TheEffectsofJobandHousingLocationon

Race/GenderWageDifferentialsinMilwaukee:

Testingthe‘NetworkHypothesis’

by

RobertDrago

DepartmentofEconomics

UniversityofWisconsin-Milwaukee

POBox413

MilwaukeeWI53201-0413

March1994

* Paper for Association for Institutional Thought meetings, April 1994. This study grew out of an

analysis for the City of Milwaukee Fair Housing and Employment Commission, Milwaukee Area

Technical College, Milwaukee Metropolitan Sewerage Commission, Milwaukee Foundation, Private

Industry Council of Milwaukee County and the University of Wisconsin-Milwaukee. For various

forms of assistance and advice, the author thanks: David Riemer, City of Milwaukee Department of

Administration; John Gardner, Ruth Zubrinski and Cedric Cornwall, City of Milwaukee Fair Housing

and Employment Commission; Elmer Anderson and Gabriele Mack, Milwaukee Metropolitan

Sewerage District; Carmen Campbell, U.S. Bureau of the Census; Peter Akubeze, Swarnjit Arora,

Linda Hawkins, John Heywood, John Pawasarat, and James Peoples, University of Wisconsin-

Milwaukee.Commentsappreciated.

ABSTRACT

This study considers the joint role of job and housing location as they affect the earnings of different

race and gender groups. Building on Wial’s (1991) case study of networks in Boston which distribute

good jobs, the ‘network hypothesis’ suggests that the channels which distribute high wage jobs inside

Milwaukee county are connected to individuals who are predominantly white males and live outside of

the county, thereby limiting access for others partly on the basis of race and gender and partly due to

jobandhousinglocation.Datafrom the 1990 U.S. census are used to test this hypothesis. The results

areconsistentwiththenetworkhypothesis.

TheEffectsofJobandHousingLocationon

Race/GenderWageDifferentialsinMilwaukee:

Testingthe‘NetworkHypothesis’

As the sun rises over Lake Michigan, a portion of Milwaukee’s inner city is shadowed by the

buildingsofthecentralbusinessdistrict.Yeteventhemostcasualobserver could not fail to notice that

theindividuals coming to work in these buildings do not resemble the inner city residents living nearby.

S kin c olor m arks t he w orkers a s c ommuters from outside the community, and their attire suggests the

commuters are wealthier than local residents. Implicit in this observation is the possibility that

differences in earnings by race and gender may have dimensions which are specific to job and housing

location.TheanalysishereusesdataonMilwaukeefromthe1990U.S.Censustoanalyzethisissue.

Until recently, there was little in the way of theory or evidence to suggest a link between

discrimination and job or housing location. In the voluminous literature on discriminatory wage

differentials, only a handful of papers consider the effects of housing location, finding that blacks and

whites experience positive returns to suburban residence.

1

Surprisingly, where this finding has been

unearthed, no compelling explanation emerges from the standard theory (Price and Mills, 1985, p. 9).

Onemightthinkthattheliteratureonlaborsegmentation,initiatedinthehopeofexplaining the adverse

economic circumstances of urban blacks in the U.S., might offer more, but both job and housing

location have historically been ignored in this literature (e.g., Edwards, Reich and Gordon, 1975;

Gordon, Edwards and Reich, 1982). This situation changed with the publication of Wial’s (1991)

studyofmobilityamongyoungmalesinthreeethnicneighborhoodsofBoston.

In interviews with both employees and employers, Wial finds evidence of employment

networks which funnel young men from ‘bad’ to ‘good’ jobs, which he views as movement from

secondary to primary segment jobs. In these networks, individuals strive to use contacts with current

employees holding good jobs either to obtain timely or otherwise valuable information about particular jobopenings or to gain a personal recommendation to the boss. Employers support these networks by

either hiring directly through the network or, more commonly, by hiring the first qualified applicant

(whoisoftenbothfirstandqualifiedbyvirtueofnetworkmembership).

Wial’s study explicitly suggests that job networks are specific to ethnic groups and to

residence.Byexcludingwomen,thestudyimpliesthesenetworksaregenderspecificaswell.Further,

Wial finds individuals in his sample limit their job search to employers already connected to the

network, hinting that job location may also be specific to each network. It is the role of these four

potentiallyrelevantcharacteristicsofsegmentedlabormarketswhichdrivetheanalysisbelow.

BuildingonWial’sfindings, I hypothesize that white males, living outside of Milwaukee county

while holding good jobs inside of the county, maintain a network which distributes these jobs. This

possibilityislabelledthe‘networkhypothesis.’

2

Forastereotypicexample,supposewe found a whites-

only country club located in the suburbs, excluding women from desirable tee-times, having members

who are executives in industry, banking or government within the city, and where jobs are discussed

during g olf g ames. If such discussions occur, we would not be surprised if white, males residing in the

suburbstendedtofillopeningsforgoodjobsinthecity.

This stereotype, however, misses the far broader channels through which such networks can

develop. For example, individuals holding good jobs in the city and commuting from the suburbs may

meetthroughactivitiesrelatingtoschool,church,orcommunityorganizationsinthesuburbs, or during

lunchorotheractivitiessurroundingthe workplace. In such settings, either the organization or activity

may b e s egregated or individuals might segregate themselves within the activity by gender and race for

informal discussions during which information about jobs may be shared or recommendations of

specificindividualsforjobsmaybegiven. More directly, a study of employment in downtown

Milwaukeeconductedin1991and1992findsthevastmajorityofnewhighwagejobsinthe revitalized

downtown area being held by white suburbanites and the corpus of new low wage jobs being provided to city residents.

3

While education and experience may provide part of the explanation for these

findings,thenetworkhypothesismayalsobesalient.

