WAGE PREMIA IN EMPLOYMENT CLUSTERS:

AGGLOMERATION OR WORKER HETEROGENEITY?

by

Shihe Fu *
Southwestern University of Finance and Economics and
Cheung Kong Graduate School of Business, China

and

Stephen L. Ross *
University of Connecticut

CES 10-04 February, 2010

The research program of the Center for Economic Studies (CES) produces a wide range of economic
analyses to improve the statistical programs of the U.S. Census Bureau. Many of these analyses take
the form of CES research papers. The papers have not undergone the review accorded Census
Bureau publications and no endorsement should be inferred. Any opinions and conclusions
expressed herein are those of the author(s) and do not necessarily represent the views of the U.S.
Census Bureau. All results have been reviewed to ensure that no confidential information is
disclosed. Republication in whole or part must be cleared with the authors.

To obtain information about the series, see www.ces.census.gov or contact Cheryl Grim, Editor,
Discussion Papers, U.S. Census Bureau, Center for Economic Studies 2K130B, 4600 Silver Hill
Road, Washington, DC 20233, CES.Papers.L ist@census.gov.




Abstract

This paper tests whether the correlation between wages and the spatial concentration of
employment can be explained by unobserved worker productivity differences. Residential
location is used as a proxy for a worker’s unobserved productivity, and average workplace
commute time is used to test whether location based productivity differences are compensated
away by longer commutes. Analyses using confidential data from the 2000 Decennial Census
Long Form find that the agglomeration estimates are robust to comparisons within residential
location and that the estimates do not persist after controlling for commutes suggesting that the
productivity differences across locations are due to agglomeration, rather than productivity
differences across individuals.
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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 locatiorth high levels of economic activity. In this
paper, a standard wage model is used to test {pomgration economies, except that a worker’s
residential location is used as a proxy for hik@runobservable productivity, under the premise
that workers sort across residential locations thasepart on their permanent incomes or innate
labor market productivity. Further, in a locatiomajuilibrium, identical workers should receive
equal compensation, and therefore similar workaesf) the same housing prices should receive
the same wage net of commuting costs. The condepgtyaeriment is to compare two
observationally equivalent individuals who residethe same location and work in locations
with different levels of agglomeration. Does thdiundual 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 commatéhat the two workers receive the same real
wage suggesting that the workers indeed have simitate labor market productivity?

A central feature of most models of agglomeratioon@mies is that agglomeration raises
productivity. Since firms pay workers the valuetloéir marginal production in competitive labor
markets, a natural test for agglomeration economiedether firms pay a wage premium in
areas with concentrated economic activijlaeser and Mare (2001), Wheeler (2001), Combes,

Duranton, and Gobillon (2004), Rosenthal and Seg2§06), Yankow (2006), Fu (2007) and

! Studies of agglomeration use a wide variety ofagghes including examining productivity (Ciccomel &all,
1996; Henderson, 2003), employment (Glaeser €t1292; Henderson, Kuncoro, and Turner, 1995), &stabent
births and relocations (Carlton, 1983; Duranton Boda, 2001; Rosenthal and Strange, 2003), co-aggadion of
industries (Ellison, Glaeser, and Kerr, In Preasmiis, Ellison, and Glaeser, 2002), product inniovafAudretsch
and Feldman, 1996; Feldman and Audretsch, 1999)eaambtrents (Rauch, 1993; Dekle and Eaton, 1998p See
Audretsch and Feldman (2004), Duranton and Pugad(2®loretti (2004) and Rosenthal and Strange (264
detailed surveys of the literature on agglomeragioonomies and production externalities withiresiti



DiAddario and Potacchini (2008) all find that wages higher in large labor markets with high
concentrations of employment. Many of these studies find a positive link between wages
and the human capital level associated with an eynpént concentratioh.

A classic question in this literature is whetheg ttoncentration of employment causes
higher productivity and therefore higher wageswhiether high quality workers have simply
sorted into areas with higher concentrations of legmpent. Glaeser and Mare (2001), Wheeler
(2001), Yankow (2006) and Combes, Duranton, andilleab(2008) find evidence of an urban
wage premium using longitudinal data, but work&edi effects do explain a substantial portion
of the raw correlation between employment concéintteand wages. These studies often find
that wages grow faster in larger urban areas, pathndue to faster accumulation of human
capital® The obvious limitation of this approach is that #ffect of agglomeration on wages is
identified by the small fraction of people who mdk@m one metropolitan area to anotfer.

Our paper proposes a new strategy that avoidsngelgn movers by drawing explicitly
on several well-established features of urban eooem First, 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 locatethe same metropolitan areand
examines whether these work location wage prenear@oust to the inclusion of residential

location fixed effects. This research design dramsthe commonly accepted premise that

2 Other studies, Wheaton and Lewis (2002), Fu (2@@d) Combes, Duranton, and Gobillon (2004) findlerte
that wages increase with concentrations of employnmean individual's own occupation or industry.

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

“In a cross-sectional studyiAddario and Potacchini (2008) 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 providesrgjrevidence that workers in large labor marketialy 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 aggéiimereffects on wages within metropolitan areas their
primary focus is on the attenuation of these ecdesmver space.



individuals sort over residential locations basedtastes, which are partially unobservable and
correlated with worker productivity. For exampleorkers with higher productivity know that
they can expect a higher lifetime income, and floeeethese workers are likely to have a greater
willingness to pay for neighborhood amenities. Waoskresiding in similar quality locations
should have similar levels of productivity, andeaftontrolling for residential location those
workers should earn similar wages, unless theipeetsve employment l|ocations create
productivity differences between the workers. Tétrstegy is similar to an approach developed
by Dale and Kruger (2002) in their study of higkducatior?,

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 g#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 congestioiecreases commuting time eroding the real
value of the high nominal wage. In equilibrium, wadifferences across locations must be
entirely compensated by longer commutesd unexplained location wage premia should not
persist in models that control for both residenbahtion and commute time unless those premia
were created by unobserved productivity differenbesveen workers. Specifically, a zero

estimate on workplace agglomeration in a model aj®s net of commuting costs is consistent

® Dale and Kruger (2002) condition on the set obsthito which students applied and were eithergteceor
rejected, and among students with similar choicgsaitcomes on this margin the selection into &ifipeschool is
assumed to be exogenous to quality of that school.

! Timothy and Wheaton (2001) examine the capitaliratif commutes into wages within urban labor market
Some earlier studies of urban wage gradients iecMddden (1985), Ihlanfeldt (1992), McMillen anah@ell
(1992) and Ihlanfeldt and Young (1994).



with no conditional correlation between workplacgglameration and worker unobserved
productivity. While this compensation logic has mhespplied in the quality of life literature
(Roback, 1982; Gyouko, Kahn, and Tracy, 1999; Alpd&008, 2009) and in Davis, Fisher, and
Whited (2009) and Glaeser and Gottlieb (2009) tolygtwvage premia across metropolitan areas,
this logic has not been exploited to examine agglation economies within metropolitan areas,
even though within metropolitan area job and residé mobility rates are substantially higher
than across metropolitan mobility (Ross, 1998).

We draw a sample of individuals residing in midesi to large metropolitan areas from
the confidential data of the long form of the 20005. Decennial Census and estimate the
relationship between the concentration of employmantheir workplace and their wage,
controlling for a standard set of individual com¢rplus occupation, industry, and metropolitan
area fixed effects. We find agglomeration effebtst tare comparable in size to earlier estimates,
as well as evidence that the wages are higherdatitms with more educated worké&rshe
estimated agglomeration effects are unchangeddwdk of residential location fixed effects to
control for unobserved worker productivity diffeoms, which is consistent with the small
estimated within metropolitan area correlation hesw agglomeration and our observable
measure of productivity, education. Further, conertuhe can explain most of the relationship
between the agglomeration variable and wages vétl keasonable values on total commuting
costs of less than 1.8 times the wage, suggedtagtihe estimated agglomeration effect is not
due to unobserved worker productivity. Similar fimgs arise for human capital externalities

using an extended model that controls for the @yesemucation level in a workplace.

8 The influence of the presence of educated workernsages is discussed in the context of humanaapit
externalities. However, this paper does not makeeaplicit attempt to test the various competingdipeses
concerning the underlying causes of agglomeratimmemies. See Ellison, Glaeser, and Kerr (In Prasd)Fu
(2007) for recent work on this question.



The two obvious weaknesses of this approach atedb@ential location may provide an
imperfect control for unobserved worker quality ahdt workers may sort over commute time
based on their unobservables creating a correlagdmeen commutes and worker productivity.
Concerning imperfect neighborhood controls, we mteur basic model to allow for sorting on
factors other than permanent income. By directlgudating the bias using an errors-in-variables
framework, we demonstrate that the inclusion ofdestial fixed effects reduces bias in our
agglomeration estimates and leads to attenuatiorounf estimated education coefficients.
Empirically, we examine the estimated coefficientsthe education variables and find that the
estimates are attenuated by the inclusion of thieleatial controls, exactly as is expected if the
residential controls are capturing worker produgtiwinobservables. Attenuation increases
substantially as residential controls are refinedsmaller geographic units to capture more
unobservables, and yet our agglomeration estineatesery stable. In addition, our results are
robust in models that drop all individual covarg@terhich should exacerbate bias if imperfect
sorting is a serious concern.

Concerning the commute time model, we directly twbiether workers sort across
commutes based on observable measures of humatalcapie find that the conditional
correlation between average workplace commute angk worker education is between 0.019
and 0.034, and these small correlations are agedcwith no appreciable attenuation of the
human capital coefficients from the inclusion ofrsaute time as a control. After controlling for
other model variables, workers are not sorting smmmmutes based on observable measures of

human capital, which is supportive of the maintdimssumption that workers are not sorting

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



over commutes based on unobservable abfliurther, using the errors in variable calculatjons
we demonstrate that the small agglomeration estisnat the net of commute wage model
provide an upper bound for the bias in the fixefkatf estimates, as long as the estimate on
commute time is at or below the true value. Our eh@dtimates provide substantial evidence of
agglomeration economies for quite conservativeesahf commuting costs.

