Wage Premia in Employment Clusters. Agglomeration or Worker Heter ogeneity?

Shihe Fu, Southwestern University of Finance and Economics, China

Stephen L. Ross, University of Connecticut

Key Words: Agglomeration, Wages, Sorting, LocatiorEquilibrium, Human Capital

Externalities

JEL Codes: R13, R30, J24, J31

Corresponding Author: Stephen L Ross, Departméiconomics, University of Connecticut,

341 Mansfield Road U-63, Storrs, CT 06269-1063st@.l.ross@uconn.ed860-486-3533.




Wage Premia in Employment Clusters. Agglomeration or Worker Heter ogeneity?

Abstract

This paper tests whether the correlation betweegewaand the spatial concentration of
employment can be explained by unobserved workeduymtivity differences. Residential

location is used as a proxy for a worker’'s unobsérproductivity, and average workplace
commute times are used to test whether locatioadbpsoductivity differences are compensated
away by longer commutes. Analyses using the 20@0s@s find that the agglomeration
estimates are robust to comparisons within resialeldcation and that the estimates do not
persist after controlling for commutes suggestihgt tthe productivity differences across

locations are due to agglomeration rather thanymtidty differences across individuals.



Introduction

The strong correlation between wages and the ctratem of economic activity has
often been cited as evidence of agglomeration en@x) but this correlation may also arise
because highly productive workers prefer locatioith high levels of economic activity. In this
paper, a standard wage model is used to test domgration economies except that a worker’s
residential location is used as a proxy for th@iolservable productivity under the premise that
workers sort across residential locations basgzhrhon their permanent incomes or innate labor
market productivity. Further, in a locational eguilum, identical workers should receive equal
compensation, and therefore similar workers fathregsame housing prices should receive the
same wage net of commuting costs. The conceptuplerement is to compare two
observationally equivalent individuals who residethe same location and work in locations
with different levels of agglomeration. Does thdividual that works in the high agglomeration
location earn a higher wage suggesting higher mtodty at that work location, and if so does
he or she also have a sufficiently longer commaotéhat the two workers receive the same real
wage suggesting that the workers indeed have simmiaate labor market productivity?

Cities are the primary location of economic activihroughout the world. A key
explanation for the existence of cities is that¢dbacentration of economic activity enhances the
efficiency of economic production, in other wordgglomeration economies. A huge literature
exists on testing for the existence of and uncogetine magnitude and nature of agglomeration
economies. These studies use a wide variety ofoappes including examining productivity
(Ciccone and Hall, 1996; Henderson, 2003), emplayn{&laeser, Kallal, Scheinkman, and
Shleifer, 1992; Henderson, Kuncoro, and Turner,5)98stablishment births and relocations

(Carlton, 1983; Duranton and Puga, 2001; Roserghdl Strange, 2003), co-agglomeration of



industries (Ellison and Glaeser, 1997; Dumais,sBili and Glaeser, 2002), product innovation
(Audretsch and Feldman, 1996; Feldman and Audrets@@9), and land rents (Rauch, 1993;
Dekle and Eaton, 1999).

An increasingly important approach for studyinglagteration is to examine wage
differences across work locations. A central featfrmost models of agglomeration economies
is that agglomeration raises productivity. Sinem$ pay workers the value of their marginal
production in competitive labor markets, a natteat for agglomeration economies is whether
firms pay a wage premium in areas with concentratethomic activity. Glaeser and Mare
(2001), Wheeler (2001), Combes, Duranton, and Gob{2004), Fu (2007), Rosenthal and
Strange (2006), Yankow (2006) and DiAddario andaBdhini (2005) all find that wages are
higher in large labor markets with high concentriagi of employment. Many of these studies
also find a positive link between wages and the dnucapital level associated with an
employment concentratioh.

A classic question in this literature is whetheg ttoncentration of employment causes
higher productivity and therefore higher wages dretlier high quality workers have simply
sorted into areas with higher concentrations of legmpent. Glaeser and Mare (2001), Wheeler
(2001), Combes, Duranton, and Gobillon (2004) amatkow (2006) find evidence of an urban
wage premium using longitudinal data where they camtrol for heterogeneity using worker
fixed effects (although worker fixed effects do kp a substantial portion of the raw
correlation between employment concentration angesn These studies typically find evidence

that wages grow faster in larger urban areas, pathndue to faster accumulation of human

! See Audretsch and Feldman (2004), Duranton and E@4), Moretti (2004), and Rosenthal and Strg8§64)
for detailed discussions of the literature on aggloation economies and production externalitiehiwitities.

2 Other studies, Wheaton and Lewis (2002), Combesaimon, and Gobillon (2004), and Fu (2007), finitlence
that wages increase with concentrations of employnmean individual's own occupation or industry.
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capital® The obvious limitation of this approach is that #ffect of agglomeration on wages is
identified by the subset of people who move frone anetropolitan or labor market area to
another®

Our paper proposes a new strategy that avoidsngelgn movers by drawing explicitly
on several well establish features of urban ecoasntrirst, a worker’s residential location is
used as a proxy for his or her unobservable prodtyctattributes. Specifically, the paper
estimates wage premia across work locations lodatdte same metropolitan area and examines
whether these work location wage premia are rotautite inclusion of residential location fixed
effects. This research design draws on the commexdgpted premise that individuals sort over
residential location based on tastes, which arggligrunobservable and correlated with worker
productivity. For example, workers with higher puatlvity know that they can expect a higher
lifetime income, and therefore these workers delyito have a greater willingness to pay for
neighborhood amenities. Workers residing in singjaality locations should have similar levels
of productivity, and after controlling for resideltlocation those workers should earn similar
wages unless their respective employment locatoeate productivity differences between the
workers® This strategy is similar to Dale and Kruger's@ppaper on higher education where

they condition on the set of schools to which shisleapplied and were either accepted or

% The most compelling evidence behind the humartaiagicumulation story is provided by Glaeser aratév
(2001) who find that workers who migrate away friamge metropolitan areas retain their earningsggain

“In a cross-sectional studyjiAddario and Potacchini (2005) argue that theyehidentified causal effects of
agglomeration on wages because there is almostigration, i.e. sorting, across the labor marketgeced in their
sample of workers in Italy. The paper providesrarevidence that workers in large labor marketsaily are more
productive, but it is unclear whether this higheoductivity arises from agglomeration economies otiner
unobservables, such as across market differendbs iquality of the education system or attitudeegatrds work.

® Rosenthal and Strange (2006) also examine aggtimereffects on wages within metropolitan areas their
primary focus is on the attenuation of these ecaesmmver space. They address concerns about dogeneity of
work location by comparing the effects of employtemncentrations on wages across concentric rihgs o
employment at different distances from a worket&cp of work. They also include fixed effects &ir
metropolitan area-occupation combinations andunsémt for the level of agglomeration in a locatiming
geographical features of the land on which the eympknt activity is located.
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rejected, and among students with similar choicesaitcomes on this margin the selection into
a specific school is assumed to be exogenous taygaathat school.

Further, equilibrium in an urban economy requites equivalent workers should obtain
the same level of utility even if they live or wonk different locations. After controlling for
commuting time differences, workers residing in ane neighborhood should be indifferent
between jobs in different locations even if one tbbse locations creates agglomeration
economies leading to higher productivity and higheminal wages. Rational workers will sort
into locations with higher wages until congestiarses commuting time eroding the real value
of the high nominal wage. In equilibrium, wage difnces across locations must be entirely
compensated by longer commutes (Timothy and Wheaf#1)® and unexplained location
wage premia should not persist in models that cbfr both residential location and commute
time unless those premia were created by unobsgmegtlictivity differences between workers.
Specifically, the inclusion of commute time in twage equation provides us with a test for the
relationship between workplace agglomeration arad oe net of commute wages, and a zero
estimate on workplace agglomeration in a modekaf wages is consistent with no conditional
correlation between workplace agglomeration andkewounobserved productivity. While this
compensation logic has been applied extensivelpeénquality of life literature (Roback 1982,
Gyouko, 1999, Albouy 2008, 2009) and is appliedayis, Fisher, and Whited (2009) to study
agglomeration wage premia across metropolitan atkasogic has not been exploited in models

examining agglomeration economies within metropaliareas even though presumably mobility

6 Timothy and Wheaton (2001) examine the capitaliratif commutes into wages within urban labor market
Some earlier studies of urban wage gradients ieclhhnfeldt and Young (1994), Ihlanfeldt (1992)¢Millen and
Singell (1992), and Madden (1985).



should be higher and transaction costs lower whemsidering equilibrium wages within
metropolitan areas.