If the network hypothesis is indeed relevant, this raises the empirical question of how we

expect race, gender, and job and housing location to interact in a segmented labor market. Stated in

polar t erms, a re w omen a nd people of color locked out of good jobs by virtue of who they are, where

theyliveorwheretheywork?

Fortunately, a well-developed literature based on the work of Oaxaca (1973) exists which is

intended to permit the decomposition of such effects while controlling for a variety of individual

characteristics which may also influence wages. In what follows, we first discuss these techniques,

including the recent approach suggested by Neumark (1988), and general methodological issues such

as sample selection bias. The proceeding section describe the data, variables for the analysis, and the

Milwaukee context. In the results section, we test whether housing and job location have distinct or

joint roles in the wage determination process. The network hypothesis suggests a joint effect will be

identified. We then analyze the race/gender component of these effects, basically asking whether job

and residence location effects are distinct for white males as opposed to all individuals in the labor

market.Theconclusionprovidesasummaryanddiscussionofpolicyimplicationsfromthestudy.

Methodology

HerewediscusstheOaxacadecomposition,Blinder’suseofthedecomposition,andNeumark’s

approach, focussing particularly on how these relate to segmentation theory, concluding with some

technicalconsiderations.

To understand Oaxaca’s (1973) method, suppose there are two major sources of earnings

variation: differences in individual productivity, and differences in how individuals with given

productivity are treated. Further assume that differences in individual productivity reflect human

capital (

Becker, 1

975), a nd t hat w e c an p roxy h uman c apital b y v ariables included in standard earnings equations (e.g., years of schooling, experience, occupation). If we then use those variables in a log-

linear wage regression, we can ascertain what the returns to human capital would be in the absence of

discrimination. The average difference between this hypothetical wage and actual wages, or the

residual,forparticularrace/gendergroupscaninturnbeattributedtodiscrimination.

To use this technique requires some judgement about the state of a necessarily hypothetical

‘discrimination free’ labor market. That is, what returns to human capital would exist if discrimination

disappeared? Oaxaca personally resolved this issue by positing that the elimination of discrimination

wouldyieldalabormarketwhereeitherallaretreatedasmembersofthe privileged group, or where all

aretreatedasthelessprivilegedgroup(orsomewherein between). In the first case, wages for the low

wage g roup a re p rojected to rise to current levels for comparable high wage employees. In the second

case, wages for the high wage group fall to current levels for comparable low wage employees. The

resulting estimates of discriminatory wage differences are respectively what Oaxaca considers upper

and lower bounds to the extent of discrimination. Blinder (1973), however, suggests that it is more

reasonable to posit that the elimination of discrimination would result in all labor market participants

beingtreatedasiftheywereintheprivilegedgroup(thisyieldsOaxaca’supperboundfigures).

Recently, Neumark (1988) has argued that if employer preferences are the sole source of

discrimination, then a single figure can be obtained for the discriminatory component in wage

differentials. He posits that the wage bill for the high wage group will fall by the same amount the

wage bill will rise for the low wage group until each receives the current average return on human

capital. A feature which has attracted interest in the Neumark approach is that it can yield

discriminatory wage figures which lie outside of Oaxaca’s ‘lower’ and ‘upper’ bound figures. For

present purposes, however, it is more important to note that the Neumark approach assumes that

productivity and hence the total wage bill would remain unchanged if discrimination were eliminated:

discriminationisazero-sumgame.

Since the network hypothesis derives from segmentation theory, while these decomposition

techniques are based on human capital theory, the preferred technique for testing the network

hypothesis is not obvious. For two distinct sets of reasons, we use the Neumark and Blinder

approaches, ignoring Oaxaca’s lower bound. The first set of reasons concern how segmentation

theoristsviewthe productivity effects of segmentation. Many argue that segmentation is profitable but

not productive and hence that wages for all groups of workers would rise if segmentation were

eliminated (Reich, 1981). If this argument is correct, then even Blinder’s method will tend to

understate wage losses due to discrimination. Since Blinder’s approach, however, yields the largest

losses, it is reasonable to use this to generate ‘upper bound’ estimates here. Other researchers argue

thatsegmentationconfersconcretebenefitsonwhitemales,benefitswhichwouldbelostin the absence

of segmentation (Schulman, 1990; Amott and Matthaei, 1991). This argument is close to Neumark’s

assumption that discrimination is a zero-sum game, so its elimination would benefit some groups and

make others worse off. We therefore take the Neumark approach as providing our ‘lower bound’

estimateshere.

4

A second set of reasons for using the Blinder and Neumark approaches concerns what they

actually do with the data. The Neumark approach uses data on all groups to calculate the returns to

various characteristics, while the Blinder approach uses only data from the most privileged group (in

our case, white males). In considering the network hypothesis, the Neumark method can then inform

usastotheaveragereturns to job and housing location, while Blinder’s approach yields information on

the average returns to these characteristics for white males. By comparing these results, we can

therefore gain insight into the question of how job and housing location interact with race and gender.

On the one hand, if race and gender are all that really matter, we would expect that wage differences

attributable to job and housing location for the entire sample will not appear in the white, male

subsample.Ontheotherhand,ifraceandgenderareirrelevant,thereturns to job and housing location

willbeidenticalinourcomparisonofresultsfortheentiresampleandforwhitemalesalone.

Within the context of this general strategy, we treat the data conservatively. The reason for

doing so is that the major variables related to the network hypothesis -- race, gender, job and housing

location -- are likely to be both closely associated with each other and correlated with human capital

controls. In the absence of a conservative approach, it could therefore be argued that any results

attributed to the network hypothesis are in fact due to omitted variables. In response to the possibility

for collinearity with omitted variables, we include a very extensive set of control variables. It is

generally believed that reliance on a virtual laundry list of controls leads to underestimation of

discriminatory differences (Cain, 1984), in which case the results will indeed be conservative.