In summary, we apply our identification strategyatdarge, representative sample and
estimate the effect of concentrated employmentguaibroad population of workers residing in
mid-sized and large U.S. metropolitan areas. Evean eonditioning on residential location, we
find estimates of agglomeration economies and hucagital externalities that are comparable
in magnitude to traditional estimates. Further, ¢hgpirical relationship between agglomeration
and net of commute wages is far too small to erptair agglomeration estimates suggesting
again that they are not seriously biased by unekserorker productivity.

The paper is organized as follows. The next seghi@sents our conceptual framework
and empirical methodology including the errors ariables calculations. The third and fourth
sections describe the data and the findings, amfifth section concludes.

M ethodology

The basic empirical model is quite similar to madelvestigated in previous wage
studies of agglomeration economies where it israssuthat 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; +&, )

10 Altoniji, Elder, and Tabor (2005) suggest thatdlegree of selection on observables may provideod go
indication of the potential selection on and brasf unobservables. Further, given the anticipatexhg correlation
between education and ability, sorting over commbtesed on ability would likely show up as a catieh
between commutes and education.



whereX; is a vector of individual observable attribut&sjs 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 differ rfrotheir permanent income or earnings
capacity*! If individuals sort over employment locations e their expected waggX+ a;),

or tastes that are correlated with productivitg tmobserved component of productivatywill

be correlated witlz; or

E[Z,a] #0,

biasing estimates of. Typically, the concern is that high ability indiwals sort into high
agglomeration locations biasing the estimates gfageration effects on wages upwards.
Residential Location as a Proxy for Worker Unobservables

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 residential sorting misdwith taste unobservables have been well
established by Epple and Platt (1998), Epple arety $1999), and Bayer and Ross (2006).
Specifically, these models imply perfect stratifioa so that if individuals sort across residential
locations based solely on a common measure ofitocauality W) and their demand for
location quality, then each residential locatiowill contain workers in a continuous interval of

location quality demand.

" The assumption tha¢ anda; are uncorrelated can be made without loss of géiteby considering as
representing the reduced form relationship betvadmservables and wages. Specificallyddie the true
unobserved productivity that correlates wirand assume that the conditional expectation cén be written as a
linear functionX;. Under those conditions, the expectation of equatl) may be written as follows

Ely; —VZ, | X;1=BX; +(k, —El«; | X,]) +E[«, | X;,]1=(B+ )X, +a, yielding a reduced form model

specification wherer; is orthogonal to;.



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

W, <We
for locationk then

5k <18xi +ai <5k+l
for all individualsi residing in locatiork wheredy is assumed to be less thén, for anyk. If
there are a large number of residential choices the

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

Yik =0 Y VZ; + &y, 3)
where & might be captured by a vector of residential lmcafixed effects. In this specification,
workers in the same residential location are asdutbehave identical productivity, and so
unexplained wage differences across workers irsdéinee residential location must reflect aspects
of the job, such as agglomeration economies, rakiaer worker unobservables.

A Test for the Correlation between Worker Unobservables and Agglomeration

Our second strategy for testing whether the estidhaalue ofyis biased by unobserved
differences in worker productivity draws upon thguidibrium requirement that no workers
desire to change either their residential or emplenyt locations (locational equilibrium). As
discussed earlier, observationally equivalent warkesiding in the same location should earn
the same wages net of commute or the same real walgss some workers have higher

productivity based on unobservables. Under thermagsan that the urban economy is in a

10



locational equilibrium, we attribute any systematifferences in wages net of commuting costs
to the sorting of individuals across work locatiommsed on individual productivity
unobservables. A finding of no systematic relatiopdetween real wages and agglomeration in
a model that controls for commuting costs is cdasis with a zero correlation between
unobserved differences in worker productivity aigglameration, and therefore consistent with
unbiased estimates of agglomeration economiesimibdel of nominal wages.

Formally, locational equilibrium requires that

U(y;, B Vi) =U (Y, R Vi) (4)

whereU is the indirect utility function of a type of indduals who reside in locatiokand are

observed in both employment locatigrend |', Py is the price of per unit of housing services in

locationk, andVj, is the commuting time or cost between locatikremd]. Fujita and Ogawa
(1982) and Ogawa and Fujita (1980) consider a smpbdel 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 (4) requires that
wages net of commuting costs must be the samesaaliosmployment locatiorjsconditional on

a worker’s residential location. Specifically,
Uy, =V, B) =U(Y; =7Vua R) ory, =iV =y, =1V, (5)
over all work locationg and j' wherey is the per mile or minute commuting co¥tdhe reader

should note that wages net of commute costs orwagks in this context are constant across

2 5ee Ross (1996) and Ross and Yinger (1995) fangbes of the same locational equilibrium conditiom
traditional monocentric urban model with an exogenoity center. In those papers, housing demaaddsgenous,
and the locational equilibrium condition in equati®) still arises. In fact, this equation will dohnd commute time
is monetized in any model where either leisure dw¢®nter preferences or total work hours inclgdiommute
time are fixed.

11



workplace locations even though agglomeration ecoes exist as reflected by nominal wage
differences across work locations.

Building on the logic of this model, we will spegifvage equations in which wages
compensate workers for commute costs in a worktilmtaas opposed to wages being based on
worker’s marginal product in a locatiohGiven the sorting described in equation (2), woske
the same residential location have the same inmagductivity or permanent income and so
should receive the same real wages. Wages forithdils residing in residential locatidgnand
working in location can be written as

Yik = O+t + s (6)
wheretj, is the commute time angl captures the monetary value of all commuting coAts
comparison of equations (3) and (6) implies that

VZi =ty + (S =€) - (7)

Equation (7) suggests that the influence of aggtatien on wages should be completely
captured by commuting time. If agglomeration hasnfluence on wages after controlling for
commuting costs, workers in the same residentiatation are receiving equivalent
compensation, which could only occur in a locatloequilibrium if those workers have
equivalent productivity. On the other hand, if aggeration explains wages net of commuting
costs, those wage differentials (presuming thegigeim equilibrium) must represent individual
workers being compensated for their innate abiltfich would suggest that agglomeration
estimates continue to be biased by worker sortimgimobservables even after controlling for

residential location fixed effects.

13 Gabriel and Rosenthal (1996) and Petitte and Ri&389) apply similar logic to empirically study thelfare
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.

12



A Model with Measurement Error and Imperfect Sorting

The simple models described above have two imjpbica that are inconsistent with the
empirical data that will be used in this studysEiin equation (7), neither commuting costs nor
the effect of agglomeration on productivity varytlaé individual level, and in equilibrium these
two contributors to wages should be identical. €fae, if ¢ and &k are simply stochastic
variation in short-run wages that are unrelatecksadential or work location, one should not be
able to estimate a model that contains both wodetmmuting costs and agglomeration since
they should be perfectly collinear (or at least otonically related if one allowed for non-
parametric relationship between wages and thesables). Yet empirically, workplace average
commute time and our proxies for agglomeration ao¢ perfectly collinear (or even not
monotonically related) within metropolitan areas.

One natural explanation for the divergence of agglration and commuting time is
measurement error in either agglomeration or cormguime. While measurement error in
reported commute time might be mitigated by averggnany commute time reports for the
same workplace, the effect of agglomeration mustchptured by a proxy, such as total
employment or employment density. Such proxieslyileapture the productivity gains arising
from interactions between firms and workers at ¢hbens with considerable error since the
ability of firms to share knowledge, labor forcendainfrastructure varies with many factors
beyond the simple concentration of employment. Wlagglomeration is captured with

measurement error, the relationship between wawagglomeration takes the following form

Yik =0 VL, + (& — ), (8)
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whereZ, =W, +{;, and the true level of agglomeration % in work locationj, which is

orthogonal to the measurement error térand perfectly collinear Witt}k.14

Given that equations (6) and (8) both hold simdtarsly, one can estimate the following
model

Yiik =9, ity + +£ijk =9, +t +V(qu +Zj)+<rijk' 9
Under these circumstances, the estimatgamill take on its true value since it is orthogoal
the error, while the estimate on agglomeration Wwél zero since commute time and the true
effect of agglomeration are collinear and the aggation estimate must be based entirely on
the orthogonal measurement error térm.

The second concern about the simple model descebeve arises from the assumption
of complete sorting, which requires that the residé location fixed effects fully capture
individual productivity. Such a strong assumpticgerms unrealistic since residential location
choice is influenced by tastes that are unlikelpeqgoerfectly correlated with permanent income,
and in practice observed human capital variabiks,dducation, have strong predictive power in
our wage equations even after controlling for restdl location fixed effects. The predictive
power of human capital variables rejects the ingtians of equation (3). Therefore, the
empirical model is extended to consider the situmtvhere the residential location fixed effect
ok differs from the productivity of an individual idég in k by a random errof) that is

uncorrelated withBXi+ a; or

14 Similar to the discussion in footnote M;,and{; can be assumed to be orthogonal without loss é rgdity by
definingj as the residual arising from a linear projectibthe correlated measurement errorignand equilibrium
requires tha¥; andty be collinear conditional ok

15 As will be shown later, the data are consistetthh wieasurement error in the agglomeration variablghat the
commute time variable captures much more of thatran associated with workplace. If the differefmatween
commute time and agglomeration were associatedméthsurement error in commuting costs, the estinate
coefficient on agglomeration would dominate theffioient on commute time.

14



O =X +ta;, + . (10)

For example/4 may represent individual tastes for neighborhoodlity that are independent of
productivity or permanent income. This heteroggné#tads to a classic errors-in-variables
problem. This result is easily observed by substituequation (10) into equation (1) yielding

Vik =0 tVZ; (& — 1), (11)
wheredy is positively correlated witjy by construction.