We draw a sample of individuals residing in midesi to large metropolitan areas from
the Public Use Microdata Sample (PUMS) of the 2008. Decennial Census and estimate the
relationship between the concentration of employnretheir workplace Public Use Microdata
Area (PUMA) and their nominal wage rate, contrglifor a standard set of individual level
controls including occupation, industry, and metidpn area fixed effects. We find
agglomeration effects that are comparable in siz¢hé effects identified by Rosenthal and
Strange (2006) using a similar sample also draam fthe 2000 PUMS, as well as evidence that
the wages are higher in locations with more educaterkers, again similar to Rosenthal and
Strange (2006).We find that these estimated agglomeration effextease in magnitude after
controlling for unobserved worker productivity difences using residential location fixed
effects potentially because low skill individuaéside in central cities near agglomerated work
locations. Further, the inclusion of a commute ticoatrol eliminates any relationship between
the agglomeration variable and wages. Wages nebmimuting costs do not appear to vary
systematically over space suggesting that the astisnagglomeration effect on nominal or firm
wages is not due to unobserved differences in wopkeductivity. Similar findings arise for
human capital externalities using an extended muusl includes a control for the education
level of workers.

The two obvious weaknesses of this approach ateréisadential location at the level

measured may provide an imperfect control for ueoled worker quality and that workers may

" The influence of the presence of educated worernsages is discussed in the context of humanaapit
externalities. However, this paper does not mageexplicit attempt to test the various competiggdtheses
concerning the underlying causes of agglomeratimmemies. See Ellison, Glaeser, and Kerr (2007)efoent
work on this question.
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sort over commute time based on their unobservairkgting a correlation between commutes
and worker productivity.In terms of concerns about imperfect neighborhomatrols, we verify
that the estimated coefficients on education véemtare attenuated by the inclusion of the
residential controls exactly as is expected if tbgidential controls are successfully capturing
worker productivity unobservables. Further, thediings are robust to models that restrict our
sample to large metropolitan areas where the langenber of residential PUMA’s provide
better controls for neighborhood and models thgaad residential controls both to allow for
individual heterogeneity based on when individuats/ed into a neighborhood and tenure status
(Ortalo-Mange and Rady, 2006) and to allow for efi#int submarkets based on the housing
stock.

Concerning the commute time model, we directly twbiether workers sort across
commutes based on observable measures of humatalcapiVe find that the conditional
correlation between average workplace commute &nteworker education is very near to zero.
After controlling for other model variables, workesire not sorting across commutes based on
observable measures of human capital, which ieagt Isupportive of a maintained assumptions
that workers are not sorting over commutes basedirmbservable ability.In addition, we
estimate a model dropping all individual covariaiteorder to increase the variation in wages
associated with unobserved productivity, and osulte are very robust. Finally, we estimate
separate models across regions, worker educatiansportation modes, and race/ethnicity

subgroups. If the influence of commute time onneates of agglomeration economies arose due

8 The systematic selection of workers across comsrhaised on income or wage rate is well establishatban
economics, see LeRoy and Sonstelie (1983) and &lagahn, and Rappaport (2008).

® Altonji, Elder, and Tabor (2005) suggest thatdlegree of selection on observables may provideod gualication
of the potential selection on and bias from unolegles. Further, given the anticipated strongetation between
education and ability, sorting over commutes baseebility would likely show up as a correlatiortleen
commutes and education.
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to correlation with unobservables, we would expeey unstable estimates on the commute time
variables across these various samples, but threagetl coefficients are quite robust suggesting
that the estimates capture a fundamental relatipmsturban economies.

The approach pursued in this paper can be viewed@snplement to the longitudinal
studies of agglomeration economies discussed alidweelongitudinal studies usually focus on
small research oriented panels of a few thousardexs® and are only identified by workers that
migrate between labor markets. In this paper, wayapur approach to a large cross-sectional
sample and estimate the effect of concentrated@mant using a broad population of workers
residing in large and mid-sized U.S. metropolitamaa. Even after conditioning on residential
location, we find estimates of agglomeration ecolesnand human capital externalities that are
comparable in magnitude to traditional estimatasithHer, the failure to find any empirical
relationship between agglomeration and net of cotanages suggests that the agglomeration
estimates are not biased by unobserved worker ptiwdy.

The paper is organized as follows. The next segbi@sents our conceptual framework
and empirical methodology. The third and fourthtisexs describe the data and the findings, and
the fifth section concludes.

M ethodology

The basic empirical model is quite similar to maedelvestigated in previous wage
studies of agglomeration economies where it israsguthat firms pay workers their marginal
revenue product and so differences in nominal wagesure the returns to higher productivity

arising from agglomeration. The logarithm of indivali’s wage ;) in locationj is

Yi =BX +L; ta tg (1)



whereX; is a function of individual observable attribut&sis employment concentration in the
employment location, a; is an individual specific random effect that captuheterogeneity in
labor market productivity, but is uncorrelated wXh andg; is a random error that allows an
individual’'s current earnings or wage to differfraheir permanent income or earnings capacity.
If individuals sort over employment locations basedtheir expected wag@X+ ;), or tastes
that are correlated with productivity, the unobseincomponent of productivityy will be
correlated withy; or

E[Z,,a,]#0

biasing estimates gf
Residential Location as a Proxy for Worker Unobabtges

Our proposed solution to this problem is basedhensimple idea that individuals sort
into residential locations based on their unobddesm and therefore one can minimize
unobservable differences between workers by comg@andividuals who reside in the same
location. The properties of models of residerg@ting with taste unobservables have been well
established in models by Epple and Platt (1998pl&jpnd Sieg (1999), and Bayer and Ross
(2006). Specifically, these models imply perfectsfication so that if individuals sort across
residential locations based solely on a common ureasf location quality k) and their
demand for location quality, then each residemdiedtionk will contain workers in a continuous
interval of location quality demand.

If we assume demand depends on permanent inconmed b@s a worker’'s innate
productivity X+ a;), worker productivity will be monotonic in locatioguality, or in other
words locations can be ordered so that if

Wk < Wk+1
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for locationk then

@ <BXta, <@,y
for all individualsi residing in locatiork where g is assumed to be less than, for anyk. If
there are a large number of residential choices the

@ = BX; +a; (2)
and consistent estimates ptan be obtained by substituting equation (2) edaation (1) and
estimating the following equation

Yik =0 tVL; + &, 3)
where & is the fixed effect for residential locatién In this specification, workers in the same
residential location are assumed to have identmalductivity, and so unexplained wage
differences across workers in the same residdotiation must reflect aspects of the job, such as
agglomeration economies, rather than worker unobbées.

However, the use of residential location contreils not produce consistent estimates if
the number of residential neighborhoods in eachrapetitan area is limited, if the sample only
allocates households to a small number of broadtiadpregions, or if sorting is imperfect.
Further, sorting will be imperfect if household ferences for location quality differ from the
household members’ labor market productivity orhduseholds differ in the definition of
location quality. Naturally, all of these situatsoare likely to arise in practice, and the empirica
model must be extended to account for an impedectlation betweeg andfXi+ a;.

If @ differs from the productivity of an individual idég in k by a random erroftx)

that is uncorrelated witfX+ a; or

@ =BX +a + (4)
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then a classic measurement error bias arises. fi®pdyi L4 is part of the fixed effect, and since
it is not part of the model in equation (1) it bews imbedded in the error term in equation (3).
This problem is easily observed by substitutingagiqgu (4) into equation (1), which yields

ik = O+ VL, + (& — M) ()

The estimated values @ are attenuated towards zero due to the negatirelabon between
the fixed effect and the unobservable.

This creates a standard biasyiwhere the downward bias in the estimated fixedot$f
causes a bias ipas well becausgXi+ a; and therefore the fixed effecg are correlated witl;
due to workers sorting across residential locati@iace the attenuated fixed effect estimates
provide only a partial control fgbXi+ a;, the estimates can be improved by directly inaig;
in the location fixed effect model specification

Vi = BX; + 0 +4Z, +(&; ~ i), (6)
where tilde’s have been added to signify the sptibn change.

Based on equation (4), the inclusion@®§+ a; into the model would perfectly control for
Lk (and in fact would also eliminate any need foatoan fixed effects) while the inclusion &f
provides only a partial control. The reader shaubte that the omission af, from the model
along with the inclusion of the residential locatiiixed effects in equation (6) is likely to leau t
attenuation bias in the estimate @f Two individuals with differeniXi’s residing in the same
neighborhood or community are likely to have défera’'s; otherwise, they would have had
different preferences and chosen different neighbods. This selection process into
neighborhoods creates a negative correlation betwWeand a; within any residential location

(Gabriel and Rosenthal, 1999; Bayer and Ross, 28f@éhuating the estimated coefficients on
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the human capital variables. This bias, howevemnsadvantage, rather than a problem, for
obtaining consistent estimates jpfThe estimates gf adjust to optimally absorb variation i
biasingf, and by absorbing more of the variationgirnthe bias ing further mitigates bias in the
estimates of agglomeration economies from unobdguueductivity attributes.