Additionally, to control for the possibility that wage earners systematically diverge from others in the

sample population, we follow Reimers (1983) and employ a sample selection correction to the wage

regressions (Heckman, 1979; Greene, 1981). Whether our extensive controls or the sample selection

procedureinfactyield conservative results is later checked by rerunning the regressions after removing

variouscontrolsand(separately)withoutthecorrectionforsampleselection.

TheDataandMilwaukeeContext

This section describes the sample used for the analysis, discusses the variables used in the

analysis,thenoutlinesconditionsinMilwaukeeatthetimeofthe1990Census.

As part of the Decennial U.S. Census of Population and Housing, the Bureau of the Census

collects extended information from 16% of the population using the ‘long-form’ census. The Public

UseMicrodataSamples(henceforthPUMS)data employed here represent five-sixteenths of long-form

respondents to the 1990 census, so provides a 5% sample from the population (Bureau of the Census,

1992a).

The main sample used in the wage analysis is limited to respondents at least 16 years of age

who self-reported as a civilian wage or salary employee with positive earnings in the previous year.

Following Reimers (1983), we exclude respondents who are self-employed, unemployed, out of the labor force, members of the armed forces and retirees.

5

Out of 32,418 respondents in the Milwaukee

area, 20,650 or around 64%, meet the criteria for inclusion in the sample of wage earners. The

excluded group of 11,768 respondents are accounted for in the sample selection procedure.

6

Note

furtherthatallfiguresreportedbelowareweighted.

7

As i s s tandard, the dependent variable takes the form of the natural log of hourly wages which,

for Census type data, is calculated as the log of the ratio of usual weekly earnings to usual weekly

hours(e.g.,Reimers,1983;Neumark,1988;BelmanandHeywood,1991;Leigh,1991).

8

Regarding variables for testing the network hypothesis, the PUMS data contains two

geographicvariables,oneconcerningresidence,andanotherconcerningjoblocation.Forthe prior, the

Milwaukee m etropolitan region is broken into six PUMS areas, two covering three counties outside of

Milwaukee(Ozaukee,Washingtonand Waukesha), one for the area inside of the county but outside of

thecityofMilwaukee, and three more for areas inside of the city, one of which can be characterized as

capturingtheinnercity,althoughtheindicator is not perfect. For job location, the data set is limited to

informationonwhetheroneholdsajobinsideoroutsideofthecountyofMilwaukee.Giventhenature

of the data, we classify the metro region external to Milwaukee county as the suburbs, and further

separate out the inner city of Milwaukee for residence, ignoring the other geographic distinctions

permitted by the data.An interaction term is added later for the joint characteristic of residing outside

of,butworkinginsideof,Milwaukeecounty.

As mentioned earlier, we employ a large number of control variables. Indeed, the controls

includevirtuallyallofthose covered across a variety of relevant studies excepting those not salient to a

cross-sectional study of a single city (e.g., city population).

9

Standard human capital controls included

herearepotentialexperience(yearsofagelessyearsofschooling less 6, entered in quadratic form) and

years of formal schooling. To account for potential sheepskin effects, we supplement the years of

schooling variable with splines for holding a high school diploma and for a bachelor’s degree.

Relatedly,althoughwedonot know whether individuals are enrolled in school full-time, we do include a dummy variable for current school attendance, and we include dummy variables for whether the

individual usually works less than 35 hours per week and for individuals who were unemployed or out

ofthelaborforceforpartofthepreviousyear.Informationonpotentialexperienceis supplemented by

adummy variable for individuals who moved to Wisconsin since 1985, and a dummy variable indicates

non-U.S. citizenship. We also introduce dummies for whether a language other than English language

is always or sometimes spoken in the home, for military veteran status, and for government

employment. Additionally, the individual’s marital status is indicated by dummies for presently married

(not separated) and for never married, leaving separated, divorced and widowed individuals as the

residual g roup.

Relatedly, we include a variable for the number of dependent children living at home.

Control dummies are also included for five of six possible occupational groups, and for eight of nine

possible industries. While this list of control variables is extensive, union status is not provided in the

data, even though evidence strongly suggests that unions affect wages (Freeman and Medoff, 1984;

Leigh,1991).

To identify the sample selection procedure, we include two variables only in the probit for

whether one is a wage earner or not. These are the amount of family income exclusive of wage and

salary earnings for the respondent, and a dummy variable for whether the respondent received public

assistance during the previous years (actual amounts of public assistance are subsumed in family

income). While each variable could conceivably influence earnings, it seems reasonable to believe their

maineffectsareonemploymentperse.

Turning to race/gender categories, while gender divisions are clear in the PUMS data, racial

classification is not. The latter information is contained in two separate questions, one on racial or

ethnic heritage, and another on whether the respondent has a latin background.

10

Following Reimers

(1983), we respond to this problem by defining all respondents with a latin background as a distinct

racial category, and exclude these respondents from alternative race categories. The remaining

observations are classified by gender as white, black, asian, or native american. While these categories are not all inclusive, they come very close, covering 99.96% of respondents in the sample.

11

Further

note there is a fair amount of heterogeneity within these groups (Sowell, 1985; Amott and Matthaei,

1991). Nonetheless even these splits result in fairly small samples, particularly for asians and native

americans(seeTable1),suggestingfinerdivisionsshouldnotbeappliedtothissample.

Limited information on the sample of 20,650 wage earners, according to race/gender

categories,isprovidedinTable 1. While the figures and our analysis concern Milwaukee, most figures

areatleastlooselylinkedtothegeneralpatternsonewouldexpecttoseeinbroadersamples.