The negative correlation between the fixed effektand the errore( -£4) will attenuate
the estimates of) towards zero. Given the assumption tHatis positively correlated with
worker ability (BXi+ a;), the estimate ojycontinues to be biased upwards since worker it
imbedded in the fixed effect and the associatedetairon betweenZ; and Jd, biases the
coefficient onZ; upwards. Intuitively, the attenuated fixed effestimates provide only a partial
control for BXi+ a;, and potentially the estimates might be improvgdiivectly includingX; in
the location fixed effect model specification

Yii = pX; +9, +, +(£ij —i). (12)

Further, given thata; is unobserved, the estimate Bf the coefficient vector for
observable human capital, conditional on residefiiad effects will be attenuated relative to
the OLS estimates from equation (1). Two individuaith differentX’s residing in the same
neighborhood or community are likely to have défera’'s; otherwise, they would have had
different permanent incomes and chosen differemghb@rhoods. This selection process into
neighborhoods creates a negative correlation betwWeand a; within any residential location

(Gabriel and Rosenthal, 1999; Bayer and Ross, 28@éhuating the estimated coefficients on

the human capital variables. In our case, howdkes bias is an advantage because the predicted

15



attenuation bias in the human capital coefficiestineates provides a metric for assessing
whether the residential location fixed effects ®sstully capture variation associated with
individual unobserved productivity. Specificallyhet estimated coefficients on human capital
variables in the residential fixed effects modeat t@ compared to the estimates from a simple
regression model without fixed effects, and if thelusion of fixed effects reduces the estimated
coefficients then the residential fixed effects dnasaptured some variation associated with
unobserved productivity attributes.
Calculating Bias from Errorsin Variables

The problem described above involves bias arisiagnferrors in variables with multiple
correlated regressors. Given the complexity of ggblem, we turn to numeric calculations of
the bias in estimated parameters in order to aonfhle intuition discussed in the preceding

paragraphs. Our calculations will be conducteddar specifications:

Y =X +Z, +a, ¢, (13a)
Vi = O +Z; + (& — 14), (13b)
Yik =0X; +0, +Z, +(&; — 1), (13c)
Yixk =0X; +3, +0Z, -t +(& —H,). (13d)

Equation (13a) is a traditional estimation that bimsed by the omission of unobserved
productivity or ability variables. Equations (13p-dncorporate individual productivity
unobservables by including residential locatiorefixeffects, but suffer from bias due to errors-
in-variables that arise because residential sotisngdriven in part by factors unrelated to total
productivity. The “true” coefficients ok; in (13c) and (13d) are zero because total prodtycti
is captured byd, and the “true” coefficient o; in (13d) is zero because our agglomeration

proxy suffers from measurement error and in equuiio commute time captures the entire

16



effect of agglomeration on wages. The resultingnedes, however, will be non-zero because
the variables are correlated with the location dixeffect, which in turn is biased due to the
errors-in-variables termy arising from imperfect sorting. In principle, thegglomeration
estimate may be biased by measurement error, vutdntially gives rise to the assumed non-
monotonic relationship between agglomeration andmate costs, but our analysis focuses on
the bias (in this potentially attenuated estim#t@} might arise from the sorting of individuals
based on their unobserved productivity.

Without loss of generality, all coefficients arétiaized to 1 and the impact of a variable
on wages is captured by the standard deviatioheof/ariable. Again, without loss of generality,
the correlations betweeX; and «; and betweenX+ &) and ik are assumed to be zero. The
models in (13) are then viewed as reduced form avbhers the residual of unobserved ability
that is orthogonal to observed productivity, ands the residual of individual tastes that are
orthogonal to total productivity’ For the baseline model, the variancesXpfand o; are
initialized to 1. The variances @ andtj. are set to 0.051 and 0.084, respectively. Thekesa
were chosen by comparing the standardized estino&tegglomeration from the wage equation
(13c) and the commute time estimate from equati@d) relative to the standardized influence

of the worker education variables on wa§tShe correlation betweeh andty is set to 0.74

' One might examine the bias from measurement agovell. However, we would be uncomfortable malingh
corrections since measurement error is only onenpial explanation for not finding a monotonic t&aship

between agglomeration and commute time.

" See footnote 11 for a precise discussion of tearaption thak; ande; are uncorrelated. The assumption that
(X+ a;) andy; are uncorrelated follows a similar logic. This@ed assumption, however, is only made without loss
of generality due to the earlier assumption thdiviiduals can be characterized by the additive stifX+ a;). If
observable and unobservable determinants of privitydtave different correlations with unobservedtes for
location, thenX; anda; would not enter the fixed effect in a reduced fonmdel with the same weights as they enter
the wage equation.

18 gpecifically, an education index is constructeidgishe estimated coefficients on the educatiottalrament
dummy variables. The standardized coefficientsrmapleyment density in our fixed effects model (sedbl€ 5) is
approximately 0.225 times the standard deviatiothefeducation index, and the standardized coeffi@n
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based on the correlation between workplace agglatoer and average workplace commute
time conditional on residential locatidhThe correlation betweefy and & + ;) is set to 0.1 in
order to allow for sizable bias associated withhhpyoductivity individuals sorting into high
agglomeration work locations. Next, the variance¢hef residential location taste unobservable is
set to 3 in order to match the observed attenuadiothe estimates on the human capital
variables of approximately 25% when residentiakdeffects are included in the model (1%c).
Finally, the correlation betweerXi(+ «;) andty is set to zero initially, and this correlation is
investigated later in the subsection.

Table 1 presents the expectation for parametenastts or the sum of the true value plus
the bias using standard omitted variable calculatfd The first panel presents the baseline
expectations of estimates given the variances anélations described above, and the following
panels present expectations after changing onbeotériance-covariance terms. The baseline
results show that the OLS estimate in column liasddl above the true value of 1. The bias on

the agglomeration variable is actually increaseddpjacing observable human capital measures

workplace average commute time is approximatel9@1i2nes the education index standard deviatioes€&h

standardized effects are based on conditioningtietr individual controls and metropolitan are&feffects.

% The non-unitary correlation between agglomeratind commuting costs when combined with the initilon

of the agglomeration coefficient to zero is corsistwith measurement error in agglomeration, btiimo

commuting costs. The empirical correlation betwesmployment density and average workplace commune it

also conditional on metropolitan area fixed effeutd all controls other than the human capitalaideis.

2 The attenuation of the coefficients for educati@t@minment dummy variables is between 22 ande28amt in

the initial model that controls for census tragefi effects, and attenuation increases to 24-26epéewith block

group fixed effects and to 26-29 percent with hogsiubmarket by census tract fixed effects.

! The expected value of parameter estimates caalbelated using the underlying model rather thanrttore

typical least squares calculations, which requispecification for the fixed effects model suchtasinclusion of

residential location dummy variables. Rather, thgeeted value of wages conditional on the fixeé@fmodel is
ElYi 10.2,1=0+Z; —E[ 1 |19, Z;]

and the expectation of the unobservable can beessed as a linear function of the fixed effect amarthogonal

regressor if expectations are assumed to be & lineetion of conditioning variables

Elty 10,2120, +a,0, +a,(Z, —E[Z, |5,]) +@,E[Z; | 5,1 =(a, +a,¥,) +(@, +@,1,)3, +a,(Z, —E[Z, |5,])

wherey; is E[Z, 4] Reversing the process yields an equivalent aoeffi onZ; in a model where the other

regressor is orthogonal. The resulting two equatiman be solved for the bias, and the resultsarical to the
results of the least squares omitted variable taiom in the case where one actually observesrtieefixed effect
and can include it as a regressor.
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with residential location fixed effects (column Zhis increase arises from the high variance
assigned the taste unobservable, and bias is dedrdsetween equations (13a) and (13b) in
models where that variance is less than 2.0. Neteth, column 3 illustrates that the bias is
reduced by the inclusion of residential fixed effemto a model that controls for observable
productivity or human capital (13c). The inclusioh commute time in the fourth and final
column (13d) dramatically reduces the estimateshenagglomeration variable. Notably, the
coefficient on the agglomeration variable after toolting for commutes (column 4) is larger
than the bias on the agglomeration estimates aftetrolling for residential location fixed
effects and observed human capital (column 3) amgfevides an upper bound on the bias from
imperfect sorting. Finally, looking at the secowavrof panel 1, the attenuation in the coefficient
estimate on human capital is about 0.75 consistghtattenuation in our empirical models. This
attenuation decreases monotonically with the vagasf the taste unobservable.

While the magnitude of the bias changes with theamae and covariance terms, the
basic pattern of results remains the same. Decigédise relative contribution of agglomeration
to wages (panel 2), increasing the contributiommmdbserved ability (panel 3), or increasing the
correlation between individual productivity (botbserved and unobserved) and agglomeration
(panel 4) all increase the bias in agglomeratiommedes, but the bias is still reduced by
including fixed effects in a model with human capttontrols (column 3), and the agglomeration
coefficient in the model with commute time (coludnprovides an upper bound to the bias on
agglomeration estimate in column 3. Note that wso ahcrease the variance of the taste
unobservable when we increase the variance of emobd ability in panel 3 in order to
recalibrate the attenuation on the human capitiinase. Finally, decreasing the correlation

between agglomeration and commute time to zeroe{d@n which must be positively related in
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equilibrium, leads to an agglomeration parametecalumn 4 that is the same as the bias in
column 3 and so the column 4 estimate still provide upper bound for bid$While, the
expectation calculations are based on one observabasure of productivity, we have repeated
these calculations with multiple measures, andréiselts of those calculations are very similar
regardless of the correlations assumed betweeob$ervable productivity variables.

The one exception to these findings arises fronoreetation between productivity and
commute time. A positive correlation between comamtiine and an individuals’ productivity
decreases the expectation for the coefficient enatjglomeration variable in column four, and
so this expectation may no longer provide an ugymemd for the bias in the agglomeration
estimate from the model in column 3. This findisgiot surprising. As discussed eatrlier, a key
threat to the validity of our second test for bilesn unobserved ability, where we ask whether
agglomeration effects on wages can be explainear lmpmpensated away by commuting costs,
is the sorting of households across commute tirmssdon ability.

