between high

and low skilled workers in larger cities relative to smaller cities. Further, there is a

greater number of workers of both types in larger cities indicating a role for agglomeration

economies. This pattern is similar to that documented extensively in national time series

data after 1980.

Given the considerable evidence in the time series of similar patterns, it is useful to

consider whether mechanisms successfully proposed to rationalize time series data can also

be used to understand the cross-sectional data. The over-arching observation, widely

attributed to Katz & Murphy (1992), is that because the increase in wage inequality across

skill groups coincided with an increase in relative quantities of college workers, at least

part of this inequality increase must be attributable to relative shifts in labor demand

toward the more highly skilled. However, in the cross-sectional context one would have

to interpret this observation as heterogeneity in production technologies across cities of

different sizes. This interpretation is not entirely satisfying as it assumes away the answer

to the interesting follow-up question: Why are technologies different in cities of different

sizes and how does this difference manifest itself in greater inequality in larger cities?

To answer this question, we need a unified production technology that can generate the

patterns observed in the data.

While there is no study to date that proposes such a technology, the study that comes

closest is Krusell et al. (2000). These authors argue trends in aggregate factor ratios

and input costs can be rationalized with a 3-factor model that incorporates capital-skill

complementarity. The implication of their model is that as the price of capital fell with the

introduction of computers, the demand for skill increased because of this complementarity

in production. Given extensive empirical evidence by Ciccone & Peri (2005) and Card

(2009) that low and high skilled labor are substitutes, this explanation for relative factor

and input price ratios is more satisfying than a skill complementarity explanation. There-

fore, we argue that a model with both capital-skill complementarity and agglomeration
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economies could capture both cross-sectional and time-series patterns in the data. We

leave it to future research to more carefully develop and estimate such a model.18

7 Conclusions

In this paper, we demonstrate that cities have played an important role in the rise of in-

equality over time. In 1979, there was only a weak positive relationship between inequality

and city size while by 2007 a much stronger relationship between these two variables had

developed. We demonstrate that city size specific factors can explain about one-third of

the overall increase of the variance in wages between 1979 to 2007 independent of other ob-

servable factors. City size is about twice as important for generating increased inequality

in the bottom half of the wage distribution as in the top half.

The most important factor generating the city size specific component of inequality

growth is that demographic groups disproportionately located in larger cities experienced

larger increases in their wage dispersion in larger cities than smaller cities. That is, city

size has become more complementary with within observed skill group wage dispersion.

It is also true that the skill premium has grown more in larger cities than smaller cities

and rural areas. However, the emergence of the city size inequality premium is not due

to systematic migration of demographic groups with greater wage dispersion toward larger

cities. We demonstrate that these results are what standard consumer theory predicts

in response to a divergence in the prices of high and low skilled labor provided that the

income elasticity of demand for nontraded goods is greater than 1.

We hope that our analysis sparks further research examining reasons for changes in

the structure of labor demand using metropolitan area level data. While the empirical

patterns that we document are consistent with equilibria generated by standard consumer

theory, it is less clear how and why firm behavior generates these patterns. The consid-

erable cross-sectional variation available in metropolitan area data facilitates investigation

of determinants of changes in labor demand that have contributed to growing wage and

income inequality. We believe that patterns in the cross-section in addition to the time-

series provide useful clues that can help to further unlock the mysteries of the determinants

of changes in the structure of labor demand.

18A production technology with only labor factors but incorporating a skill-biased agglomeration force
as in Dalmazzo & De Blasio (2007) would also match the cross-sectional patterns in the data. However, it
is less clear how one would use such a technology to understand trends over time.
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Figure 1: Log Hourly Wage Growth by Percentile 1979-2007
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Notes: The sample includes all full-time white male workers ages 25-54 working at least 40 weeks in
the listed years. Data is from the census 5% PUMS in 1980, 1990 and 2000 and 1% American
Community Surveys (ACS) in 2005, 2006 and 2007. Hourly wages are deflated by the CPI-U and
calculated as the logarithm of wage & salary income divided by the product of weeks worked and
usual hours worked per week. Observations with imputed demographics, labor supply or wages, the
self-employed and those who earned less than 75% of the federal minimum wage in the earnings year
are excluded from the sample. Calculations are weighted by sampling weights except for those using
the 1980 census which is an unweighted sample. Data listed as being for 2007 actually represents
average wages from full years ending in 2005, 2006 or 2007.