Further, the potential for attenuation bias in thenan capital coefficient estimates
provides a useful metric for assessing whethergsglential location fixed effects successfully
capture variation associated with individual unabeéd productivity. Specifically, the estimated
coefficients on human capital variables in thedestial fixed effects model can be compared to
the estimates from a simple regression model witliied effects. If the magnitude of the
estimates attenuate when residential location fedéekcts are added, then one can conclude that
workers are systematically sorting across residemdcations and the residential fixed effects
have captured variance associated wtih unobsemgetligtivity attributes.

Testing for Evidence of a Correlation between Woltkeobservables and Agglomeration

Our second strategy for testing whether the estéichaalue ofyis biased by unobserved
differences in worker productivity draws upon thencept of a locational equilibrium. A
locational equilibrium requires that no workers ideg20 change either their residential or
employment locations. As discussed earlier, obsienaly equivalent workers residing in the
same location should earn the same wages net ahatenor the same real wage unless some
workers have higher productivity based on unobddes Specifically, the inclusion of
commute time and residential location fixed effente a model of wages over space provides us
with a test for whether real wages vary systembyieaross workplaces. Under the assumption
that the urban economy is in a locational equilibrj we must attribute any systematic

differences in wages net of commuting costs tosthting of individuals across work locations

13



based on individual productivity unobservablesfiriling of no systematic relationship between
real wages and agglomeration is consistent witheeo zcorrelation between unobserved
differences in worker productivity and agglomeratiand therefore consistent with unbiased
estimates of agglomeration economies in the madebminal wages..

Formally, locational equilibrium requires that

Ui, P Vik)= Uy, P Vik ), (7)
whereU is the indirect utility function of a type of indduals who reside in locatiokand are
observed in both employment locatigrsndj’, Pk is the price of per unit of housing services in
locationk, andVj is the commuting time or cost between locatikrendj. Fujita and Ogawa
(1982) and Ogawa and Fujita (1980) consider a €mpbdel of the urban economy with
production externalities (agglomeration economas) commuting where work hours and land
consumption are fixed. In this model, the equilibmi condition in equation (7) requires that
wages net of commuting costs must be the samesaaliosmployment locatiorjsconditional on
a worker's residential location. Specifically,

Ui Vik, P)= U(yy-n Ve, B or - y-n Vie=yp -1 Vik (8
over all work locationg andj’ wherey is the per mile or minute commuting coStsThe reader
should note that wages net of commute costs orwagks in this context are constant across
workplace locations even though agglomeration ecoes exist as reflected by nominal wage

differences across work locations.

19 They refer to their model as non-monocentric beeamployment concentrations arise endogenouslg.R®ss
(1996) and Ross and Yinger (1995) for examples@sme locational equilibrium condition in a ttefial
monocentric urban model with an exogenous cityarenin those papers, housing demand is endogeandshe
locational equilibrium condition in equation (8jllstrises. In fact, this equation will hold andmamute time is
monetized in any model where either leisure do¢®nter preferences or total work hours includiognmute time
are fixed.
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Building on the logic of this model, we include antrol for commute time into the
residential location fixed effects model of wag@$e inclusion of commute time shifts the wage
equation from a model of firm wages or worker pratduaty as a function of work location to a
model of workers’ effective wage rate, which is dige examine whether wage differences
across locations are compensated by differencesrimmute times? If y; is the wage premia
offered in location relative to wages in some baseline employmenttimeathis wage premia
can be expressed as an individual's wage minus itldevidual’'s inherent productivity
independent of employment location. In other wopnlsservable human capital levels) can
be incorporated into equation (8) to yield

Vi =BXi—a, =Ny —& =Y —BX —a;, —nV,, — & 9)
Differencing by residential location yields a remsidial fixed effect wage model that does not

include the agglomeration variable, and in theofwlhg estimation equation

Vi = BX +INy + O, +JZ; +E (10)
the locational equilibrium condition implies thatet true estimate of should be zero if the
urban economy is in a locational equilibrium a,ﬁ)di + 5k accurately capture8X+ a.

Unobserved differences in worker productivity tias¢ correlated witly; and have not
been captured by the residential location fixe@&# would still remain ig; . If estimates of
agglomeration economies arose due to unobservelligieity differences, the wage differences

across space related to the ability of a firm’skeos should not be compensated for by commute

time differences, and the estimated relationshigvéen the agglomeration variable and wages

1 Gabriel and Rosenthal (1996) and Petitte and Ri&389) applied similar logic to empirically studyettvelfare
impacts of residential segregation by testing wietkfrican-Americans had longer commutes afterudirig
residential location fixed effects, and in the cabPetitte and Ross (1999) also including emplaynhecation
fixed effects, as controls for housing price andjevdifferentials that might compensate for longanmutes.
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should remain after including a control for commtitee. On the other hand, if the estimated
value of ybased on equation (10) is near zero, the inclusfiaesidential location fixed effects
must have eliminated any correlation betwé&rand the unobservables, and accordingly the
estimates of agglomeration economies in equatiprai@® unlikely to contain bias arising from
omitted productivity attributes.
Sample and Data

The models in this paper are estimated using thePafdlic Use Microdata Sample
(PUMS) from the 2000 U.S. Decennial Census. The pganprovides substantially more
geographic detail on work location than the PUM@&nrfrprevious censuses. A subsample of
prime-age (30-59 years of agélll time (usual hours worked per week 35 or ge€atmale
workers is drawn for the 33 Consolidated Metropoliind Metropolitan Statistical areas that
have one million or more residents and at leastetiworkplace Public Use Microdata Areas
(PUMA’s).** These restrictions lead to a sample of 831,046&ever

The dependent variable, logarithm of wage ratbased on a wage that is calculated by
dividing an individual's 1999 labor market earnirgsthe product of number of weeks worked
in 1999 and usual number of hours worked per waek999. The wage rate model includes a
standard set of labor market controls includingialdes capturing age, race/ethnicity,
educational attainment, marital status, numberhdfieen in household, immigration status, as
well as industry, occupatioriand metropolitan area fixed effects. Finally, thedel includes

controls for share of college-educated employeea imorker’s industry or occupation at the

12 This sample is comparable to the sample of Roatatid Strange (2006) except that we explicitlyriets
ourselves to considering residents of mid-sizedlarge metropolitan areas, where the workers’ egmpknt
locations can be identified below the metropoliéa@a level. Rosenthal and Strange (2006) also @ensmaller
samples where more precise information on employtoeation within the metropolitan area is avaiigtdnd their
results are robust in those subsamples.

13 Workers are classified into 20 major occupatiodesoand 15 major industry codes.
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metropolitan levef* The mean and standard errors for these variabestown in Table 1
separately for the college educated and non-cobegeated subsamples.

We consider two alternative specifications to ceptamployment concentration: the
number of workers employed at the PUMA and the PUstployment densit}’ The control
for commute time is based on the average commum&for all full time workers employed at
a workplace PUMAL’ Additional specifications are estimated that confor the fraction of
workers in the workplace PUMA who have a colleggrde!® are in the same occupation as the
worker, and are in the same industry as the workdir.standard errors are clustered by

workplace PUMA.

4 These controls are similar in spirit to a contrséd by Glaeser and Mare (2001) for occupationaihuclevels
nationally. Obviously, the industry, occupationgdanetropolitan area fixed effects even when combinith the
metropolitan area industry and occupation educatmnirols do not absorb as much variation as th&MS
occupation cell fixed effects used by Rosenthal @menge (2006). Given our focus on models thatrobfor the
large number of residential PUMA fixed effectssinot feasible to simultaneously include this éaggray of MSA-
occupation fixed effects. However, the models withesidential fixed effects have been re-estimatitd MSA-
occupation fixed effects and results were similauarther, models including MSA-occupation fixedesffs were
estimated for some subsamples based on a smallenwhbery large MSA'’s, where residential fixedesffs could
be included directly in the model rather than fitgterenced. Again, results were similar.

!> The agglomeration variables are constructed uairfgll time workers not just the prime-age, malerkers as in
the regression sample.

18 In principle, the model should include a conta the commute of the marginal worker, but sucbrimfation is
not typically available. Timothy and Wheaton (19ahd Small (1992) describe the circumstances undah
average commute times will be a sufficient statikir marginal commute times, and Small (1992) wes
empirical and simulation evidence suggesting thatage commutes are a good proxy for marginal cotesau

7 Since the models are identified based on withsidiential PUMA variation, the workplace PUMA commtime
implicitly controls for commute times between PUMAresidence and PUMA of work without the measunatme
error inherent in estimating average commute tibete/een every PUMA to PUMA commute combination. In
principle, the appropriate way to handle measurémenr in PUMA to PUMA commute time is to instruntdor
PUMA to PUMA commute time with workplace PUMA comtes rather than simply including workplace
commutes directly in the wage model. The IV estamatontrolling for PUMA to PUMA commute time arerye
similar in magnitude (slightly smaller) to the estites presented here and discussed in this pajgeobaiously the
estimated coefficients on the agglomeration vaeislare unaffected by such a specification change.