Table 2 repeats the calculations of the expectatevaf estimates using correlations for
productivity (both observed and unobserved) witglagneration and commute time drawn from
the data. After conditioning on metropolitan area ather individual observables, the estimate
of the correlation between our measure of obseevabbductivity, education level, and
agglomeration is 0.040, and the estimate of theetairon between observable productivity and
average workplace commute time is 0.060. Panel divshthe expectations based on these
estimates, and the agglomeration estimate in coldirdnes not provide an upper bound on the

bias in column 3. The correlation between innatelpctivity and commute time must fall below

%2 The zero correlation is an extreme case. Sincamutime and the true productivity effect of aggération are
collinear, zero correlation implies sufficient messment error to render our agglomeration proxynirggess, and
so whenever the agglomeration proxy is informatasimates from the commute time model should pleain
upper bound on bias from sorting.
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0.029 for column 4 to provide an upper bound (pa)eThis phenomenon arises in part because
of the very small assumed correlation between warkete productivity and agglomeration and
so the failure of column 4 is to a large extenbasged with situations where there is little bias
in the agglomeration estimates. Panel 3 showsdblaimn 4 provides an upper bound if that
correlation between innate productivity and agglmatien rises above 0.081.

Finally, these calculations indicate that columalways provides an upper bound for the
bias in column 3 when the expectation of the conentinte estimate is equal to or below the true
value. In the Table 1 calculations, the expectatérthe commute time estimate is always
considerably less than one, and column 4 providagoper bound with substantial clearance. In
panel 1 of Table 2, the estimate for commute tisnieiased upwards by 18 percent and column 4
does not provide an upper bound, while in panela®3 the expected value for commute time is
1.0 and column 4 exactly captures the bias in ggtomeration estimates from column 3. This
finding is consistent with the earlier intuitionathagglomeration effects should be completely
compensated for by commuting costs, but that tgh ki coefficient estimate on commute time
suggests bias because households sort across cesibpaised on unobserved productivity.

Sample and Data

The models in this paper are estimated using thédential data from the long form of
the 2000 U.S. Decennial Census. The sample prowigesiled geographic information on
individual residential and work location. A subsdenpf prime-age (30-59 years of agé@)ll

time (usual hours worked per week 35 or greatemple workers is drawn for the 49
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Consolidated Metropolitan and Metropolitan Stat@tiAreas that have one million or more
residents? These restrictions lead to a sample of 2,234,09&evs.

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, presenaghiddren in household, immigration status, as
well as industry, occupatidif,and metropolitan area fixed effects. Finally, thedel includes
controls for share of college-educated employeea imorker’'s industry or occupation at the
metropolitan levef®> The mean and standard errors for these varialestown in Table 3
separately for the college educated and non-cobegeated subsamples.

We consider two alternative specifications to ceptamployment concentration: the
number of workers employed in a workplace and wiakgp employment density for a variety of
workplace definitiong® Similarly, models are estimated controlling fosicential location at a
variety of levels of aggregation. Our preferredcsfpeation defines residential locations at the
census tract level and workplaces at the resideAtiblic Use Microdata Area (PUMA) level,

where residential PUMAs are defined based on hasimginimum of 100,000 residents, and

% This sample is comparable to the sample drawn fl@Public Use Microdata Sample (PUMS) of the 2000
Census by Rosenthal and Strange (2006) excepivéhakplicitly restrict ourselves to consideringidests of mid-
sized and large metropolitan areas

2 \Workers are classified into 20 major occupatiodemand 15 major industry codes.

% These controls are similar in spirit to a contreéd by Glaeser and Mare (2001) for occupationatibrclevels
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 &mdnge (2006). Given our focus on models thatrobfor the
large number of residential tract fixed effectssihot feasible to simultaneously include thig&array of MSA-
occupation fixed effects. However, the models withesidential fixed effects have been re-estimatitd MSA-
occupation fixed effects and results were simiarther, models including MSA-occupation fixed etfewere
estimated for some subsamples based on a smallenwhbery large MSA'’s, where residential fixedesfs could
be included directly in the model rather than ddfeced. Again, all findings are robust.

% The agglomeration variables are constructed wslirfgll time workers not just the prime-age, malerkers
present in the regression sample.
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measures agglomeration using workplace employmemsity. The control for commute time is
based on the average commute fihfer all full time workers employed at a workplaCe.
Additional specifications are estimated that cadnfoo the fraction of workers in the workplace
PUMA who have a college degree. All standard eranesclustered by workplace.
Results

Table 4 presents the results for a baseline madagglomeration economies in wages
using both controls for total employment and emplext density at the residential PUMA level.
The estimates on the control variables are quaedstrd and stable across the two specifications.
Based on these estimates, adding 100,000 workersvtrkplace is associated with a 5.4 percent
increase in wages while an increase in employmemnsity of 1000 workers per square kilometer
is associated with a 0.24 percent increase in wages
Fixed Effect Estimates

Panel 1 of Table 5 contains the estimates for #eelne model, as well as the models
that include residential location fixed effectsthé census tract level and that include both
residential fixed effects and average commute @mthe workplace. In the residential location
fixed effect model, the positive relationship betweagglomeration and wages is robust to the

inclusion of these controls, which should incretse similarity of individuals over which the

" In principle, the model should include a contar the commute of the marginal worker, but suchrimfation is
not typically available. Timothy and Wheaton (20@hp Small (1992) describe the circumstances untish
average commute time will be a sufficient statifticmarginal commute time, and Small (1992) pregiémpirical
and simulation evidence suggesting that averagerzdes are a good proxy for marginal commutes.

% Since the models are identified based on withsidential location variation, the workplace commiiriee
implicitly controls for commute time between plaferesidence and place of work without the measergrarror
inherent in estimating average commute time betveseny residence to workplace combination. In pple; the
appropriate way to handle such measurement ertorimstrument for residence to workplace commine twith
average workplace commute time, rather than sinmalading workplace commutes directly in the wagedel.
The IV estimates controlling for residence to wdage commute time are very similar in magnitudiglly
smaller) to the estimates presented here and disdus this paper, and obviously the estimatedficieiits on the
agglomeration variables are unaffected by sucteaifspation change.

29 Rosenthal and Strange (2006) estimate models tlnBublic Use Microdata Sample and controllingtfal
employment within workplace PUMA's. Our estimatesng workplace PUMA's are comparable.
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effect of agglomeration economies is identified.fdet, including residential fixed effects has
little impact on the estimated coefficients on aggération. The failure to find substantial bias
from workers sorting on unobservables across wodatlons within metropolitan areas is
consistent with the evidence of sorting on obsdevdiuman capital variables. The within
metropolitan area correlation between worker edocalevel and employment density after
controlling for other observables is quite smallo3% for our education inde¥,0.029 for
whether a worker has at least a four year colleggra, and 0.019 for whether a worker has at
least a high school degree or above.

Of course, one explanation for not finding evideon€sorting bias is that our residential
location fixed effects do not successfully captwerker unobserved productivity variables.
However, as discussed earlier, if the residentietion fixed effects provide effective controls
for individual productivity unobservables due tsigential sorting, the coefficient estimates on
human capital should be biased towards zero byirtbkision of residential location fixed
effects. We find such evidence of attenuation lbeasboth models. In the density model, the
inclusion of residential fixed effects reduces #simates on above master's degree, master’s
degree, four year college degree, associate degmeehigh school diploma from 0.665, 0.546,
0.424, 0.225, and 0.138 to 0.511, 0.424, 0.3307/9).and 0.108, respectively, a reduction of
between 22 and 23 percent in all coefficietfits.

The magnitude of the within metropolitan area eatem of agglomeration economies are

quite reasonable. The within metropolitan estimarescomparable in magnitude to simple OLS

% This index was created for the correlation estimatsed for Tables 1 and 2, and the index is adicembination
of the educational attainment dummies based ondb#icient estimates on education presented ilelrab

31 Attenuation of estimates in the total employment is virtually identical to attenuation in theygloyment
density model.
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estimates arising from comparisons across metrapotireas’ Specifically, we find that a one
standard deviation increase in metropolitan widg@legment or employment density increases
logarithm of wages by 0.062 and 0.044, respectivielganwhile, using the census tract fixed
effects estimates, a one standard deviation in placke total employment or density leads to an
increase in logarithm of wages of 0.033 and 0.084addition, in panel 2 of Table 5, we
examine a wage model that controls for the logaritf the agglomeration variables converting
the estimated effects to elasticities. The pattérastimates in panel 2 is nearly identical to the
pattern for the baseline estimates shown in pang Table 5, and the estimates imply that a
doubling of agglomeration economies based on ttglloyment or density is associated with a
4.3 and 2.0 percent increase in wages, respectively

Further, in panel 3, we examine the effect of insneg the bias from unobserved ability
by restricting the number of individual controlqe8ifically, 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 from 0.29 t800in the OLS model with the omission of
these measures of human capital. However, the withétropolitan area OLS estimates of
agglomeration economies are essentially unchang@d84 and 0.0022 for total employment
and employment density. The residential locatiaedieffects estimates increase somewhat from
0.051 to 0.058 for total employment and from 0.0026.0029 for employment density, which
are relatively small increases given the omissiiosoomuch information relevant to labor market

outcomes. These very stable estimates of aggloioerathen so much observable information

32 \We estimate the same wage model controlling farepelitan total employment or the metropolitan &id
employment density, as well as regional fixed affec

33 All other estimates in the paper involve employtraad density levels rather than logs in orderda@dmparable
to other recent work that uses the Census micrdadataudy wages and agglomeration economies.
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has been excluded, is consistent with our findimgt within metropolitan area agglomeration
estimates are not biased by workers sorting basedeir unobservables.

In addition, in panels 4 and 5, we examine theceftd basing our estimates on more
homogenous comparisons. First, the sample is ce=drio single, male workers. This population
of workers is less likely to have their resident@atation decision influenced by marital and
family obligations. The pattern of estimates isyeimilar. For example, both the OLS and
residential fixed effects employment density estemaare 0.0018, and fixed effects and
commute time control estimates are very small argignificant at -0.0001 for employment
density>* In panel 5, we organize the sample into cellshsfeovationally equivalent individuals
based on binary variables for age, race/ ethnieitjycation, family structure, and immigration
status>> and control for cell by census tract fixed effemtsthat our estimates are truly based on
comparing very similar individuals who reside ie ttame location. As in panel 4, agglomeration
estimates are not affected by the inclusion ofdessiial location controls and the estimates are
near zero after controlling for commutes.