‐0.2

‐0.1

0

0.1

0.2

0 25 50 75 100

Percentile

1979-1989

1989-1999

1999-2007



Figure 2: Wage Inequality by City Size

Panel A: Variance of Weekly Wages

Panel B: Variance of Hourly Wages
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Notes: See the notes to Figure 1 for a description of the sample used for Panels B and C. Because usual hours
worked is not observed in the 1970 census, the sample for Panel A additionally includes part time workers. City
size categories are based on 2000 metro area populations. Size 0 corresponds to non-MSA locations. Sizes 1-10
correspond to 10-percentile bins from the year 2000 MSA population size distribution.

Panel C: 90th-10th Percentile Gap in Hourly Wages
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Panel A: 10th Percentile

Panel B: 50th Percentile

Figure 3: Percentiles of the Hourly Wage Distribution by City Size and Year
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Notes: See the notes to Figures 1 and 2 for explanations of the sample and construction of city size categories.

Panel C: 90th Percentile
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Panel A: 50th-10th Percentile Gap

Panel B: 90th-50th Percentile Gap

Figure 4: Hourly Wage Percentile Gaps by City Size and Year
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Notes: See the notes to Figures 1 and 2 for explanations of the sample and construction of city size categories.
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Figure 5: Between Cell Variance of Hourly Wages by City Size and Year

Panel A: Between Variance of Hourly Wages

Panel B: Independent Effect of City Size on Between Variance
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Notes: Panel A shows variances of age/education cell mean log-wages within city size categories. Panel B plots
the coefficients on city size dummies from regressions of cell means on age/education cells and city size category
indicator variables weighted by cell size. That is, Panel B shows city size premia for the between component of
the variance of log wages in each year.
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Figure 6: Within Cell Variance of Hourly Wages by City Size and Year

Panel A : Within Variance in Hourly Wages

Panel B: Independent Effect of City Size on Within Cell Variances
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Notes: Panel A shows the variance of residual log-wages in age and education cells by city size category. Panel B
plots the coefficients on city size dummies from regressions of these variances on age/education cells and city
size category indicator variables weighted by cell size. That is, Panel B shows the average relationship between
city size and within group variance.
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Figure 7: Cost of Living Adjusted Wages by City Size

Panel A: Full Sample

Panel B: High School Graduates Only
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Notes: Each graph shows estimated coefficients on city sizes from regressions of wages adjusted for cost of
living on interacted age/education dummy variables and city size dummy variables. Panel B restricts the sample
to high school graduates only and Panel C restricts the sample to college graduates only. Locations with higher
adjusted log wages have lower amenity values.
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Figure 8: Log Prices and Log Hourly Wages by City Size and Education, 1979-2007

Panel A: 1979 Panel B: 1989
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Table 1 for a description of the sample.
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Notes: Each line shows the average prices across individuals relative to rural areas in each year.

Figure A1: Prices by City Size by Year

Figure A2: Fraction College or More by City Size and Year
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Notes: Each line shows the fraction of the sample with a college education or more by city size category in each
year.  
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Variance 90-50 Gap 50-10 Gap Variance 90-50 Gap 50-10 Gap

1979 0.16 0.45 0.55 0.21 0.53 0.63
1989 0.21 0.50 0.60 0.29 0.62 0.70
1999 0.25 0.56 0.60 0.34 0.72 0.67
2004-7 0.27 0.61 0.64 0.39 0.81 0.74

1979 0.17 0.46 0.56 0.21 0.52 0.63
1989 0.21 0.50 0.60 0.28 0.61 0.68
1999 0.25 0.56 0.60 0.33 0.70 0.66
2004-7 0.28 0.62 0.64 0.38 0.77 0.73

1979 to 1989 0.02 -0.02 0.08 0.17 0.08 0.34
1979 to 1999 -0.02 -0.01 -0.05 0.10 0.13 0.16
1979 to 2004-7 -0.04 -0.03 -0.04 0.08 0.14 0.06

Notes: See the notes to Figure 1 for a description of the sample. Residuals are calculated using age,
education and city size cell means of hourly wages.