18 Rosenthal and Strange (2006) control separatelhéonumber of college educated and non-collegeatdd
workers. They find that the number of college etetavorkers increases wages while the number ofcetlage
educated workers reduces wages. While this res€dirly robust, the number of college and nonegd workers in
a workplace PUMA have correlations above 0.97 aftar conditioning on metropolitan area or residgdiRUMA.
Further, we have identified at least one specificatvhere we observe a sign reversal so that wiadjesith the
number of college educated. When we estimate moldaisre directly comparable to Rosenthal andhg§&a
(2006), the estimated effect sizes for our modeffairly similar in magnitude to their estimates #&ofive mile
radius circle.
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Results

Table 2 presents the results for a baseline madagglomeration economies in wages
using both controls for total employment and empiewnt density. The estimates on the control
variables are quite standard and stable acrossamhespecifications considered. Based on our
model, adding 100,000 workers to a workplace PUMIAssociated with a 0.49 percent increase
in wages while an increase in employment densitl@0 workers per square kilometer is
associated with a 0.62 percent increase in wages.

Panel 1 of Table 3 contains the estimates for #selne model, as well as the models
that include residential location fixed effects aimdlude both residential fixed effects and
commute time. In the residential location fixedeeff model, the positive relationship between
agglomeration and wages is robust to the inclusiothese controls, which should increase the
similarity of individuals over which the effect afyglomeration economies is identified. In fact,
the agglomeration effect appears to increase innrhade from 0.0049 to 0.0081 for the total
employment model. These findings are consistenh waitv ability workers sorting into dense
concentrations of employment, potentially becaunsié United States the poor live close to the
city center where employment tends to be concextir@Blaeser, Kahn, and Rappaport, 2008).
While workers may sort across employment locatioased on productivity, this type of sorting
is quite likely dominated by the fact that withidador market workers sort into work locations
that are near to where they live.

We examine the estimates on the education variabldg® wage equations. As discussed
earlier, if the residential location fixed effectgovide effective controls for individual
productivity unobservables due to residential agrtthe coefficient estimates on human capital

should be biased towards zero by the inclusioresidential location fixed effects. We find such
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evidence of attenuation bias for both models. In tihtal employment model, the inclusion of
residential fixed effects reduces the estimateslmve masters level, masters degree, four year
college degree, associate degree, and high scigohdh from 0.703, 0.577, 0.455, 0.271, and
0.206 to 0.635, 0.520, 0.408, 0.240, and 0.18%ecs/ely, a reduction of about 10 percent in
all coefficients?

The next column in panel 1 of Table 3 containsdkgmates for the model containing
residential location fixed effects and workplaceNPAJaverage commute time. As hypothesized,
the inclusion of commute time as a control compyetiiminates any relationship between the
agglomeration variables and wages, and the magnitfithe estimated coefficients fall by more
than a factor of ten. The estimated agglomeratitects are completely compensated for by
longer commutes, as we would expect if the obsewage differences that drive the estimated
agglomeration effects are based upon a comparisantrmsically similar workers in terms of
innate productivity.

Further, the inclusion of commute time does notseaany attenuation in the estimated
coefficients on the human capital variables. Foe tbtal employment specification with
residential location and commute time controls, ¢éséimates are 0.632, 0.516, 0.405, 0.238,
0.182, which are nearly identical to the estimdtesn a model with just residential location
controls. The lack of attenuation bias with thelusmn of commute time is not consistent with
the concern that workers sort over commute timdadm, after conditioning on all other model

controls, the correlation between commute time w&ocker education level is about 0.63 As

19 Attenuation of estimates in the employment densioglel is virtually identical to attenuation in ttwal
employment model.

2 Workplace commute time, a dummy variable for léghool degree or higher, and a dummy variabledor f
year college degree or higher are regressed oRUihéA fixed effects model in table 3 except that ¢ukication
dummy variables and the agglomeration variablegactided from the model. The correlations of vplake
commute time residual with the residuals of thehtsghool and college attainment dummies are 0.68102033.
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suggested by Altoniji, Elder, and Tabor (2005) ia tiontext of Catholic schools, the conditional
correlation between a control and observable measafrability likely provides some indication
of the conditional correlation between that conaotl unobserved ability, and in our data we
find a conditional correlation of zero between ager workplace commutes and education, our
observable measure of human capital.

Further, in Panel 2, we examine the effect of iasneg the bias from unobserved ability
by restricting the number of individual controlSpecifically, we re-estimate the models in Panel
1 dropping all individual covariates including teducation, age and family structure variables,
which correlate very strongly with labor market @unes. Naturally, the R-squares of the
estimated models fall substantially with the onossof these measures of human capital. The
OLS estimates of agglomeration economies decliom 10.0049 to 0.0024 for total employment,
which is consistent with our earlier conclusiontth@av ability workers sort into residential
locations near dense concentrations of employmé&he fixed effects estimates increase
somewhat from 0.0081 to 0.0097 for total employmwehiich is a relatively small increase given
the omission of so much information relevant toolamarket outcomes. As before, the inclusion
of a commute time control results in estimatesggi@meration economies that are near zero.

On the other hand, in Panel 3, we examine the teffieestricting the sample to a more
homogeneous population of single, male workerss Ploipulation of workers are less likely to
have their residential location decision influentgdmarital and family obligations. The pattern
of estimates is very similar with the OLS agglontiera estimates of 0.0048, residential fixed
effects estimates of 0.0064, and fixed effects @mdmute time control estimates of 0.0011 for
total employment. Agglomeration effects increasemagnitude after including residential

location controls and disappear once a controtéonmutes has been included. It is worth noting
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that the decline in estimated agglomeration effémtshe sample of single, male workers is not

driven by marital status. Rather, single male woskare younger and have less education on
average than married males, and our estimated raggition effect appears to increase with an

individual's level of human capitat.

Finally, the magnitude of the within metropolitamea estimates of agglomeration
economies are quite reasonable. The within metitapoéstimates are comparable in magnitude
to simple OLS estimates arising from comparisomesscmetropolitan ared$.Specifically, we
find that a one standard deviation increase in opelitan wide employment or employment
density increases log wages by 0.0481 and 0.0&8pectively. Meanwhile, using the PUMA
fixed effects estimates, a one standard deviationworkplace PUMA total employment or
density leads to an increase in log wages of 0.@38230.0468. In addition, in panel 2 of Table
4, we examine a wage model that controls for tlgadiohm of the agglomeration variables
converting the estimated effects to elasticitieBhe pattern of estimates in panel 2 is nearly
identical to the pattern for the baseline estimateswvn in panel 1 of table 4, and the estimates
imply that a doubling of agglomeration economieassociated with a 2.8 to 3.4 percent increase
in wages?®

Next, turning to the estimates on the commute twaeable itself, the coefficient
estimate is statistically significant and positigae expected in a compensation model. After
controlling for residential location, workers withe longest commutes also earn the highest

wages, which is required if urban economies ara lacational equilibrium. In order to assess

2 Agglomeration estimates by education level arsgmeed in Table 9 and show larger agglomeraticecesffor
college educated. In addition, we estimated madelsingle workers by education level finding demiresults that
agglomeration economies increase with educatiosldefor both single and married males.

% \We estimate the same wage model controlling farepelitan total employment or the metropolitan &id
employment density, as well as regional fixed é¢fé¢o replace the residential PUMA fixed effects.

2 All other estimates in the paper involve employtraamd density levels rather than logs in orderda@dmparable
to other recent work that uses the Census micrdadataudy agglomeration economies.

21



the magnitude of these estimates, we shift to atrumental variables framework in which we
control for an individual's time spent commutingaashare of average daily work time including
commuting time (two way commute time divided by gum of commute time and one-fifth of
average hours worked per week) and use the aveoagmute time for the workplace PUMA as
an instrument* This specification uses the exact same sourceadftion to identify the
compensation of commutes, but uses the share per@ sommuting in order to scale the effect
and estimate compensation as a fraction of the weatge For example, if commuting increases
the work day by one percent then wages for timeitspework would need to increase by one
percent in order to just compensate the workettfettime spent commuting at the wage rate.
The estimates for the total employment and employntensity models in the first
column of table 5 are 2.0806 and 2.1824 suggestiagtime spent commuting is compensated
at approximately double the wage rate, which issiant with Timothy and Wheaton (2001)
who found compensation rates of between 1.6 andi®€s the wage rat8. Further, Small
(1992) estimates that on average the monetaryafosbmmuting is both proportional to and
similar in magnitude to an individual's wage sugges a compensation rate of two if people
also value their time spent commuting at the wage’f Further, the next two columns present
estimates that restrict the coefficient on comntutee share to 1.5 and 1.0, respectively. The

estimates on the agglomeration variables rise am@f@out half the size of the Table 3 estimates

% The first stage includes all control variablestia log wage equation except for the agglomeratiiable so that
the entire effect of agglomeration is capturedaliyeby the estimated coefficient on the agglomeravariable.
Note that models in which the agglomeration vagablincluded in the first stage yield nearly ideatresults.