Lookingatthedistributionofemployeesbyrace/gender(the weighted percentage figures listed

under each group’s titles, these are reasonably close to roughly comparable figures for the U.S. using

data on all long-form Census respondents.

12

For example, white males make up 45.5% of the

Milwaukeearea’sbodyofcivilian employees, while the comparable national figure is 44.1%. Similarly,

black m ales a re 4

.1% o f civilian employees in the Milwaukee area, and 4.7% nationally. Other figures

are also quite similar except that the representation of asians and latin employees (for both genders) in

Milwaukee is less than one-half that for the nation, and white women are more highly represented in

Milwaukee (41.7% of local employees versus 36.8% nationwide). Educational attainment also reflects

a pattern similar to the for the entire nation, with Asian males holding the highest levels, followed by

white males, with white females and asians females close behind, and with all remaining race gender

groups holding lower levels (Amott and Matthaei, 1991). Divergence in potential experience largely

reflectsthegreaterageofwhitesrelativetoothersintheMetropolitanarea.

Thereundoubtedlyis, however, a substantive difference between the geographic distribution of

residenceand jobs in Milwaukee relative to the rest of the nation. As suggested by race/gender figures

for l ocation o f r esidence in Table 1, Milwaukee is highly segregated at present. These figures reflect a

historical pattern. Indeed, as early as 1968, Milwaukee had earned a sufficiently strong reputation as a

segregated and racially troubled city to warrant coverage in the Kerner Commission’s Report (National

AdvisoryCommitteeonCivilDisorders,1968).Morerecently,Masseyand Denton (1993, p. 77) find sixteen major U.S. cities warrant the label ‘hypersegregated’. Milwaukee is not only among these

cities, b ut i s a lso m ore s egregated than the average hypersegregated city according to four of their five

segregationindices.

If Milwaukee is more segregated than other cities in the U.S., then we might expect to find

stronger evidence for the type of network linkages in this data relative to what a broader study would

reveal. Unfortunately, to the extent other U.S. are generally becoming more segregated, as Massey

and Denton (1993) suggest, then results using Milwaukee data may tell us where other cities are

headedatpresent.

Results

Initial r egressions of both the Neumark and Blinder type included all independent variables and

employed the sample selection correction. As expected, using either method, the results showed that

inner city residence negatively influences earnings, suburban residence has a positive effect, and

employmentinsideMilwaukeecountyhasapositiveeffect(resultsnotreportedhere).

As our first test of the network hypothesis, we inserted an interaction term for whether the

employee both lived in the suburbs and worked in Milwaukee county. Log-likelihood Chi-squared

statistics for the additional explanatory power of the interaction are significant at the one percent level

for both the Neumark and Blinder equations, and the variable attracts a positive coefficient, consistent

withthenetworkhypothesis.

13

Results for regressions including the interaction terms are shown in Table 2, with results for

industryandoccupationalvariablesexcludedforbrevity.Interpretingthe coefficients as the percentage

change in the dependent variable for a one unit change in the causal variable, the results are generally

typical for this type of study, showing around a 4.5% wage return for each additional year of

education, positive (though not uniformly significant) returns to high school and college graduation.

Potential experience also demonstrates standard curvilinear effects, with wages first rising with experience up to a maximum of around 30 years for the Neumark method and around 37 years for the

Blinder method. Given the Blinder type equation includes only white males, this finding suggests that

returnstoexperiencemay rise over a much longer period for white males than for other wage earners.

As also expected, returns to intermittent or part-time work are negative, and we find a large and

significant bonus for marrying at some point for white males (the negative never married coefficient

under B linder M ethod), c onsistent w ith e vidence suggesting white males often gain economically from

marriage(Folbre,1982).

Considering the critical variables of interest for testing the network hypothesis, we find that

livingintheinnercityconsistentlyreducesearningsbybetween15%and 19%. The fact that this result

holds i n t he B linder t ype r egression implies that even white males suffer adverse effects from inner city

residence,aresultreportedearlierbyPriceandMills(1985). Neither living in the suburbs nor working

in Milwaukee generate significant coefficients, but the interaction term for both characteristics is large

and positive. For the overall sample, there is an approximate 17.5% gain from this status, while for

whitemalesthegainisestimatedtobeanevenlarger25.3%.

We next make the role of race and gender explicit through simulations using the regression

results reported in Table 2. Column (1) in Table 3 reports the average hourly wage of the ten

race/gender groups addressed here.

14

Quite typically for this type of data, the pattern suggests white

females earn around two-thirds as much as white males, with black males being slightly above and

black females being slightly below the figures for white females. Even lower wages by gender are

located for native latins and for native american women. Surprisingly, however, we find asian males

earningless than white males and similarly asian females earning less than white females, while national

data usually finds asian earnings (by gender) above those for whites (Amott and Matthaei, 1991, pp.

342-4). A check of overall earnings data suggests that the poor economic circumstances of four

sizable asian groups in Milwaukee -- Laotian, Hmong, Pakistani and Hawaiian individuals -- account

forthisdisparity.

15

Column (2) of Table 3 reports the hypothetical wage the race/gender groups would receive if

all were treated equally, allowing their average characteristics to remain as at present and using

Neumark’s assumptions regarding the workings of a non-discriminatory market. For white males,

wages are projected to fall by over $1 per hour, and wages for black and native american males are

expected to fall by much smaller amounts. For all other groups, wages are predicted to rise in the

absence of discrimination, with projected increases of under $1 per hour for white, black and latin

females as well as asian and latin males, and larger increases for asian and native american females.