Panel A: Nominal Wages

Panel B: Wages Adjusted for Cost of Living

Table 1: Trends in Hourly Wage Inequality

Residual Total

Panel C: Fraction Reduction in Growth Due to Cost of Living Adjustment



Quantities Prices Sum Quantities Prices Sum Quantities Prices Sum

1979 to 1989 0.000 0.034 0.034 0.000 0.046 0.046 0.000 0.080 0.080
1989 to 1999 0.001 0.011 0.012 0.012 0.027 0.039 0.013 0.038 0.051
1999 to 2004-7 0.004 0.022 0.026 0.000 0.025 0.025 0.004 0.047 0.051

1979 to 2004-7 0.008 0.065 0.073 0.014 0.096 0.110 0.022 0.160 0.183
Notes: See the notes to Figure 1 for a description of the sample. The text explains our procedure for separating the price and quantity components of
the growth of each portion of the variance.

Total

Table 2: Components of the Variance of Hourly Wages

Within CellsBetween Cells



City Size
Index 1980-1990 1990-2000 2000-2005-7 1980-2005-7

Rural 0.001 0.002 0.003 0.012
1 0.003 0.003 0.004 0.021
2 0.004 0.005 0.006 0.038
3 0.005 0.004 0.004 0.037
4 0.006 0.004 0.004 0.039
5 0.004 0.009 0.004 0.047
6 0.007 0.007 0.004 0.045
7 0.007 0.007 0.004 0.047
8 0.005 0.003 0.009 0.041
9 0.007 0.008 0.004 0.050
10 0.008 0.001 0.004 0.031

Rural 0.000 0.001 0.002 0.007
1 0.002 0.001 0.002 0.014
2 0.003 0.002 0.002 0.019
3 0.004 0.001 0.002 0.019
4 0.004 0.002 0.002 0.021
5 0.002 0.003 0.002 0.020
6 0.004 0.003 0.002 0.022
7 0.005 0.002 0.002 0.023
8 0.003 0.002 0.003 0.021
9 0.004 0.002 0.002 0.023
10 0.004 0.002 0.002 0.022

Rural 0.000 0.001 0.001 0.005
1 0.002 0.001 0.001 0.010
2 0.001 0.002 0.001 0.011
3 0.002 0.001 0.001 0.011
4 0.002 0.002 0.002 0.014
5 0.001 0.002 0.001 0.011
6 0.002 0.003 0.001 0.014
7 0.002 0.002 0.001 0.015
8 0.002 0.003 0.002 0.016
9 0.003 0.002 0.001 0.012
10 0.002 0.003 0.001 0.016

Sum of Squared Industry Share Changes

Table 3: Shifts in Industry Composition by City Size

Panel A: High School Dropouts

Panel B: High School Only

Panel C: Some College



Rural 0.001 0.001 0.000 0.006
1 0.004 0.002 0.000 0.012
2 0.003 0.002 0.000 0.015
3 0.002 0.003 0.000 0.014
4 0.003 0.003 0.001 0.017
5 0.003 0.004 0.001 0.017
6 0.003 0.005 0.000 0.020
7 0.003 0.005 0.001 0.019
8 0.002 0.005 0.001 0.018
9 0.004 0.005 0.000 0.017
10 0.003 0.006 0.001 0.021

Rural 0.004 0.000 0.000 0.004
1 0.006 0.000 0.000 0.009
2 0.002 0.000 0.000 0.005
3 0.002 0.001 0.000 0.007
4 0.003 0.000 0.000 0.006
5 0.004 0.001 0.000 0.006
6 0.003 0.002 0.001 0.012
7 0.003 0.002 0.000 0.008
8 0.004 0.002 0.001 0.012
9 0.004 0.001 0.000 0.009
10 0.004 0.002 0.001 0.011

Notes: Each entry is the sum of the squared difference in 1-digit industry
shares between the years in the column headers for the city size category
indicated in the row and the education group listed in each panel header.