% These estimates are consistent with a back aérikielop calculation using the estimates from Parw Table 3.
Specifically, a one minute increase in one way comentime leads to approximately 0.9 percent in@éasvages.
With an eight hour day, a two minute increase imibtrip commutes represents 0.42 percent incliedbe length
of the workday. The 0.9 percent point estimatéénta little more than double what would be expkdtéme spent
commuting was compensated at the market wage.

% The literature on commute times historically firilat time costs of commutes are valued at apprateiy half
the wage (Small, 1992). However, more recent estisfrom Small, Winston, and Yan (2005) and Brownstand
Small (2005) find evidence that commuting timeasued at about 90% of the wage.
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when the commute time share coefficient is resttidb 1.0. These quite conservative estimates
suggest that at a minimum half of the estimatedceggration economies can be compensated
away and so cannot be due to unobserved prodyctiNferences across individuals.

Improving the Residential Location Controls

The residential location controls used in this gragre clearly limited by the location
information available in the PUMS’s. Specificalhgsidential location is only provided down to
a geographic area containing 100,000 or more rewdeAs we focus on larger, denser
Metropolitan Statistical Areas, however, these sreall be divided into more residential
PUMA's, which presumably allows for more acrossdestial PUMA sorting’’ Specifically, we
examine three subsamples where the 1999 metrapg@dpulation must exceed two, three, and
five million, respectively. The results are shown Table 6, and the estimated effect of
agglomeration is unchanged for these subsamples. cbefficient estimates on the human
capital variables again exhibit an attenuationpgdraximately 10 percent across all subsamples
from the inclusiorof the residential location fixed effects.

In addition, we consider expanded fixed effect eledthat might better control for
unobserved heterogeneity. Ortalo-Mange and Rad@62find substantial heterogeneity among
homeowners within neighborhoods, but consideraloiedygeneity among renters and among
homeowners who moved into the neighborhood at amtitnes. Presumably, renters and recent
homeowners chose this neighborhood based on cuyriees and neighborhood amenities and
therefore are very similar, while homeowners thatved to the neighborhood in earlier years
chose this neighborhood based on different priodsaanenity levels. Alternatively, one physical

residential location might be divided into diffetesubmarkets based on the type of housing

2" Rosenthal and Strange (2006) use a similar siateteir paper focusing on dense employment andase
employment is spread over more workplace PUMA's.
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stock. For example, an individual who resides isnall loft in an apartment building may be
very different from someone who selected a largglsifamily dwelling in the same residential
location even if the two individuals have similavéls of observable human capital.

In order to address these concerns, we develogersal location fixed effects by tenure
in residence and by housing stock categories. k@iteénure of residence fixed effect model, a
full set of PUMA fixed effects are created for eaxftthe following categories: renters, owners
who have been residing in the neighborhood for tess one year, owners who have been
residing in the neighborhood between one and fears; and owners who have been residing in
the neighborhood for more than five years. Forhibesing stock model, PUMA fixed effects are
created for each of seven housing stock categariebile home, multifamily 1 bedroom or less,
multifamily 2 bedroom, multifamily 3 bedroom or negrsingle family 2 or less bedrooms, single
family 3 bedrooms, and single family 4 ore morerbeds. The results are shown in Table 7,
and the expansion of the residential fixed efféets little impact on the estimated agglomeration
effect. Further, both sets of controls significgnthprove the model, and the attenuation of the
coefficient estimates on the human capital varmltereases from 10 to between 15 and 20
percent.
Alternative Subsamples and Robust Commute Time&ists

As discussed earlier, a key concern is that corartiie may be correlated with the
unobservable productivity variables that are paddlgt generating a spurious relationship
between agglomeration variables and wages. Incdis#, commute time may act as a proxy for
those unobservables, and the commute time model leagapturing the true relationship
between nominal wages and employment concentrafiesmoted earlier, our best evidence on

this issue is that the inclusion of commute doelsaamise any attenuation in the estimates on
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individual human capital variables, which would &epected if workers were sorting across
commutes based on their unobserved productivitipates. As discussed above, the conditional
correlation between workplace commute and educasioear zero, and there is no evidence of
sorting on observable measures of human capital.

However, as an additional test, we examine thenastd coefficient on commutes across
a variety of subsamples. If commute time acts aprexy for individual productivity
unobservables, we would not expect a robust reiship between commute time and wages
across regions, population subgroups or mode chdtegher, the estimated coefficient on
commute in a wage equation would likely vary acregsesamples based on how those groups
sort within metropolitan areas. Sorting outcomaspfarticular groups are likely to vary based
on the urban environment and the options facecdhbyindividuals in those subsamples. On the
other hand, if commute time captures a more fundémheelationship in urban economies, such
as the existence of a locational equilibrium, tegneated coefficient on commute time should be
fairly stable across these subsamples.

Table 8 presents estimates for a series of regsrzsamples for the total employment
specification. The first column presents resultsthe full sample with the subsequent columns
containing the estimates for metropolitan areasha Northeast, Midwest, South, and West
regions. The commute time results are quite stabtess the samples with estimates ranging
from 0.0075 to 0.0099 over the four regions as canegbto 0.0089 for the full sample. Similarly,
estimates from the density model, which are nosgmeed in a table, range from 0.0085 to
0.0119 over the four regions as compared to 0.0008e full sample. These findings suggest

that commute time is capturing a relationship betweages and commutes that is fairly stable
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across different regions of the country, even timortgsidential sorting and commuting patterns
vary dramatically across those regions.

The qualitative findings concerning the coeffitciestimate on total employment in Table
3 are replicated across all four regions. The estoh impact of agglomeration increases
moderately after controlling for residential fixedfects and then falls to near zero after the
inclusion of a control for commute time. The raweffizient estimates on total employment
exhibit substantial variation across regions, hytart this is due to different urban environments
in each region. After standardizing the coefficeensing the within metropolitan area standard
deviation of total employment, the estimated aggation effects in the fixed effect models are
closer in magnitude with values of 0.0318, 0.06a®316, 0.0226, and 0.0153 for the full
sample, Northeast, Midwest, South, and West regimspectively. In addition, while the raw
estimates on employment density differ from theinestes for total employment, the
standardized estimates for density have a neaglytichal pattern across regions with estimates of
0.0313, 0.0565, 0.0291, 0.0193, and 0.0123 usiagaime samplés.

Table 9 presents a similar set of estimates fosamples based on college education,
transportation mode, and race/ethnicity. As inl&ah the estimates on commute time are stable
across the college educated, non-college educabekkers, automobile commuters, mass transit
commuters, and non-Hispanic white samples withregs ranging between 0.0083 and 0.0116.

The only exception to this finding is the minorisample, where the estimated relationship

%8 Note that the within metropolitan area standandat®ns on total employment for the full samplertheast,
Midwest, South, and West are 3.931, 3.993, 1.72%@® and 6.311, and the standard deviations orogment
density for the same samples are 3.484, 6.94540(B971, and 0.603. These lead to substantiahtia@mniin the raw
estimates. For example, in the total employmentnases, the raw estimates for the Northeast, Midvaesl South
regions are much larger than in the West, whillnénemployment density models the raw estimatethfor
Midwest and to some extent the South and Westmegioe larger than the estimates for the Northeast.
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between commute time and wages of 0.0058 is sultgarsmaller than the estimates for any
other samples considered.

This finding should not be surprising consideringyious research concerning minority
commutes and the spatial mismatch hypothesis. ¥ample, Gabriel and Rosenthal (1996) and
Petitte and Ross (1999) both find racial differenitecommutes that cannot be compensated for
by differences in housing prices and/or wages. fdwlings are consistent with the notion that
minorities are in a locational equilibrium when quemed to each other, but are under
compensated for their commutes when compared tontjerity population. It is also notable
that the effect of agglomeration economies on niiypevages is less than half the effect on white
wages. These results appear consistent with tha fdat barriers faced by minorities or
imperfections in the labor market that differenyiahffect minorities prevent minorities from
being fully compensated for their commutes or captuin wages the full surplus created by
productivity differences across locations.

The estimates of total employment are again ctergisnith the general results from
Table 3. For all subsamples, the inclusion of il location fixed effects leads to moderate
increases in the estimated effect of agglomeragoonomies, and any estimated effect of
agglomeration economies disappears when contralscémmute time are included. The
estimates for every subgroup are consistent wighetlistence of agglomeration economies that
are underestimated in simple OLS estimation bec#useskill individuals tend to reside in
central cities near employment concentrations, thiede is no evidence of bias from omitted
ability variables in the fixed effect estimates &ese all wage differentials are entirely
compensated by differences in commuting time batweraployment locations. The estimated

agglomeration effects in the residential locatioed effect models are very similar between the

27



education level subsamples. On the other handggtimated agglomeration effects for the mass
transit sample is much larger than for the autoheokample, which is likely due to the high
concentration of mass transit users in the Northeaere agglomeration effects are largést.