Commute Time or Compensation Models

Columns three and six of Table 5 contain the esamdor the model containing
residential location fixed effects and workplaceermge commute time. Consistent with
measurement error in agglomeration, the inclusforoonmute time as a control eliminates most
of the relationship between the agglomeration em and wages, and the magnitude of the

estimated coefficients fall by more than a factbrfiee in our baseline model (panel 1), the

3t is worth noting that the decline in estimatemjlameration effects for the sample of single, matekers is not
driven by marital status. Rather, single male wslege younger and have less education on avenagenarried
males, and our estimated agglomeration effect asae moderately with an individual's level of huncapital. In
addition, we estimated models for single workergbycation level finding similar results that aggkration
economies increase with education levels for bimthles and married males.

% Households are divided by three age, five racegdiication, four family structure based on presesfchildren
by marital status, and three immigration categdsaesed on whether born in the U.S. and time inJi® if not
allowing for a total of 1,080 possible cells.
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estimated employment density coefficient falls fr@n®026 to 0.0004, and in the logarithm
model (panel 2) our estimated effect falls from @eBcent to 0.5 percent. The estimates fall by a
factor of 10 in the model with no covariates (paBklin the sample of single men the estimate
changes sign and becomes insignificant (panelt),veéhen controlling for cell by tract fixed
effects the estimates again fall by almost a facfdtO. The estimated agglomeration effects are
almost completely compensated by longer commutes.

Therefore, the key question to ask is whether tdmmoute time control is truly capturing
compensation of identical productivity individudts wage differentials across workplaces or
whether commute time is acting as a proxy for ueoled productivity due to workers
systematically sorting across commutes. First, we examine the extent of worker sorting
based on observable measures of productivity. Afterditioning on residential location fixed
effects and other model variables, the correlabietween commute time and worker education
level is 0.019 for whether the worker has a hidtost degree, 0.029 for whether the worker has
a college degree or years of education, and 0.63thé education based wage index created for
the bias calculation® As suggested by Altonji, Elder, and Tabor (2005)thie context of
Catholic schools, the conditional correlation betwea variable of interest and observable
measures of ability likely provides some indicatminthe conditional correlation between that
variable and unobserved ability, and in our datafiwe a fairly small conditional correlation
between average workplace commutes and educatiolmpgervable measure of human capital.

Next, we examine whether the estimates on comnmdre consistent with anticipated
time, monetary, and any other disutility costs @inenuting. If commute time were proxying for

unobserved productivity variables rather than camspéng for wage differentials, the

% Workplace commute time and the education varia@lesegressed on the PUMA fixed effects modeldhld& 4
except that the education dummy variables anddlyoeneration variables are excluded from the model.
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coefficient estimate on commute time would likekceed reasonable commuting costs in order
to capture high unobserved worker productivity gglameration locations. However, if the
estimate on commute time is reasonable, the agghiioe estimates in the commute time model
captures the portion of agglomeration estimatet dhanot be explained or compensated away
by commutes and so might represent payments toemoisased on their innate ability. This
intuition has been confirmed in our bias from esror variables calculations. Therefore, with
reasonable estimates on commute time, the comnmi¢entodel agglomeration estimates can be
interpreted as an upper bound on the bias in tigboaggration estimates from the residential
location fixed effects model.

In order to assess the magnitude of the commute #stimates, we start with a simple
back of the envelope calculation using the estimftem panel 1 of Table 5. Specifically, a one
minute increase in one way commute time leads poajimately 0.7 percent increase in wages
on average. With an eight hour day, a two minutzease in round trip commutes represents
0.42 percent increase in the length of the workdayiding these numbers implies that a 0.7
percent point estimate is consistent with total saming cost including the value of time spent
and monetary costs being compensated at 1.64 theavarket wage.

For more precise estimates, we shift to an instnialevariables 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 same source of varidb identify the compensation

of commutes, but uses the share of work time spemmuting in order to scale the effect and

3" The first stage includes all control variableshia log wage equation except for the agglomeratiniable 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 idestresults.
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estimate compensation as a fraction of the wage Fair example, if commuting increases the
work day by one percent, the wages for time spémak would need to increase by one
percent in order to just compensate the workeneit tvage for the time spent commuting.

The estimates for the total employment and employntkensity models in the first
column of Table 6 are 1.78 and 1.82 suggesting tthred spent commuting is compensated at
less than double the wage rate, which is consistéht Timothy and Wheaton (2001) who find
compensation rates of between 1.6 and 3.0 timewd#ge rate. Further, Small (1992) estimates
that on average the monetary cost of commutingtls proportional to and similar in magnitude
to an individual's wage suggesting a compensataia of two if people also value their time
spent commuting at the wage raté&inally, the next two columns present estimates tastrict
the coefficient on commute time share to 1.5 arfdl tespectively. The estimates on the
agglomeration variables rise and are a little ntbam half the size of the Table 5 estimates when
the commute time share coefficient is restricted.t These conservative estimates suggest that
at least half of the estimated agglomeration ecoe®mannot be compensated away and so
cannot be due to unobserved productivity differerexeoss individuals.

Alternative Workplace and Residential Location Definitions

Table 7 presents estimates using two additionatkplace definitions to measure
employment density and commute time. As discusbetieg the residential PUMA is defined
to contain approximately 100,000 residents. Thgdsir alternative definition is the workplace
Public Use Microdata Areas (workplace PUMAS), whiate often substantially larger than
residential PUMAS especially near central citiag, &lso quite idiosyncratic across metropolitan

areas with some areas having almost as many wakkgla residential PUMAs and others areas

% The literature on commute time historically firtiat time costs of commutes are valued at apprdrimhalf the
wage (Small, 1992). However, more recent estimfates Small, Winston, and Yan (2005) and Brownstand
Small (2005) find evidence that commuting timeasued at about 90% of the wage.
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with millions of residents having only one or tw@nkplace PUMAs. There are approximately
25 percent more residential PUMAs than workplaceMiAS in our sample. We also examine

models where agglomeration and workplace commuwensgasured at the zip code, and our
sample contains about six times as many zip codesesidential PUMAs. Residential fixed

effects are included at the census tract I&Vel.

The standardized estimates are the largest fodeesal PUMA suggesting that
measurement error might be worse for larger or lemalorkplace definitions, but the other
estimates are still sizable and statistically digant. The pattern of results across columns is
remarkably similar except for two minor differencé¢hen workplace PUMA is used to measure
agglomeration, the inclusion of fixed effects ledolsn increase in the agglomeration estimate.
For both the residential PUMA and zip code modelgglomeration estimates are virtually
unchanged by including fixed effects. Further, @ttenuation of the agglomeration estimate with
the inclusion of commute time is much larger, tyflica factor of 10, for the workplace PUMA
definition. While these results might lead one tefer workplace PUMA, we chose the more
uniform residential PUMA as the baseline workpldeénition in order to be conservative.

Table 8 presents estimates based on alternativgray@uc definitions of residential
location. The largest neighborhood definition is tiesidential PUMA with estimates shown in
panel 1, followed by estimates based on the smalbecodes in panel 2. Census tracts are even
smaller with populations between 1,500 and 8,0@hé¢p 3), and block groups are smaller still
with populations between 600 and 3,000 (panel A fixed effect estimates of agglomeration,
as well as the fixed effect plus commute time modet nearly identical across the four panels.

However, the attenuation in the estimates on educagariables, which indicates the ability of

%9 From this point forward, we only present estimaitsisig employment density, but estimates using tota
employment are very similar.
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the fixed effects to capture unobserved abilityjesadramatically. The inclusion of residential
PUMA fixed effects leads to an attenuation of 8y&cent, while zip codes lead to 15-17
percent, census tracts to 22-23 percent, and lgomkps to 24-26 percent declines in estimated
education coefficients. The different fixed effedémd to different attenuation and yet very
similar agglomeration estimates, which is consistath our finding that unobserved individual
productivity variables do not bias within metropaf estimates of agglomeration.
Improving the Residential Location Controls

In this section, we consider expanded fixed effacdels that 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 cuyrieets and neighborhood amenities and
therefore are similar, while homeowners that motethe neighborhood in earlier years chose
this neighborhood based on different prices andnémdevels. Alternatively, one physical
residential location might be divided into diffetesubmarkets based on the type of housing
stock. For example, an individual who resides isnall loft in an apartment building may be
very different from someone who selects a largglsifamily dwelling in the same residential
location, even if the two individuals have similavels 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 tract fixed effects are created forlea€ the following categories: renters, owners who
have been residing in the neighborhood for less tme year, owners who have been residing in

the neighborhood between one and five years, andemnvywho have been residing in the
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neighborhood for more than five years. For the mgustock model, tract 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 9,
and the expansion of the residential fixed efféets little impact on the estimated agglomeration
effects. Further, as with more geographically narresidential locations, both sets of controls
significantly increase the attenuation of the doefht estimates on the human capital variables,
from between 22-23 to 26-29 percent, while notciifig the agglomeration estimat8s.

In addition, another the locational equilibriunsttéor agglomeration economies requires
the assumption that individuals in the same residelocation face the same price per unit of
housing services. This assumption may not be redderbecause it is expensive and often
prohibited by zoning to change the type of housingspecific parcels of land. As a result, the
price per unit of housing services may vary cormsibly across different forms of housing in the
same neighborhood due to differences between dudemand and the historical supply of
housing in this neighborhood. Our submarket fixéfdots help address this concern, and the
resulting commute time estimates and the impaeh@tiding commute time on agglomeration
estimates are nearly identical to the results inld &.

Alternative Subsamples and Robust Commute Time Estimates

Table 10 presents estimates for a series of raggurbsamples. The first panel presents
results for the full sample with the subsequentefmiontaining the estimates for metropolitan
areas in the Northeast, Midwest, South, and Wegbms. The qualitative findings concerning

the coefficient estimate on employment density abl€ 5 are replicated across all four regions.