Panel E: More Than College

Panel D: College Only



Actual 1980 1980 City Actual 1980 1980 City Actual 1980 1980 City
Year Quantities Sizes Quantities Sizes Quantities Sizes

1979 0.16 0.16 0.16 0.45 0.45 0.45 0.55 0.55 0.55
1989 0.21 0.21 0.20 0.50 0.50 0.49 0.60 0.61 0.60
1999 0.25 0.23 0.20 0.56 0.55 0.52 0.60 0.59 0.55

2004-7 0.27 0.26 0.23 0.61 0.62 0.57 0.64 0.64 0.59

1979 to 1989 0.00 0.00 0.24 0.00 -0.03 0.23 0.00 -0.14 0.05
1979 to 1999 0.00 0.19 0.51 0.00 0.11 0.38 0.00 0.19 1.06

1979 to 2004-7 0.00 0.13 0.36 0.00 -0.01 0.29 0.00 -0.03 0.60
Notes: The two columns in Panel A under the heading of Counterfactual are measures of inequality formed using counterfactual residual
distributions. "1980 Quantities" holds the quantities of individuals by demographic group and location at their 1980 distribution but allows
prices to change over time as they did in equilibrium. "1980 City Sizes" uses the 1980 profile of distribution spread as a function of city
size.  See the text for a more complete explanation of the construction of these counterfactual measures.

Panel B: Fraction Reduction in Growth Due to City Size Effects

Panel A: Measures of Residual Distributions

Table 4: Impacts of City Size on Residual Inequality

Variance 90 - 50 Percentile Gap 50 - 10 Percentile Gap
Counterfactual Counterfactual Counterfactual



Actual 1980 Composite 1980 Actual 1980 Composite 1980 Actual 1980 Composite 1980
Year Quantities Base Base Quantities Base Base Quantities Base Base

1979 0.21 0.21 0.21 0.21 0.53 0.53 0.53 0.53 0.63 0.63 0.63 0.63
1989 0.29 0.29 0.27 0.27 0.62 0.63 0.62 0.62 0.70 0.71 0.69 0.69
1999 0.34 0.32 0.29 0.29 0.72 0.71 0.69 0.67 0.67 0.66 0.63 0.63

2004-7 0.39 0.37 0.35 0.33 0.81 0.78 0.76 0.73 0.74 0.72 0.70 0.68

1979 to 1989 0.00 0.00 0.21 0.20 0.00 -0.21 -0.04 -0.03 0.00 -0.14 0.18 0.16
1979 to 1999 0.00 0.14 0.37 0.42 0.00 0.07 0.18 0.24 0.00 0.25 0.84 1.03

1979 to 2004-7 0.00 0.12 0.24 0.33 0.00 0.12 0.18 0.27 0.00 0.19 0.35 0.52

Notes: Measures of distribution inequality listed in the "Composite Base" and "1980 Base" columns are built using counterfactual hourly wage distributions absent changes in city
size effects after 1980. The residuals for these distributions are the same as those used in Table 4. The intercepts for the Composite Base columns are built holding the slope with
respect to city size the same as its 1980 level in each demographic group and weighting by contemporaneous population shares. The intercepts for the "1980 Base" columns
instead weight by 1980 population shares.  See the text for a more complete explanation.

Panel B: Fraction Reduction in Growth Due to City Size Effects

Panel A: Measures of Wage Inequality

Table 5: Impacts of City Size on Measures of Wage Inequality

Variance 90 - 50 Percentile Gap 50 - 10 Percentile Gap
Counterfactual Counterfactual Counterfactual