Finally, our finding of large agglomeration ecoriemfor college graduates is notable
because it is consistent with recent work by Mo 2@09). Moretti (2009) finds that have been
migrating to more agglomerated, higher cost metitgpoareas, and his evidence suggests that
the reason behind this is a shift in the demandatoor in these areas, not stronger preference for
large city amenities among college educated. &nhgjl we find that agglomeration wage
premium are higher for college educated individualsl the college educated wage premium is
not associated with unobserved ability becausepteenium is entirely compensated away by
longer commutes.
Locational Equilibrium and Housing Submarkets

Another concern with using the locational equilibn concept to test for agglomeration
economies is the required assumption that indivgddirathe same residential location face the
same price per unit of housing services. This aptiom may not be reasonable because it is
expensive and often prohibited by zoning to chathgetype of housing on specific parcels of
land. As a result, the price per unit of housingyises may vary considerably across different
forms of housing in the same neighborhood due fferénces between current demand and the
historical supply of housing in this neighborhodd. order to address this concern, we re-
estimate the commute time models allowing for resithl fixed effects for each of the six
categories of housing stock discussed earlier, elsag re-estimate the models with residential

fixed effects using tenure and time of residenoeesibwner-occupancy status may play a role in

% Northeast residents comprise more than half ofithes-transit subsample. The authors recognize that
transportation mode choice is clearly endogenolstior market earnings, and these models are dstinpaimarily
to examine the stability of commute time coeffitgacross subsamples.
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creating distinct housing submarkets. Specificailty,table 10, we present the same models
presented in table 7 except that these modelsiatdade the control for commute time. In all
models, the estimated effect of agglomeration & zero when commute time is included, and
the results are robust.
Extended Model Specifications

Panel 1 of Table 11 estimates models that alsoadieca control for the workplace PUMA
share of workers with a four year college educatonhigher. The extended model is still
consistent with agglomeration economies associatgd total employment or employment
density. The education level of workers in the PUMAalso positively associated with wages,
which is consistent with the standard human capitérnalities explanation that often arises in
this context (Rauch, 1993; Moretti, 2004; Rosen#mal Strange, 2006). As before, the inclusion
of residential PUMA fixed effects increases theatige magnitude of the estimated
agglomeration coefficients, and the findings araststent with low productivity individuals
sorting into locations with concentrated employmemissibly due to the centrality of their
residential locations. On the other hand, the edBoh effects of share college educated decline
when residential fixed effects are included. Thesdings are consistent with the notion that
high skill individuals sort into places with contextions of highly educated workers. As in
previously estimated models, the inclusion of cortremtime as a regressor leads to very large
reductions in the magnitude of and statisticalgnsicance of the overall agglomeration effect

and the effect associated with college educateétavsi®

30 We also examined models including controls forghare of workers in the worker's own occupation ahdre
of workers in the worker’s own industry. We firttht wages also increase with the share of workeesviorker’s
own occupation and industry suggesting the existeofc localization economies (Wheaton and Lewis, 200
Combes, Duranton, and Gobillon, 2004; Fu, 2007k Htlusion of commute time, however, does not ertie
magnitude of the estimates on the localization eopn variables over industry and occupation. Unltke
employment concentration and education variables,ldcalization economy variables represent factaas vary
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Panels 2 and 3 of Table 11 present estimates falemwsith no covariates for the full
sample and for the baseline model for the subsamwipkngle, male workers. All results are
robust. For both sets of estimates, the effecgglomeration economies strengthens and the
effect of human capital externalities weaken sonavdfter controlling for residential location
fixed effects. Further, the estimated coefficientthe agglomeration variable falls to zero after
including a control for average workplace commuteet suggesting no bias from omitted
productivity attributes after controlling for resiatial location.

Summary and Conclusions

This paper estimates standard agglomeration maéhg) a sample of 33 Metropolitan
and Consolidated Metropolitan Statistical Areasrfrthe Public Use Microdata Sample of the
2000 Decennial Census. The estimates for both émgdloyment and employment density are
consistent with a positive relationship between legmpent-based measures of agglomeration
and firm wages. The inclusion of residential logaticontrols intended to absorb worker
heterogeneity actually leads to an increase inetenated effects of agglomeration. These
findings suggest that lower productivity workerstsoto concentrations of employment possibly
due to their more central residential locationgiristes for the individual education variables
attenuate when the residential controls are indudéhich is consistent with the residential
controls capturing unobserved heterogeneity. Tleation controls are refined by focusing on
samples of larger metropolitan areas where the titotacontrols should provide more
information and by including location controls thalso contain information on housing

submarkets with all specifications yielding robestimates. Further, the magnitude of these

across workers for the same workplace locatioseétms unlikely that commute time could both peeadizvorker
in industry A with a long commute because a largecentration of employment in that worker’s indyd&rads to
high wages, and simultaneously compensate a wankerdustry B because of low wages associated Vlitille
employment in that worker’s industry.
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estimates are sizable with standardized effectabmfut two thirds of the estimated cross-
metropolitan wage premium for the same sample.

The inclusion of commute time dramatically redutes overall agglomeration effect.
This finding suggests that the observed nominalendifferences cannot represent differences in
ability across workers because the wages net ofraging costs do not vary systematically
across employment locations presumably leavinglainworkers with similar levels of well
being. In addition, concerns that workers may dmtirgy across commutes based on ability are
mitigated by the findings that the inclusion of coote time does not cause any attenuation in
the estimated coefficients on the education vaesmbhd that the conditional correlation between
commutes and observable measures of human capitakar zero. Further, the estimated
magnitude of compensation for commutes is condistéh the existing literature. Finally, we
examine how the coefficient on commute time vaae®ss different subgroups associated with
region, education level, minority status, and tpamtation mode. Presumably, the spatial pattern
of residential and workplace locations varies driazadly across these subgroups and should
lead to different correlations between commutes wmabserved productivity attributes, and yet
with the exception of minority status the coeffiti®@ on commutes and the qualitative results of
the tests for agglomeration economies are veryestross these subgroups.

In addition, we consider a very challenging testdior estimation strategy where we omit
all individual level covariates. This strategy siangially decreases the R-squares of our models
and increases the variance attributable to unobdemvorker ability. The agglomeration
estimates from OLS fall by half as expected if lawility workers sort near to employment
concentrations within metropolitan areas. The fixadfbcts estimates increase somewhat, but

only by 15 to 20 percent, and the estimates are zexa after controlling for commute times,
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which is consistent with the fairly stable aggloatem economy estimates in the fixed effects
models.

Finally, an extended specification is estimated theludes a variable intended to capture
human capital externalities, share of workers \aitlour year college degree. As in the previous
literature, we find that wages increase with thecemtration of college-educated workers. These
results persist when residential location fixedeef§ are included with the effect of overall
employment increasing in magnitude as in previouglers. On the other hand, the effect of
human capital externalities fall with the inclusiaf fixed effects, possibly because high
productivity individuals are sorting across workations based on education levels. Finally, the
inclusion of commute time completely eliminates &syimated relationship between wages and
either employment concentration and share collelgeaed workers variable, further supporting
our view that these effects cannot be the resulhobserved productivity attributes.

The results in this paper also have more generpligations concerning the nature of
urban economies. Only limited empirical evidenceudman wage gradients exists to support the
idea that urban labor markets are in a locationailérium. This paper provides substantially
more direct evidence by demonstrating that wagelignéss can completely compensate for
nominal wage differences within metropolitan are&sirther, if agglomeration economies
eventually plateau and possibly decline on the mam@t very high concentrations of
employment, empirical estimates of agglomeratidact$ may understate the total importance of
agglomeration in urban economies, especially iregitvith relatively effective transportation
systems, because in equilibrium workers shouldicoatto crowd into the high employment
concentration locations until marginal productivigclines sufficiently to assure equal wages

net of commuting costs.
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Tablel: Variable Names, Means, and Standard Dewmt

Variable Name

| Non-College

| College Graduates

Dependent Variable

Average hourly wage

20.121 (27.466)

36.602 (54.294)

Workplace PUMA Controls

Total PUMA employment in 100,000’s 3.902 (5.255 200 (5.116)
PUMA Employment density in 1000’s/square KM 0.984 (3.506) 1.568 (4.673)
Share of college educated workers in PUMA 0.3538D) 0.387 (0.087)

Average commute time in PUMA in minutes

27.326(6)13

28.877(6.854)

Metropolitan Area Controls

Percent college educated in MSA and occupatic

n 0.024 (0.033)

0.053 (0.043)

Percent college educated in MSA and industry

0(03127)

0.048 (0.033)

Individual Worker

Controls

Age of worker

42.528 (7.964)

43.061 (8.076

Non-Hispanic white worker

0.746 (0.435)

0.830 (BB7

African-American worker

0.125 (0.330)