“9In principle, one might wonder whether these déffeé geographic definitions have different implioas for
different size and density metropolitan areas. Hameour agglomeration estimates are very stableeaestrict
our analysis to a smaller number of larger metritgrolareas.
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The estimated impact of agglomeration is quite Istatthen controlling for residential fixed
effects and then falls to near zero after the ®iolu of a control for commute time. The raw
coefficient estimates on employment density exhsbibstantial variation across regions, but in
part this is due to different urban environments each region. After standardizing the
coefficients using the within metropolitan areansi@d deviation of employment density, the
estimated agglomeration effects in the fixed effaotlels are closer in magnitude with values of
0.034, 0.055, 0.027, 0.015, and 0.017 for thedathple, Northeast, Midwest, South, and West
regions, respectively. Also, the commute time rtssate quite stable across the samples with
estimates ranging from 0.0066 to 0.0069 over tle fegions as compared to 0.0069 for the full
sample, again consistent with commuting costsahanoticeably less than twice the waibe.
Table 11 presents a similar set of estimates dbsamples based on college education,
transportation mode, and race/ethnicity. Standadlizestimates of agglomeration are
substantially higher for the college educated, Hagpanic white, and mass transit subsamples
ranging between 0.037 and 0.053, as compareddagerof 0.022 to 0.025 for the non-college
educated, minority, and automobile user subsampdss.in Table 10, the agglomeration
estimates fall dramatically when commute time iduded in the models, and the estimates on
commute time are stable across the college edycadedcollege educated workers, automobile
commuters, and mass transit commuters with estswateging between 0.0064 and 0.0074. The
only exception to this finding is the white-mingrisplit, where the estimated relationship
between commute time and wages of 0.0034 for ntieeris substantially smaller than the

0.0081 estimate for non-Hispanic white subsarfiple.

*1 The standardized estimates on total employmergdoh region are quite similar to the density estis
presented in the paper.
2 pgain, the pattern of results is nearly identicainodels using total employment to measure agglatioa.
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This last finding should not be surprising consiulgrprevious research concerning
minority commutes and the spatial mismatch hypashdsor example, Gabriel and Rosenthal
(1996) and Petitte and Ross (1999) both find radifierences in commutes that cannot be
compensated for by differences in housing pricelanvages. Our findings are consistent with
the notion that minorities are in a locational diguum when compared to each other, but are
under compensated for their commutes when compretie majority population. Barriers
faced by minorities or other imperfections in tabdr market may differentially affect minorities
preventing them from being fully compensated fagittcommutes. For example, Hellerstein,
Neumark, and Mclnerney (2008) find that access tocAn-American held jobs, rather than
overall employment access, explains the employmettomes of African-Americans.

Finally, our finding of larger agglomeration ecomes for college graduates is notable
because it is consistent Moretti (2009) who finalst thigh skill individuals have been migrating
to more agglomerated, higher cost metropolitan sareis evidence suggests that the reason
behind this is a shift in the demand for labor Iede areas and is not simply a stronger
preference for large city amenities among the gelleducated. Similarly, we find that the
agglomeration wage premium is higher for collegeucated individuals. The lower
agglomeration coefficient for minorities may retiehe lower levels of educational attainment
among minorities, while the large estimated agglatien effects for the mass transit sample is
likely due to the high concentration of mass transers in the Northea$t.

Wor kplace Human Capital Specification
Table 12 presents estimates for models that atdode a control for the workplace share

of workers with a four year college education ayh@r. The extended model is still consistent

*3 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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with agglomeration economies with a coefficieniraate of 0.0022 for the fixed effects model
with the full sample (panel 1), very similar to thstimate in Table 5, much smaller estimates
after controlling for commute time, and an estirdat®efficient on commute time of 0.0066
consistent with reasonable commuting costs. Theathn level of workers in a workplace is
also positively associated with wages, which isststent with the standard human capital
externalities explanation that often arises in tauatext (Rauch, 1993; Moretti, 2004; Rosenthal
and Strange, 2006). As before, the estimated effeagglomeration on wages is robust to the
inclusion of residential fixed effects, but theiestted effects of share college educated decline
from 0.359 to 0.151 when residential fixed effeats included” These findings are consistent
with the notion that high skill individuals sorttaplaces with concentrations of highly educated
workers. As with agglomeration, the coefficientgirare college educated declines substantially
(a factor of 3 in panel 1) with the inclusion ofnamute time as a control. Panels 2, 3 and 4 of
Table 12 present estimates for a model with no cates for the full sample, for the baseline
model using the subsample of single, male workewsj for a model controlling for
observationally equivalent individual cells by cessract fixed effects. As in Table 5, all results
are robust, and the general pattern of findingsipes.
Summary and Conclusions

This paper estimates standard agglomeration madéhg) a sample of 49 Metropolitan

and Consolidated Metropolitan Statistical Areasrirthe confidential files of the long form of

the 2000 Decennial Census. The estimates for lmdéh émployment and employment density

4 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 nonexgd 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 molaisire directly comparable to Rosenthal andh§&a
(2006), our estimated effect sizes are fairly samih magnitude to their estimates for a five médius circle.
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indicate a positive relationship between workplagglomeration and firm wages, and these
estimates are unchanged by the inclusion of resalelocation controls intended to absorb

worker heterogeneity, even when residential fixétbots are included for each group of

observationally equivalent individuals. The magdéds of these estimates are sizable with
standardized effects between one-half and thregeygaof the estimated across-metropolitan
wage premium for the same sample. Estimates foinithgidual education variables attenuate

when the residential controls are included, whishconsistent with the residential controls

capturing unobserved heterogeneity. The attenuaticneases substantially as location controls
are refined by focusing on smaller geographic messwf residential location or housing

submarkets within residential locations, and thesenges have no impact on the agglomeration
estimates consistent with our main finding of nasbirom worker sorting. This finding is also

consistent with the small within metropolitan arearrelation between agglomeration and

observable human capital.

The inclusion of commute time dramatically reductdse estimated effect of
agglomeration on wages. The estimates on commui ithply commuting costs of less than
two times the wage, which is consistent with therext literature on commuting costs, and the
correlation between observed measures of humatatapd commute time is quite small. These
findings suggest that the observed nominal wagkereiices do not represent differences in
ability across workers because the commute timmbigr captures commuting costs accurately
and wages net of commuting costs do not vary syieally across employment locations,
presumably leaving similar workers with similar & of well-being. Further, bias calculations
across a variety of parameter values indicate tthatagglomeration estimates after controlling

for commute time form an upper bound for the brathe fixed effect agglomeration estimates,
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as long as estimates on commute time are not bigsedrds. Even in the extreme case where
we assume that the total commuting costs are amytilmes the wage, the implied causal effects
of agglomeration are substantial, between one-gquaaind three-eighths of the across-
metropolitan wage premium. All findings includinget implied commuting costs are robust
across a wide variety of subsamples, different ggagc definitions of workplace and
residential neighborhood, use of housing submarkateighborhood fixed effects, as well as a
very challenging test for our estimation stratedyeve we omit all individual level covariates
substantially increasing the variance attributablenobserved worker ability.

Finally, an extended specification is estimated theludes a variable intended to capture
human capital externalities, share of workers itlour year college degree or above. As in the
previous literature, we find that wages increaséhwhe concentration of college-educated
workers. The effect of human capital externalibeswages falls by over half with the inclusion
of fixed effects, likely because high productivitdividuals are sorting across work locations
based on education levels. However, the resulixegfeffect estimates are still sizable, and the
inclusion of commute time substantially reduces éemated relationship between wages and
share college educated workers variable suppodurgview that a substantial fraction of our
fixed effect estimates represent the causal effelstiman capital externalities on wages.

The results in this paper also have more genergligations concerning the nature of
urban economies. Only limited empirical evidenceudman wage gradients exists to support the
idea that urban labor markets are in a locatiogaildérium. This paper provides substantially
more direct evidence by demonstrating that wagelignés can substantially compensate for
nominal wage differences within metropolitan are&sirther, if agglomeration economies

eventually plateau and possibly decline on the mamgt very high concentrations of
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employment, empirical estimates of agglomeratidact$ may understate the total importance of
agglomeration in urban economies, especially iresitvith relatively effective transportation
systems, because in equilibrium workers shouldicoatto crowd into the high employment
concentration locations until marginal productividgclines sufficiently to assure equal wages
net of commuting costs.
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Table 1: Calculation of the Expectation of ParamE&timates
Parameters Ordinary Least Squares ResidentiatlfEKect | Residential Fixed Effegt Residential Fixed Effec
plus Observables plus Observables and
Commutes
Baseline
Agglomeration 1.447 1.536 1.336 0.755
Human Capital 0.990 0.744 0.737
Decrease Variance of Agglomeration from 0.051 €10.
Agglomeration 2.010 2.210 1.759 1.705
Human Capital 0.990 0.744 0.737
Increase Variance of Unobserved Ability from 1.@2t0
Agglomeration 1.633 1.736 1.485 1.088
Human Capital 0.986 0.756 0.744
Increase Correlation between Agglomeration and Hu@apital from 0.1 to 0.2
Agglomeration 1.923 2.098 1.699 1.651
Human Capital 0.958 0.726 0.694
Decrease Correlation between Agglomeration and Qa@mime from 0.74 to 0.0
Agglomeration 1.447 1.536 1.336 0.336
Human Capital 0.990 0.744 0.744

Note: The cells contain the true value of the patamplus the calculated bias based on the mogdetsfed in equations (13a-d). The
baseline calculations are based on a varianggaride; of 1, a variance of;of 0.051, a variance gf bf 0.084, a correlation
between Zand i + «;) of 0.1, a correlation betweenahdtj of 0.74, and a correlation betweef t a;) andtj of 0. All baseline
values are preserved in following panels exceptiferspecific variance or correlation being modifie the panel. In panel 3, the
variance of the residential preference parametgeases from 3.0 to 6.5 in order to keep the adtion of human capital variables in
model 3 approximately constant.
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Table 2: Calculation of the Expectation of ParamE&timates
Parameters Ordinary Least Squares ResidentiatlfEKect | Residential Fixed Effegt Residential Fixed Effec
plus Observables plus Observables and
Commutes
Correlations of Agglomeration with Human CapitaDa240 and with Commute Time at 0.060
Agglomeration 1.177 1.213 1.133 -0.032
Human Capital 0.998 0.749 0.748
Commute Time 1.175
Decrease Correlation between Agglomeration and Qaifime to 0.029
Agglomeration 1.177 1.213 1.133 0.136
Human Capital 0.998 0.749 0.749
Commute Time 0.997
Increase Correlation between Agglomeration and Hu@apital to 0.081
Agglomeration 1.361 1.433 1.271 0.271
Human Capital 0.993 0.746 0.746
Commute Time 1.000