Looking at traditional comparison groups, the figures suggest that of the $3.92 difference between

white males and females, $1.93 is accounted for by different characteristics, and the remaining $1.99

per hour differential (50.8%) is attributable to discrimination. Stated differently, $.84 of the white

gender gap is due to discrimination against white women, and an additional $1.15 is due to

discrimination favoring white males. Comparing white and black males, $2.42 of the $3.26 per hour

average differential can be accounted for by objective differences, suggesting that around 26% of the

differentialmaybeduetodiscrimination.

If the network hypothesis is correct, however, then what are labelled ‘objective’ differences

above include differential access to job networks. To ascertain the potential effects of these networks,

we simulated the effect of giving each race/gender group the locational attributes (residence and job

location) of white males in a setting with non-discriminatory wages. The results for these simulations

are r eported in C olumn (

3) o f T able 3 . N ot s urprisingly, projected gains for white females are minimal

because their locational distribution is quite similar to that for white males. For other race/gender

groups, however, estimated returns are substantial, ranging from $.60 an hour for latin males to a low

of $.14 for native american males, with most groups falling in the range of $.30 to $.45 per hour.

Simulations (not shown) for all non-white males reveal an average gain of $.175, which translates into

a $ 400 loss of wage and salary income per year for each non-white, non-male employee.

16

Of course,

that f igure i s d ominated by the presence of white women in the Milwaukee area labor market. For the average non-white, the average gain is $.513, or over $1,000 of wage and salary income per year on

thebasisofjobandhousinglocationaldisadvantagesalone.

The simulation results just discussed relied upon Neumark’s model wherein discrimination is a

zero-sum game. Table 4 reports comparable figures using results from the Blinder method regression

(see Table 2) wherein we assume that the elimination of discrimination would yield labor markets like

those for white males at present. Column (1) of the table again reports average actual wages. In

column(2)we find non-discriminatory wages are projected to rise for every group except white males;

of course, the method does not permit the white male wage to change. As expected, these results are

generally less conservative than those for the Neumark method. Instead of attributing $1.93 of the

white gender gap to different characteristics, only $.93 is here associated with characteristics per se.

Further, the asian female wage is projected to double in the absence of discrimination, while wages for

white, n ative a merican, and latin females, and for asian and latin males, the simulated wage is projected

to rise by over 30% in the absence of discrimination. Contrary to this pattern, however, instead of

tracing26%oftheblack-whitemalewagegaptodiscrimination, only 8% of the difference is attributed

todiscriminationusingBlinder’smethod.

The crucial issue for the present analysis lies in comparing simulated changes in the non-

discriminatorywageforwhite/malejobandhousinglocationacrossthe Blinder and Neumark methods.

Comparing the difference between columns (2) and (3) of the relevant tables reveals that for all

groups, the projected wage increase is larger under the Blinder method. Indeed, the increases almost

double for each race/gender group excepting black males (for whom the increase ‘only’ rises from $.56

to $.83). Indeed, for all non-white males, the average gain from switching to white male locational

attributesishereprojectedtobe$.25,or$518peryear, while comparable figures after excluding white

womenare$.75,orover$1,500peryear.

Recall f rom o ur earlier discussion that the difference between the Neumark and Blinder results

ultimately derives from divergence in the way the labor market treats the average person regardless of race and gender (Neumark) as opposed to the functioning of the labor market for white males

(Blinder). Given this distinction, we interpret these findings to mean that networks for good jobs

indeed have job and housing location-specific dimensions, but that race and gender nonetheless play a

criticalroleindeterminingwhogainsaccesstothesenetworks.

As a check on the validity of the findings, we reran both the Neumark and Blinder type

regressions after dropping the sample selection correction and again after excluding the industry and

occupational dummy variables (though including sample selection, see Appendix Tables). For the

Neumark method, results after omitting the sample selection term are very similar to those reported in

Table 3, while the discriminatory gaps and those for housing and job location were generally larger

absent controls for industry and occupation, suggesting as expected that the regression approach

employed here is conservative. For the Blinder method, results following the exclusions were quite

close t o t hose r eported in T able 4 , e xcept t he r eturns t o w hite m ale h ousing a nd job location are larger

for seven of the nine relevant race/gender groups after excluding industry and occupational dummies.

It t herefore seems reasonable to conclude that the results reported here provide relatively conservative

estimates of the quantitative effects associated with the network hypothesis, and that these results are

robustwithrespecttoalternativespecifications.

Discussion

This paper stems from the idea that good jobs are distributed through networks which exhibit

race/genderaswellasresidentialandjoblocationdimensions.The‘network hypothesis’ suggests these

facets of job networks are interrelated, so that the wages one receives depend partly on who you are,

andpartlyonwhereyouliveandwork.UsingdataonthemetropolitanMilwaukee area from the 1990

U.S. census, we examined different decompositions of wage differentials to ascertain the respective

rolesofthesevariouscharacteristicswhilecontrollingforotheraspectsofwagedetermination.

Probably the most important finding from the study is that there is a joint positive and

significant effect from living outside while working inside of Milwaukee county. This finding alone is

consistent with a much simpler argument not developed here: that individuals who obtain good jobs

inside the city use the resulting high earnings to purchase a house in the suburbs. However, this

alternative argument cannot explain the fact that whites provide a disproportionate share of

suburbanites, nor can it explain the finding that white males, ceteris paribus, receive higher wages than

membersofotherrace/gendergroups.

The l atter f indings s uggest d iscrimination in wages, employment and housing markets exists, in

which case the network hypothesis provides an attractive explanation for the maintenance of

discriminationovertime,justasWial(1991)suggests.