0.061 (0.240)

Hispanic worker

0.078 (0.268)

0.011 (0.106)

Asian and Pacific Islander worker 0.044 (0.205 9a.(0.292)
High school degree 0.705 (0.456) 0.000 (0.000
Associates degree 0.114 (0.318 0.000 (0.000)
Four year college degree 0.000 (0.000 0.600 (0.490
Master degree 0.000 (0.000) 0.256 (0.436)
Degree beyond Masters 0.000 (0.000 0.144 (0.351)
Worker single 0.278 (0.448) 0.227 (0.419)
Number of children in household 0.547 (0.498 0.60897)
Born in the United States 0.795 (0.403) 0.816 (D)38
Years in residence if not born in U.S. 3.376 (7)257  2.777 (6.687)
Quality of spoken English 0.158 (0.364) 0.174 (9)37
Sample size \ 519,530 | 311,516
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Table 2: Baseline Model of Agglomeration Econonfa@s_ogarithm of the Wage Rate

Independent Variables

Total Employment

Density

Total employment in 100,000’s

0.0049 (2.95)

Employment density in 1000’s per square KM

0.0062 (11.28)

Percent college educated in MSA and occupation 86.93.37) 0.9173 (3.32)
Percent college educated in MSA and industry 1.{6588) 1.6726 (6.47)
Age of worker 0.0387 (33.89) 0.0387 (33.87
Age of worker squared divided by 100 -0.0004 (25.83 -0.0004 (25.82)

Non-Hispanic white worker 0.1512 (11.90 0.1523.65)
African-American worker 0.0184 (1.50) 0.0206 (1.63)
Hispanic worker -0.0102 (0.94) -0.0084 (0.76
Asian and Pacific Islander worker 0.0582 (5.91 500D(5.91)
High school degree 0.2064 (26.03 0.2061 (26.09)
Associates degree 0.2705 (29.49) 0.2703 (29.811)
Four year college degree 0.4549 (43.58) 0.4542494.
Master degree 0.5774 (49.41) 0.5771 (50.65)
Degree beyond Masters 0.7030 (69.81) 0.7027 (71.47)
Worker single -0.1307 (56.22) -0.1306 (56.07)
Number of children in household 0.0714 (33.97) 0@733.46)
Born in the United States 0.2782 (12.94 0.276474p
Years in residence if not born in U.S. 0.0080 (33.4| 0.0079 (13.38)
Quality of spoken English -0.0224 (3.49) -0.0222%83
R-square 0.2883 0.2885

Note: The dependent variable for all regressisribe logarithm of the estimated hourly wages,
which is calculated as annual labor market earniingded by the product of number of weeks
worked and average hours worked per week. Ther&egble of interest is either the total
number of full time workers in a workplace PUMAtbe density of full time workers in a
PUMA where full-time work is defined as worked areeage of at least 35 hours per week. The
sample of 831,046 observations contains male ifuk-tworkers aged 30 to 59 in the selected
metropolitan areas. The models include metropylibme-digit industry, and one-digit
occupation fixed effects, but those estimates appressed. T-Statistics based on standard
errors clustered at the workplace PUMA are showpairentheses.
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Table 3: Agglomeration Wage Models without andwibcation Controls

Variables Total Employment Density
oLS | Fixed Effects | Commute Timg OLS | Fixed Effects m@aute Time
Baseline Model Specification
Employment 0.0049 (2.95) 0.0081 (3.99 0.0007 (.92
Density 0.0062 (11.28) 0.0090 (18.43) -0.00021p
Commute Time 0.0089 (18.41 0.0093 (22.24)
R-Square 0.2883 0.3029 0.3045 0.2885 0.3031 0.3045
No Individual Level Covariates
Employment 0.0024 (1.27) 0.0097 (4.32 0.0012 (1.14
Density 0.0047 (6.71) 0.0104 (17.09) -0.00077}).
Commute Time 0.0103 (17.48 0.0112 (22.08)
R-Square 0.1986 0.2365 0.2385 0.1990 0.2366 0.2385
Sample of Single Men
Employment 0.0048 (3.41) 0.0064 (4.56 0.0011 (1.14
Density 0.0056 (12.31) 0.0069 (19.58) -0.0008@{B6)
Commute Time 0.0070 (11.37 0.0076 (13.34)
R-Square 0.2441 0.2564 0.2574 0.2442 0.2565 0.2574

Note: The OLS columns in the first panel contdue tesults from table 2, the fixed effect columaoatain the results for the same
model where metropolitan fixed effects are replabgdresidential Public Use Microdata Area (PUMAXdid effects, and the

commute time columns contain the results for tledemtial PUMA fixed effect model after the inclosiof the average commute
time for the individual’'s workplace PUMA. The secbpanel presents estimates for a specification eviadrindividual worker

covariates (as listed in Table 1) are excluded.fireetwo models use the same sample of 831,04@rviations while the last model
uses the subsample of single men with 215,375 whsens. T-Statistics based on standard errordesked at the workplace PUMA
are shown in parentheses.
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Table 4: Agglomeration Wage Models without andwibcation Controls

Variables Total Employment Density

oLS | Fixed Effects | Commute Timg OLS | Fixed Effects m@aute Time

Baseline Model Specification
Employment 0.0049 (2.95) 0.0081 (3.99 0.0007 (.92
Density 0.0062 (11.28) 0.0090 (18.43) -0.00021p
Commute Time 0.0089 (18.41 0.0093 (22.24)
R-Square 0.2883 0.3029 0.3045 0.2885 0.3031 0.3045
Logarithm of Employment, Density, and Commute Time

Employment 0.0247 (6.43) 0.0342 (6.32 0.0037 (1.6[1
Density 0.0211 (9.68) 0.0288 (8.26 0.0044 (.34
Commute Time 0.2705 (13.63 0.2571 (11.01)
R-Square 0.2889 0.3033 0.3045 0.2892 0.3038 0.3045

Note: The first panel replicates the estimatesgmted in table 3. The second panel presentsassnor the same specification in
the first panel except that the logarithm of taaiployment, employment density, and commute tineeusied as covariates. Both
models use the same sample of 831,046 observafieSsatistics based on standard errors cluster@tleatvorkplace PUMA are

shown in parentheses.

Table 5: Agglomeration Wage Models Instrumentiog@ommute Time as Share of Work Day

Variables Total Employment Density

Commute Time Commute Commute Commute Time Commute Commute

IV Estimation Coefficient 1.5 | Coefficient 1.0 IV Estimation Coefficient 1.5 | Coefficient 1.0
Employment 0.0007 (0.92) 0.0028 (4.02 0.0045 (4.13
Density -0.0002 (0.41) 0.0027 (11.50) 0.004841y
Commute Time 2.0806 (18.41 1.5000 1.0000 2.18220 1.5000 1.0000
R-Square 0.3045 0.2993 0.3001 0.3045 0.2992 0.3001

Note: The first and fourth columns present twaetkeast squares estimates for the residential Pikédl effects agglomerations
models controlling for an individual’'s total comrautme (both ways) as a share of their entire vdark (average hours worked per
week divided by five plus the total commute timeing the average commute time for the place of iRbIKMA (the same control
variable used in Table 3) as an instrument. Theé e columns present estimates based on predictennute time share, but
restricting the coefficient on commute time sharé.6 and 1.0, respectively. T-Statistics basedtandard errors clustered at the
workplace PUMA are shown in parentheses.
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Table 6: Agglomeration Wage Models with Locatioon@ols for Subsamples of Larger Metropolitan Areas
Sample | Full Sample | MSAPop>2Mill. | MSAPop>3IMi | MSA Pop >5 Mill.
Employment Total Models

Employment 0.0081 (3.99) 0.0079 (3.90) 0.0076 (B.80 0.0073 (3.31)

R-Square 0.3029 0.3052 0.3085 0.3087

Sample Size 831,046 699,266 602,240 484,285
Employment Density Models

Density 0.0090 (18.43) 0.0088 (18.82) 0.0087 (1p.18 0.0087 (19.49)

R-Square 0.3031 0.3055 0.3089 0.3094

Sample Size 831,046 699,266 602,240 484,285

Note: The full sample column contains the resfitten the fixed effects model in panel 1 of table Bhe other columns present
results from smaller samples based on droppingeltopolitan areas with 1999 populations belowraghold. T-Statistics based on
standard errors clustered at the workplace PUMAshosvn in parentheses.