Note: The cells contain the true value of the patamplus the calculated bias based on the modetsfied in equations (13a-d). The
panel 1 calculations are based on a variane¢ afida; of 1, a variance ofjf 0.051, a variance ofbf 0.084, a correlation between
Z; and & + ;) of 0.040, a correlation betweepandt of 0.74, and a correlation betweef £ ¢;) andtjx of 0.060. All panel 1 values

are preserved in following panels except for thecdT correlation being modified in the panel.
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Table 3: Variable Names, Means, and Standard Dergt
Variable Name | Non-College | College Graduates
Dependent Variable
Average hourly wage | 20.103 (30.829) 35.987 (55.428)
Workplace Controls

Total Residential PUMA employment in 100,000’s ®48.575) 0.641 (0.759)

PUMA Employment density in 1000’s/square KM 2.646 (11.004) 4.772 (15.306)

Share of college educated workers in PUMA 0.35890) 0.405 (0.101)

Average commute time to PUMA in minutes 26.57326)6 28.195 (7.787)
Metropolitan Area Controls

Percent college educated in MSA and occupation 0.026 (0.035) 0.056 (0.045)

Percent college educated in MSA and industry 0(03R28) 0.051 (0.035)
Individual Worker Controls

Age of worker 42.580 (7.980) 43.024 (8.076

Non-Hispanic white worker 0.672 (0.470) 0.813 (@B9

African-American worker 0.126 (0.332) 0.058 (0.233)

Hispanic worker 0.159 (0.365) 0.043 (0.204)

Asian and Pacific Islander worker 0.042 (0.200 8a.(0.278)

High school degree 0.346 (0.476)

Associates degree 0.488 (0.500

Four year college degree 0.599 (0.490

Master degree 0.255 (0.436)

Degree beyond Masters 0.146 (0.353

Worker single 0.285 (0.452) 0.230 (0.421)

Presence of own children in household 0.474 (0.499) 0.502 (0.500)

Born in the United States 0.800 (0.400) 0.826 @37

Years in residence if not born in U.S. 18.574 (00)8 | 17.432 (11.669)

Quality of spoken English 0.164 (0.370) 0.168 (@)37

Sample size \ 141,5176 | 92,7916

Note: Means and standard deviations are for a saof{#,343,092 observations containing all
male full-time workers aged 30 to 59 in the metidpn areas with populations over 1 million
residents where full-time work is defined as workedaverage of at least 35 hours per week.
Standard deviations are shown in parentheses.
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Table 4: Baseline Model of Agglomeration Econonf@s_ogarithm of the Wage Rate

Independent Variables

Total Employment

Density

Total employment in 100,000’s

0.0544 (7.80)

Employment density in 1000’s per square KM

0.0024 (8.40)

Percent college educated in MSA and occupatic

n

62.86.36)

0.9237 (6.56)

Percent college educated in MSA and industry

1.71027)

1.7520 (10.69)

Age of worker

0.0333 (46.19)

0.0333 (45.99

Age of worker squared divided by 100

-0.0369 (-45.5

-0.0369 (-46.32)

Non-Hispanic white worker 0.1376 (28.00 0.1368.727
African-American worker -0.0064 (-1.33) -0.0059.23)
Hispanic worker -0.0152 (-3.04) -0.0156 (-3.12
Asian and Pacific Islander worker 0.0359 (5.73 369 (5.68)
High school degree 0.1380 (57.50 0.1383 (57.90)
Associates degree 0.2241 (73.75) 0.2250 (74.84)
Four year college degree 0.4219 (111.50) 0.4243.(05)
Master degree 0.5429 (104.14) 0.5463 (107.67)
Degree beyond Masters 0.6606 (121.29) 0.6645 (025.1

Worker single

-0.1350 (-107.90

) -0.1346 (-107.0

7

Presence of own children in household

0.0720 (96.9

3 0.0717 (45.93)

Born in the United States -0.0563 (-20.81) -0.0620.75)
Years in residence if not born in U.S. 0.0087 (89.4| 0.0087 (59.31)
Quiality of spoken English 0.0135 (4.88) 0.013574.8
R-square 0.2905 0.2898

Note: The dependent variable for all regressionisadogarithm of the estimated hourly wages,
which is calculated as annual labor market earniligded by the product of number of weeks
worked and average hours worked per week. The &aghle of interest is either the total
number of full time workers in an individual’s walace based on residential PUMA or the
density of full time workers in the workplace whéud-time work is defined as worked an
average of at least 35 hours per week. The sam843,092 observations contains male full-
time workers aged 30 to 59 in the selected meti@oareas. The models include metropolitan
area, 15 industry, and 2@cupation fixed effects, but those estimates appressed. T-
Statistics based on standard errors clustereceatdinkplace are shown in parentheses.
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Table 5: Agglomeration Wage Models without and wititation Controls

Variables Total Employment Density

OoLS | Fixed Effects | Commute Timg oLS | Fixed Effects naute Time

Baseline Model Specification
Employment 0.0544 (7.80) 0.0508 (9.79 0.0082 (R.62
Density 0.0024 (8.40) 0.0026 (7.98 0.0004 (B.8B
Commute Time 0.0067 (20.33 0.0069 (28.51)
R-Square 0.2905 0.3340 0.3347 0.2898 0.3338 0.3347
Logarithm of Employment, Density, and Commute Time
Employment 0.0516 (22.02 0.0432 (17.78) 0.01331(y.
Density 0.0181 (11.88) 0.0202 (13.55) 0.00485p.
Commute Time 0.1855 (16.72 0.1972 (17.12)
R-Square 0.2912 0.3340 0.3346 0.2902 0.3340 0.3346
No Individual Level Covariates
Employment 0.0544 (7.01) 0.0575 (9.33 0.0101 (.9
Density 0.0022 (8.15) 0.0029 (7.51 0.0003(3.10)
Commute Time 0.0075 (20.12 0.0079 (29.43)
R-Square 0.1997 0.2895 0.2904 0.1987 0.2892 0.2904
Sample of Single Men
Employment 0.0409 (7.45) 0.0368 (8.16 0.0004 (.14
Density 0.0018 (7.93) 0.0018 (7.04 -0.00018@80.
Commute Time 0.0062 (16.02 0.0064 (19.85)
R-Square 0.2427 0.3078 0.3084 0.2422 0.3076 0.3084
Observationally Equivalent Cells

Employment 0.0569 (8.40) 0.0533 (8.98 0.0068 (1..81
Density 0.0025 (8.17) 0.0028 (7.08 0.0003 (.16
Commute Time 0.0071 (18.35 0.0073 (20.55)
R-Square 0.2930 0.3563 0.3570 0.2923 0.3560 0.3570
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Note: The OLS columns in panel 1 contain the resuttim Table 4, the fixed effect columns contaie thsults for the same model
where metropolitan fixed effects are replaced hysaos tract of residence fixed effects, and the cotartime columns contain the
results for the census tract fixed effect modetrafine inclusion of the average commute time feritidividual’'s workplace at the
residential PUMA level. Panel 2 presents estimatedrolling for the logarithm of total employment @mployment density, as well
as the logarithm of average commute time for tsertzodel. Panel 3 presents estimates for a spaadicwhere all individual worker
covariates (as listed in Table 3) are excludedebdrpresent estimates for a sample of single red,panel 5 presents estimates
based on a model that controls for worker cell &ystis tract fixed effects. The first three andléise models use the same sample of
2,343,092 observations, while the fourth model ubessubsample of single men with 617,144 obsemati T-Statistics based on
standard errors clustered at the workplace are showarentheses.
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Table 6: Agglomeration Wage Models Instrumenting@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 0.0082 (2.62) 0.0149 (6.64 0.0268 (B.82
Density 0.0004 (3.83) 0.0008 (8.13 0.0014 (8.4
Commute Time 1.7766 (20.33 1.5000 1.0000 1.82860) 1.5000 1.0000
R-Square 0.3347 0.3287 0.3300 0.3347 0.3287 0.3300

Note: The first and fourth columns present two-stdgast squares estimates for the census tracesifience fixed effect
agglomerations models controlling for an individsabtal commute time (both ways) as a share of thetire work day (average
hours worked per week divided by five plus the ltanmute time) using the average commute timeHerworkplace based on
residential PUMA (the same control variable used able 5) as an instrument. The next two colummesqmt estimates based on
predicted commute time share, but restricting tefftccient on commute time share to 1.5 and 1.§peetively. T-Statistics based on
standard errors clustered at the workplace are shhowarentheses. The sample size is 2,343,092.
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Table 7: Employment Density Models with Alternatiéorkplace Definitions
Variables \ OoLS | Fixed Effects | Commute Time
Workplace PUMA
Density 0.0063 (4.31) 0.0074 (4.66) 0.0002 (0.4B)
Standardized Density 0.0246 0.0289 0.0008
Commute Time 0.0075 (22.81)
R-Square 0.2892 0.3333 0.3341
Residential PUMA
Density 0.0024 (8.40) 0.0026 (7.98) 0.0004 (3.8B)
Standardized Density 0.0310 0.0336 0.0052
Commute Time 0.0069 (28.51)
R-Square 0.2898 0.3338 0.3347
Zip Code Tabulation Area
Density 0.0013 (4.44) 0.0012 (4.12) 0.0003 (3.6p)
Standardized Density 0.0297 0.0274 0.0069
Commute Time 0.0077 (30.72)
R-Square 0.2891 0.3340 0.3364