The other novel finding from our analysis is that the returns to working inside while living

outside of Milwaukee county are greatest for white males. For the average non-white in the sample,

after controlling for both a host of potentially relevant human capital characteristics and direct wage

discrimination, the yearly return to exhibiting the housing and job location patterns of white males are

estimated to be over $1,000. This figure, however, is derived using data on the average returns to

location for everyone in the labor market. When we focus exclusively on average returns to location

for white males, this figure rises to over $1,500. For women and particularly minorities, housing and

job location seem to be associated with barriers to entry into the networks which distribute high-wage

jobs,butevenifthesebarriersareovercome,thehurdleofraceandgenderdiscriminationremains.

Considering this phenomenon in a slightly different light, whether one is a white male or not,

residenceintheinnercityisassociatedwithaseverewage penalty which may be due to exclusion from

the r elevant job networks (see Table 2). Movement to suburban residence in tandem with a job inside

the county improves everyone’s chances of entering the network, but the possibilities are much richer

forwhitemales.

The policy implications of this study are broad. Although not discussed explicitly here,

education and human capital play a substantial role in explaining race/gender wage gaps in the data.

For example, even in the absence of discrimination, and with the job and residential location of white

males, we estimate that the hourly wage differential between white males and blacks of either gender

would remain at around $2, as would the gap between white males and native american men and

women (see Tables 3 and 4). Therefore, this study suggests there is a place for education and job

trainingpoliciesineffortstoremedytherace/genderwagegap.

The central focus of our study, the ‘network hypothesis’, however, suggests that improved

education will not by itself eliminate race/gender wage disparities. The fact that location of jobs and

housing are important aspects of these disparities implies that efforts to integrate housing may be

warranted, while the additional contribution of race and gender are consistent with affirmative action

employmentpolicies.

R

EFERENCES

Amott,Teresa,andJulieMatthaei.1991.Race,GenderandWork.Boston:SouthEndPress.

Becker,GaryS.1975.HumanCapital.NewYork:NationalBureauofEconomicResearch.

Belman,Dale,andJohnS.Heywood.1991."SheepskinEffectsintheReturnstoEducation:An

Examination of Women and Minorities," Review of Economics and Statistics 73 (November):

720-4.

Blinder,Alan.1973."WageDiscrimination:ReducedFormandStructuralEstimates,"Journal

ofHumanResources8(Fall):436-55.

BureauoftheCensus.1992a.CensusofPopulationandHousing,1990:PublicUseMicrodata

SamplesU.S.[machine-readabledatafiles].Washington:TheBureau.

_______.1992b.CensusofPopulationandHousing,1990:PublicUseMicrodataSampleU.S.

TechnicalDocumentation.Washington:TheBureau.

_______.1992c.CensusofPopulationandHousing,1990:SummaryTapeFile3A.[machine-

readabledatafiles]Washington:TheBureau.

Boe,Anne,andBettieB.Youngs.1989.IsYour"Net"Working?ACompleteGuidetoBuilding

ContactsandCareerVisibility.NewYork:JohnWiley&Sons.

Cain,GlennG.1984."EconomicDiscriminationagainstWomenandRacialandEthnic

Minorities,"DiscussionPaper#745-84,InstituteforResearchonPoverty,UW-Madison.

Edwards,Richard,MichaelReich,andDavidGordon,eds.1975.LaborMarketSegmentation.

Lexington,MA:Heath.

Folbre,Nancy.1982."ExploitationComesHome:ACritiqueoftheMarxianTheoryofFamily

Labour,"CambridgeJournalofEconomics.6(December):317-29.

Freeman,RichardB.,andMedoff,JamesL.1984.WhatDoUnionsDo?NewYork:Basic

Books.

Gordon,David,RichardEdwards,andMichaelReich.1982.SegmentedWork,DividedWorkers.

NewYork:CambridgeUniversityPress.

Greene,WilliamH.1981."SampleSelectionBiasasaSpecificationError,"Econometrica49

(May):795-98.

Gyimah-Brempong,Kwabena,andRudyFichtenbaum.1993."Black-WhiteWageDifferential:

The Relative Importance of Human Capital and Labor Market Structure," Review of Black

PoliticalEconomy21(Spring):19-52.

Heckman,JamesJ.1979."SampleSelectionBiasasaSpecificationError,"Econometrica47

(January):153-62.

Holtman,A.G.,andToddL.Idson.1993."WageDeterminationofRegisteredNursesin

ProprietaryandNonprofitNursingHomes,"JournalofHumanResources.28(Winter):55-79.

Leigh,J.Paul.1991."NoEvidenceofCompensatingWagesforOccupationalFatalities,"

IndustrialRelations30(Fall):382-95.

Levine,Marc,andJohnZipp.1994."DowntownRedevelopmentinMilwaukee:HasIt

Delivered for the City?" Briefing Paper No. 2, Center for Economics Development, UW-

Milwaukee.

Massey,DouglasS.andNancyA.Denton.1993.AmericanApartheid.Cambridge,MA:

HarvardUniversityPress.

NationalAdvisoryCommissiononCivilDisorders.1968.ReportoftheNationalAdvisory

CommissiononCivilDisorders.Washington,D.C.:U.S.GovernmentPrintingOffice.

Neumark,David.1988."Employers’DiscriminatoryBehaviorandtheEstimationofWage

Discrimination,"JournalofHumanResources23(Summer):279-95.

Oaxaca,Ronald.1973."Male-FemaleWageDifferentialsinUrbanLaborMarkets,"

InternationalEconomicReview14(October):693-709.

Price,Richard,andEdwinMills.1985."RaceandResidenceinEarningsDetermination,"

JournalofUrbanEconomics17(January):1-18.

Reich,Michael.1981.RacialInequality.Princeton,NJ:PrincetonUniversityPress.

Reimers,CordeliaW.1983."LaborMarketDiscriminationAgainHispanicandBlackMen,"

ReviewofEconomicsandStatistics62(November):570-9.