Table 7: Agglomeration Wage Models with ExpandediBential Location Controls

Variables Total Employment Density
Fixed Effects Tenure based Housing Stock Fixed Effects Tenure based Housing Stock
Fixed Effects | Fixed Effects Fixed Effects | Fixed Effects
Employment 0.0081 (3.99) 0.0075 (3.84 0.0073(3.86)
Density 0.0090 (18.43) 0.0086 (18.86) 0.00841(38.
R-Square 0.3029 0.3175 0.3241 0.3031 0.3177 0.3244
Sample size 831,046 828,887 809,286 831,046 828,887 809,286

Note: The fixed effect column contains the fixdfitets results presented in panel 1 of table 3t¢here based fixed effects column
contains the estimates from a model that includesigue fixed effect for each of four tenure catégin each residential PUMA,

and the housing stock fixed effects column contastgnates from a model that includes a uniquedfiiect for each housing stock
category in each residential PUMA. The four tencaigegories are renter, owner in residence lessdha year, owner in residence
between one and five years, and owner in residemm@ than five years. The seven housing stock catsyare mobile home,

multifamily 1 bedroom or less, multifamily 2 bedrop multifamily 3 bedroom or more, single family 2 less bedrooms, single

family 3 bedrooms, and single family 4 ore morerbedhs. Observations are dropped if informatione@mute or housing structure,
respectively, is missing. T-Statistics based ondaed errors clustered at the workplace PUMA aoevshin parentheses.
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Table 8: Agglomeration Wage Models by Region fotal Employment

Region | Full Sample | Northeast | Midwest | South | West
OLS
Employment — Raw 0.0049 (2.95) 0.0095 (15.89 0103991) 0.0120 (4.74) 0.0015 (1.77)
Employment — Stnd 0.0191 0.0376 0.0197 0.0208 @.009
R-Square 0.2883 0.2848 0.2628 0.3095 0.2987
Fixed Effect
Employment — Raw 0.0081 (3.99) 0.0156 (26.48 060H437) 0.0131 (7.30) 0.0024 (2.56)
Employment — Stnd 0.0318 0.0616 0.0316 0.0226 @.015
R-Square 0.3029 0.3023 0.2767 0.3198 0.3148
Commute Time
Employment — Raw 0.0007 (0.92) -0.0005 (0.034) 009(0.82) 0.0029 (2.08) 0.0007 (0.76)
Employment — Stnd 0.0028 -0.0019 -0.0041 0.0050 0410
Commute Time 0.0089 (18.41) 0.0090 (10.89 0.009900) 0.0087 (10.66) 0.0075 (6.41)
R-Square 0.3045 0.3033 0.2777 0.3204 0.3153
Sample Size \ 831,046 | 211,991 | 198,309 | 221,043 | 199,703

Note: The first column labeled Full Sample preséheé results from panel 1 in table 3, and theWalhg columns present estimates
for subsamples associated with census regions.tophganel presents the OLS results for all subsssngsing the total employment
specification, the second panel presents the sesiuding residential location fixed effects, @hd third panel presents the results
including both residential location fixed effectsdacommute time. Standardized coefficients shoglovi the raw coefficient
estimates are based on the within metropolitan steeedard deviation of the total employment vagahkasured at the workplace
PUMA. The standard deviations are 3.931, 3.99849,.2.160, and 6.311 for the full sample, Northddgdwest, South, and West,

respectively. T-Statistics based on standard eolastered at the workplace PUMA are shown in piaeses.
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Table 9: Agglomeration Wage Models by Subsampld@ial Employment

Subsample No Four Year| Four Year Automobile Mass Transit Non-Hispanig Minority
Degree Degree White
OLS
Employment—Raw 0.0029 (2.33) 0.0083 (3.99) 0.0(481) 0.0113 (7.16) 0.0096 (4.68 -0.0001 (0.09)
Employment-Stnd 0.0115 0.0319 0.0179 0.0503 0.0333 -0.0005
R-Square 0.2110 0.1723 0.2808 0.4091 0.2476 0.2857
Fixed Effects
Employment—Raw 0.0072 (4.19) 0.0092 (3.92) 0.0@681) 0.0128 (10.46) 0.0108 (4.62 0.0041 (2.94)
Employment-Stnd 0.0285 0.0354 0.0253 0.0569 0.0374 0.0201
R-Square 0.2257 0.1954 0.2944 0.4370 0.2623 0.3018
Commute Time

Employment—Raw 0.0002 (0.20) 0.0012 (1.73) 0.0a083) -0.0026 (1.18) 0.0011 (1.67 0.0004 (0.40)
Employment-Stnd 0.0008 0.0046 0.0030 -0.0116 0.0038 0.0020
Commute Time 0.0094 (17.42 0.0083 (16.0R) 0.0a824(1) 0.0116 (7.86) 0.0098 (21.61) 0.0058 (8.1P)
R-Square 0.2278 0.1967 0.2959 0.4382 0.2642 0.3025
Sample Size 519,530 | 311,516 | 730,631 | 58,563 | 600,226 230,820

Note: Each column presents estimates for a spextiisample. The top panel presents the resulislfenbsamples using the total
employment specification, the second panel presbatsesults including residential location fixdteets, and the third panel
presents the results including both residentiation fixed effects and commute time. Standardaificients shown below the raw
coefficient estimates. The within metropolitan astendard deviations for the no four year degmaa, year degree, automobile
using, mass transit using, non-Hispanic white, minbrity subsamples are 3.843, 3.961, 3.712, 4.348%4 and 4.894, respectively.

T-Statistics based on standard errors clusterdteatvorkplace PUMA are shown in parentheses.
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Table 10: Agglomeration Wage Models with Commuited and Expanded Residential Location Controls

Variables Total Employment Density

Fixed Effects Tenure based Housing Stock Fixed Effects Tenure based Housing  Stock

Fixed Effects | Fixed Effects Fixed Effects | Fixed Effects

Employment 0.0007 (0.92) 0.0005 (0.67 0.0005 (0.69
Density -0.0002 (-0.41) 0.00005 (0.11 0.00028 (0.64)
Commute Time 0.0089 (18.41 0.0085(19.31) 0.0082@)8 | 0.0093 (22.24) 0.0087(22.1) 0.0083(21.09)
R-Square 0.3045 0.3189 0.3254 0.3045 0.3189 0.3254
Sample size 831,046 828,887 809,286 831,046 828,887 809,286

Note: The fixed effect column contains the respissented in panel 1 of table 3 for the modelaoig commute time, the tenure
based fixed effects column contains the estimatas & model that includes a unique fixed effectfach of four tenure categories in
each residential PUMA, and the housing stock fieffécts column contains estimates from a model it@dtides a unique fixed
effect for each housing stock category in eachdesgial PUMA. The four tenure categories are rergemer in residence less than
one year, owner in residence between one and faesy and owner in residence more than five y@drs.seven housing stock
categories are mobile home, multifamily 1 bedroantess, multifamily 2 bedroom, multifamily 3 bedrmcor more, single family 2
or less bedrooms, single family 3 bedrooms, angleifamily 4 or more bedrooms. Observations ar@pked if information on tenure
or housing structure, respectively, is missing.tatStics based on standard errors clustered aivtitkplace PUMA are shown in

parentheses.
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Table 11: Agglomeration and Human Capital Extetyp&l/age Models without and with Location Controls
Variables Total Employment Density

oLS | Fixed Effects | Commute Timg OLS | Fixed Effects m@aute Time

Baseline Model Specification
Employment 0.0017 (1.79) 0.0059 (3.73 0.0007 (0.90
Density 0.0029 (8.55) 0.0067 (14.19) -0.000B3@D.
Share with Collegel  0.5149 (14.24) 0.3468 (9.9Y) 3930(1.09) 0.4941 (13.90 0.3076 (8.16 0.03887)L.0
Commute Time 0.0088 (14.65 0.0092 (15.96)
R-Square 0.2894 0.3029 0.3039 0.2895 0.3030 0.3035
No Individual Level Covariates
Employment -0.0013 (1.75) 0.0069 (4.14 0.00128)1.1
Density 0.0009 (1.64) 0.0074 (13.52) -0.0006.7}).
Share with Collegel  0.5506 (12.64) 0.3966 (9.88) 5B40(1.29) 0.5018 (11.56 0.3656 (8.39) 0.05329]1.
Commute Time 0.0098 (14.52 0.0107 (15.62)
R-Square 0.2000 0.2364 0.2378 0.2000 0.2365 0.2378
Sample of Single Men

Employment 0.0024 (2.79) 0.0044 (4.49 0.0011 (.16
Density 0.0029 (7.38) 0.0046 (9.45 -0.0003@D.4
Share with Collegel  0.4060 (10.28) 0.3129 (8.70) 89H7(2.16) 0.3975 (10.01 0.2909 (8.23 0.08445p.1]
Commute Time 0.0064 (8.77) 0.0071 (9.84)
R-Square 0.2446 0.2663 0.2668 0.2446 0.2663 0.2668

Note: The table presents results for the spetifina in table 3 after including a control for tleare of workers in the workplace
PUMA who have a four year college degree or abdvee first and third panels contain results forliaseline specification and the
second panel presents results for the no covariatiel. The models in the first two panels use #messample of 831,046
observations, and the third panel uses the subsamhgingle men with 215,375 observations. T-Siatidased on standard errors
clustered at the workplace PUMA are shown in pé&iesgs.
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