Note: The workplace geography for each panel isl usecalculate employment density in and
average commute time to a workplace for the mopedsented in that panel. The estimates in
panel 2 contain the results from Table 5 where wiade is defined based on residential Public
Use Microdata Areas (PUMAS). Panel 1 defines wagelusing the larger workplace PUMAS,
and panel 3 using the five-digit census defined eque tabulation areas. Estimates on
employment density are scaled or standardized ugiagwithin metropolitan area standard
deviation of that variable for the specific geodrapThe standard deviations for employment
density are 3.9088, 12.9226, and 22.8446 for thikkplace PUMA, residential PUMA and Zip
Code Tabulation Area, respectively. All fixed effecodels (column two) include census tract of
residence fixed effects. The models include thedsied covariates shown in Table 3, and
estimates are based on the full sample of 2,343dl#2rvations for panels 1 and 2 and on
2,132,986 observations for panel 3. T-Statistiesslmown in parentheses and based on standard
errors clustered at the workplace geography usedch panel.
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Table 8: Employment Density Models with AlternatiResidential Neighborhood Definitions
Variables \ OoLS | Fixed Effects | Commute Time
Residential PUMA
Density 0.0024 (8.40) 0.0028 (8.32) 0.0003 (2.9[7)
Commute Time 0.0078 (28.83)
R-Square 0.2898 0.3036 0.3048
Zip Code Tabulation Area
Density 0.0027 (7.90) 0.0004 (3.68
Commute Time 0.0071 (28.00)
R-Square 0.3150 0.3160
Census Tract
Density 0.0026 (7.98) 0.0004 (3.83
Commute Time 0.0069 (28.51)
R-Square 0.3338 0.3347
Census Block Group
Density 0.0026(7.93) 0.0004(3.96
Commute Time 0.0068(28.44
R-Square 0.3600 0.3609

Note: The residential neighborhood geography fahegaanel is used to define the residential
location fixed effects. The estimates in panel 8tam the results from Table 5 where fixed

effects are defined using census tracts. Panel fihedethe fixed effects using residential

PUMASs, panel 2 using the five-digit census defiagricode tabulation areas, and panel 4 using
census block groups. All models define employmemisity and average commute time based on
workplace at the residential PUMA level. The modaltdude the standard covariates shown in
Table 3, and use the full sample of 2,343,092 afadiens. T-Statistics are shown in parentheses
and based on standard errors clustered at the \@okp
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Table 9: Employment Density Models with AlternatiMeighborhood Fixed Effects
Variables \ OoLS | Fixed Effects | Commute Time
Census Tract Fixed Effects
Density 0.0024 (8.40) 0.0026 (7.98) 0.0004 (3.8B)
Commute Time 0.0069 (28.51)
R-Square 0.2898 0.3338 0.3347
Census Tract by Tenure in Residence Fixed Effects
Density 0.0025 (8.08) 0.0004 (4.56
Commute Time 0.0066 (27.47)
R-Square 0.3701 0.3709
Census Tract by Housing Stock Fixed Effects
Density 0.0025 (8.27) 0.0004 (4.36
Commute Time 0.0066 (27.47)
R-Square 0.3854 0.3862

Note: All models use workplace agglomeration ancthrrmte time at the residential PUMA
level. The models in panel 1 control for censusttfixed effects. The models in panel 2 control
for tenure based fixed effects that include a uaifixed effect for each of four tenure categories
in each census tract. The models in panel 3 cofdrdiousing stock fixed effects that include a
unique fixed effect for each housing stock categwryeach census tract. The four tenure
categories are renter, owner in residence lessdharyear, owner in residence between one and
five years, and owner in residence more than fe&y. The seven housing stock categories are
mobile home, multifamily 1 bedroom or less, multifiéy 2 bedroom, multifamily 3 bedroom or
more, single family 2 or less bedrooms, single fai@ibedrooms, and single family 4 or more
bedrooms. The models include the standard covargttewn in Table 3, and T-Statistics are
shown in parentheses and based on standard efustered at the workplace. Sample size:
2,343,092.
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Table 10: Employment Density Models for Differergdions of the Country
Variables \ OoLS | Fixed Effects | Commute Time
Full Sample
Raw Density 0.0024 (8.40) 0.0026 (7.98 0.00043B.8
Standardized Density 0.0310 0.0336 0.0052
Commute Time 0.0069 (28.51)
R-Square 0.2898 0.3338 0.3347
Sample Size 2,343,092
Northeast
Raw Density 0.0022 (9.65) 0.0023 ((10.18) 0.0(034)
Standardized Density 0.0523 0.0547 0.0095
Commute Time 0.0066 (19.4
R-Square 0.2923 0.3352 0.3365
Sample Size 569,806
Midwest
Raw Density 0.0037 (12.64) 0.0038 (10.685) 0.0009)(0
Standardized Density 0.0258 0.0265 0.0028
Commute Time 0.0067 (10.68)
R-Square 0.2644 0.3079 0.3085
Sample Size 527,781
South
Raw Density 0.0052 (6.4) 0.0046 (5.87 0.0007 (.36
Standardized Density 0.0167 0.0148 0.0023
Commute Time 0.0067 (10.27)
R-Square 0.3065 0.3485 0.3492
Sample Size 637,023
West
Raw Density 0.0032 (2.58) 0.0047 (4.74 -0.00003P
Standardized Density 0.0116 0.0171 -0.0002
Commute Time 0.0069 (13.89)
R-Square 0.2905 0.3356 0.3362
Sample Size 608,482

Note: All models use workplace agglomeration anchitaute time at the residential PUMA level

and fixed effect models control for census tracedi effects. The estimates in panel 1 are for the
full sample and the estimates in panels 2-5 ardhfersubsample of residents residing in the
Northeast, Midwest, South, and West census regibms.standardized density coefficients are

based on the within metropolitan area standardatiewi of the employment density variable
measured at the workplace PUMA. The standard dewmtare 12.9226, 23.7880, 6.9753,
3.2174, and 3.6324 for the full sample, NorthelBtlwest, South, and West, respectively. The
models include the standard covariates shown inleT@& and T-Statistics are shown in
parentheses and based on standard errors clustetezlworkplace.
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Table 11: Employment Density Models for Subgroups
Variables \ OoLS | Fixed Effects | Commute Time
No Four Year College Degree
Raw Density 0.0017 (6.91) 0.0023 (7.10 -0.0000336)
Standardized Density 0.0187 0.0253 -0.0003
Commute Time 0.0074 (26.41)
R-Square 0.2156 0.2633 0.2646
Sample Size 1,415,176
Four Year College Degree
Raw Density 0.0030 (8.86) 0.0028 (8.63 0.00087p.~
Standardized Density 0.0459 0.0429 0.0122
Commute Time 0.0064 (18.46)
R-Square 0.1750 0.2514 0.2522
Sample Size 927,916
Non-Hispanic White
Raw Density 0.0030 (8.61) 0.0030 (8.21 0.0003QR.6
Standardized Density 0.0369 0.0369 0.0037
Commute Time 0.0081 (29.99)
R-Square 0.2473 0.2987 0.2999
Sample Size 1,705,058
Minority
Raw Density 0.0011 (7.39) 0.0017 (8.31 0.00074% .4
Standardized Density 0.0158 0.0245 0.0101
Commute Time 0.0034 (8.06
R-Square 0.2859 0.3507 0.3510
Sample Size 638,034
Automobile Commuter
Raw Density 0.0033 (7.34) 0.0032 (7.41 0.00041(B.6
Standardized Density 0.0224 0.0218 0.0027
Commute Time 0.0072 (27.19)
R-Square 0.2831 0.3281 0.3290
»Sample Size 2,073,487
Mass-Transit Commuter
Raw Density 0.0022 (7.03) 0.0016 (6.68 0.00014p.5
Standardized Density 0.0735 0.0534 0.0033
Commute Time 0.0069 (5.19
R-Square 0.4243 0.5360 0.5367
Sample Size 144,917

Note: All models use workplace agglomeration anchiraite time at the residential PUMA level
and fixed effect models control for census tracedi effects. The estimates in panels 1 and 2 are
for the subsamples without and with a four yeateg@ degree, panels 3 and 4 are for the non-
Hispanic white and minority subsamples, and pabelad 6 are for automobile and mass-transit
commuter subsamples. The standardized density iceetls are based on the within
metropolitan area standard deviation of the empkntmdensity variable for each sample
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measured at the workplace PUMA. The standard dewmtare 11.0040, 15.3060, 12.3109,
14.3943, 6.8012, and 33.3989 in order of the paiféls models include the standard covariates
shown in Table 3, and T-Statistics are shown ineplireses and based on standard errors
clustered at the workplace.
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Table 12: Employment Density and Workplace HumapitahModels

Variables \ OoLS | Fixed Effects | Commute Time
Baseline Model Specification
Density 0.0015 (11.64) 0.0022 (8.55) 0.0004 (3.86)
Share Workers with College 0.3593 (17.68) 0.151r94) 0.0472 (3.30)
Commute Time 0.0066 (24.92)
R-Square 0.2913 0.3340 0.3347
No Individual Level Covariates
Density 0.0010 (8.28) 0.0024 (8.05) 0.0003(3.18)
Share Workers with College 0.4793 (19.66) 0.19900Q) 0.0833(5.29)
Commute Time 0.0073 (24.81)
R-Square 0.2013 0.2895 0.2904
Sample of Single Men
Density 0.0012 (9.28) 0.0015 (7.17) -0.0001 (-0.97)
Share Workers with College 0.2596 (12.19) 0.13%%}B. 0.0401 (2.54)
Commute Time 0.0061 (18.03)
R-Square 0.2431 0.3077 0.3084
Observationally Equivalent Cells
Density 0.0017 (11.05) 0.0024 (7.60) 0.0003 (2.20)
Share Workers with College 0.3534(18.74 0.17195p. 0.0597 (3.30)
Commute Time 0.0068 (18.01)
R-Square 0.2937 0.3563 0.3570

Note: Panel 1 presents estimates from the basgbieefication presented in Table 5 extended to
include a control for the share of workers with @lege degree at the workplace. Panel 2
presents estimates for a specification where dlvidual worker covariates (as listed in Table 3)
are excluded, panel 3 presents estimates for alsaaofipsingle men, and panel 4 presents
estimates based on a model that controls for warklrby census tract fixed effects. The first
two and the last models use the same sample 08232 observations while the third model
uses the subsample of single men with 617,144 wasens. T-Statistics based on standard

errors clustered at the workplace are shown inrpheses.
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