Schulman,Steven.1990."RacialInequalityandWhiteEmployment:AnInterpretationandTest

oftheBargainingHypothesis,"ReviewofBlackPoliticalEconomy.18(Winter):5-20.

Sowell,Thomas.1983.TheEconomicsandPoliticsofRace.NewYork:Quill.

Wial,Howard.1991."GettingaGoodJob:MobilityinaSegmentedLaborMarket,"Industrial

Relations30(Fall):396-416.

Wood,RobertG.,MaryE.Corcoran,andPaulN.Courant.1993."PayDifferencesamongthe

Highly Paid: The Male-Female Gap in Lawyers’ Salaries," Journal of Labor Economics 11

(July):417-41.

Footnotes

T a b l e 1 :

A v e r a g e C h a r a c t e r i s t i c s o f R a c e / G e n d e r G r o u p s

G r o u p Y e a r s o f L i v e i n W o r k i n

( # O b s e r v a t i o n s ) Y e a r s o f P o t e n t i a l I n n e r L i v e i n M i l w a u k e e B o t h ( 4 )

[ W e i g h t e d % o f S c h o o l i n g E x p e r i e n c e C i t y S u b u r b s C o u n t y a n d ( 5 )

t o t a l s a m p l e ] ( 1 ) ( 2 ) ( 3 ) ( 4 ) ( 5 ) ( 6 )

W h i t e M a l e s 1 4 . 1 2 1 7 . 5 6 3 . 1 % 4 1 . 0 % 6 2 . 6 % 1 5 . 7 %

( 9 5 7 1 ) [ 4 5 . 5 % ]

W h i t e F e m a l e s 1 3 . 9 8 1 7 . 2 1 3 . 0 % 3 8 . 5 % 6 4 . 1 % 1 1 . 1 %

( 8 7 5 8 ) [ 4 1 . 7 % ]

B l a c k M a l e s 1 2 . 8 2 1 6 . 9 0 3 1 . 8 % 1 . 2 % 8 7 . 6 % 0 . 6 % ( 6 9 7 ) [ 4 . 1 % ]

B l a c k F e m a l e s 1 3 . 2 0 1 6 . 8 7 3 0 . 3 % 1 . 2 % 9 0 . 5 % 0 . 9 %

( 8 6 2 ) [ 4 . 9 % ]

A s i a n M a l e s 1 5 . 0 5 1 3 . 1 1 1 9 . 6 % 2 0 . 2 % 7 8 . 7 % 1 0 . 5 %

( 9 4 ) [ 0 . 5 % ]

A s i a n F e m a l e s 1 3 . 9 5 1 5 . 5 6 1 7 . 7 % 2 1 . 8 % 7 8 . 0 % 9 . 3 %

( 8 3 ) [ 0 . 4 % ]

N a t i v e A m e r i c a n 1 2 . 7 8 1 4 . 4 3 8 . 4 % 1 9 . 5 % 7 7 . 6 % 1 0 . 1 %

M a l e s ( 4 5 ) [ 0 . 2 % ]

N a t i v e A m e r i c a n 1 2 . 9 6 1 7 . 3 2 2 0 . 8 % 2 1 . 1 % 7 9 . 6 % 7 . 7 %

F e m a l e s ( 5 0 ) [ 0 . 2 % ]

L a t i n M a l e s 1 1 . 4 8 1 6 . 8 9 3 5 . 1 % 1 5 . 8 % 6 9 . 5 % 3 . 1 %

( 2 9 2 ) [ 1 . 5 % ]

L a t i n F e m a l e s 1 2 . 3 4 1 4 . 9 9 3 1 . 1 % 1 4 . 8 % 8 0 . 7 % 1 . 0 %

( 1 9 8 ) [ 1 . 0 % ]

N o t e :S a m p l eo fw a g ee a r n e r so n l y . N u m b e r

o fO b s e r v a t i o n si sn u m b e ri na c t u a ld a t a ,w e i g h tf o rw e i g h t e dn u m b e ro fo b s e r v a t i o n si s

n o r m a l i z e d t o m e a n o n e f o r a l l d e s c r i p t i v e s a n d r e g r e s s i o n s i n t h e a n a l y s i s .

T a b l e 2 :

L o g - W a g e E q u a t i o n s U s e d f o r S i m u l a t i o n s i n T ab l e s 2 a n d 3

( A b s o l u t e V a l u e T - s t a t i s t i c s i n P a r e n t h e s e s )

I n d e p e n d e n t

V a r i a b l e s N e u m a r k M e t h o d B l i n d e r M e t h o d

C o n s t a n t 1 . 1 4 1 1 . 7 1 1

( 4 . 6 1 3 ) * * * ( 3 . 9 5 8 ) * * *

Y e a r s o f S c h o o l i n g . 0 4 5 . 0 4 4

( 4 . 9 8 4 ) * * * ( 2 . 5 5 5 ) * *

H i g h S c h o o l D i p l o m a . 0 4 9 . 0 7 8

( 1 . 2 7 1 ) ( 1 . 1 3 2 )

B a c h e l o r ’ s D e g r e e . 1 2 4 . 0 8 2

( 2 . 4 2 4 ) * * ( . 8 7 7 )

Y e a r s o f P o t e n t i a l . 0 3 0 . 0 4 4

E x p e r i e n c e ( 1 0 . 5 9 0 ) * * * ( 7 . 9 1 3 ) * * *

P o t e n t i a l E x p e r i e n c e - . 0 0 0 5 - . 0 0 0 6

S q u a r e d ( 7 . 5 7 0 ) * * * ( 5 . 2 5 8 ) * * *

W o r k e d P a r t o f L a s t - . 0 6 7 - . 0 7 5

Y e a r O n l y ( 2 . 7 2 8 ) * * * ( 1 . 6 3 6 )

U s u a l l y W o r k < 3 5 H o u r s - . 1 5 5 - . 1 5 2

P e r W e e k ( 5 . 2 4 4 ) * * * ( 2 . 1 8 1 ) * *

N u m b e r o f D e p e n d e n t - . 0 1 1 - . 0 0 2

C h i l d r e n ( . 9 5 5 ) ( . 0 9 7 )

M a r r i e d . 0 5 1 - . 0 4 4

( 1 . 6 0 4 ) ( . 6 8 7 )

N e v e r M a r r i e d - . 0 6 7 - . 2 1 4

( 1 . 7 2 6 ) * ( 2 . 8 4 5 ) * * *

C i t i z e n o f C o u n t r y O t h e r . 2 6 1 1 . 0 0 9

T h a n U . S . ( 3 . 1 1 7 ) * * * ( 5 . 6 9 5 ) * * *

N o n - E n g l i s h L a n g u a g e S o m e t i m e s . 0 5 2 . 0 9 4

o r A l w a y s S p o k e n i n H o m e ( 1 . 1 6 7 ) ( 1 . 0 0 9 )

C u r r e n t l y E n r o l l e d i n - . 0 3 5 - . 0 2 6

S c h o o l ( 1 . 0 3 1 ) ( . 4 0 1 )

V e t e r a n o f U . S . A r m e d . 1 9 3 . 0 1 4

S e r v i c e s ( 6 . 1 6 7 ) * * * ( . 3 0 4 )

M i g r a t e d t o W i s c o n s i n - . 0 0 3 - . 0 5 9

D u r i n g L a s t F i v e Y e a r s ( . 1 4 4 ) ( 1 . 5 8 8 )

P u b l i c S e c t o r E m p l o y e e . 0 6 2 - . 0 5 8

( 1 . 5 4 1 ) ( . 7 1 7 )

L i v e i n I n n e r C i t y - . 1 5 8 - . 1 8 5

( 3 . 6 7 1 ) * * * ( 1 . 8 2 7 ) *

L i v e i n S u b u r b s - . 0 4 3 - . 1 4 0

( . 7 6 9 ) ( 1 . 4 3 5 )

W o r k i n M i l w a u k e e - . 0 3 7 - . 2 0 6

( . 4 8 0 ) ( 1 . 4 9 4 )

L i v e i n S u b u r b s a n d W o r k . 1 7 5 . 2 5 3

i n M i l w a u k e e ( 2 . 7 3 2 ) * * * ( 2 . 3 2 8 ) * *

S a m p l e S e l e c t i o n C o r r e c t i o n . 0 5 4 - . 1 4 5

(λ) ( . 5 3 7 ) ( . 7 7 1 )

A d j u s t e d R

2

. 0 7 6 . 0 6 8

N u m b e r o f O b s e r v a t i o n s 2 0 6 5 0 9 5 7 1

N o t e s :W h e r eu n i to fm e a s u r e m e n ti sn o t

e x p l i c i t , v a r i a b l e sa r ea l l1 - 0d u m m i e s . E a c he q u a t i o ni n c l u d e se i g h ti n d u s t r ya n df i v e

o c c u p a t i o n a l d u m m y v a r i a b l e s , c o e f f i c i e n t s n o t r e p o r t e d . S i g n i f i c a n c e l e v e l s : * f o r . 1 0 , * * f o r . 0 5 ,

a n d * * * f o r . 0 0 1 .

T a b l e 3 :

R e t u r n s t o R a c e , G e n d e r , a n d H o u s i n g / J o b L o c a t i o n :

N e u m a r k M e t h o d

( 2 ) p l u s

A v e r a g e N o n - d i s c r i m i n a t o r y W h i t e / M a l e J o b a n d

W a g e W a g e H o u s i n g L o c a t i o n

G r o u p ( 1 ) ( 2 ) ( 3 )

W h i t e M a l e s $ 1 2 . 0 6 $ 1 0 . 9 1 $ 1 0 . 9 1

W h i t e F e m a l e s $ 8 . 1 4 $ 8 . 9 8 $ 9 . 0 5

B l a c k M a l e s $ 8 . 8 0 $ 8 . 4 9 $ 9 . 0 5

B l a c k F e m a l e s $ 7 . 4 4 $ 7 . 7 9 $ 8 . 2 9

A s i a n M a l e s $ 1 0 . 3 6 $ 1 1 . 4 2 $ 1 1 . 7 9

A s i a n F e m a l e s $ 6 . 9 9 $ 1 0 . 0 2 $ 1 0 . 3 5

N a t i v e A m e r i c a n $ 9 . 3 3 $ 8 . 8 5 $ 8 . 9 8

M a l e s

N a t i v e A m e r i c a n $ 5 . 9 4 $ 7 . 6 9 $ 8 . 0 0

F e m a l e s

L a t i n M a l e s $ 8 . 4 8 $ 9 . 0 8 $ 9 . 6 8

L a t i n F e m a l e s $ 6 . 8 6 $ 7 . 4 0 $ 7 . 8 9

N o t e s : S i m u l a t i o n r e s u l t s f r o m l o g - w a g ee q u a t i o no ne n t i r es a m p l eo fw a g ee a r n e r s ,c o r r e c t e df o r

s a m p l e s e l e c t i o n .

T a b l e 4 :

R e t u r n s t o R a c e , G e n d e r , a n d H o u s i n g / J o b L o c a t i o n :

B l i n d e r M e t h o d

( 2 ) p l u s

A v e r a g e N o n - d i s c r i m i n a t o r y W h i t e / M a l e J o b a n d

W a g e W a g e H o u s i n g L o c a t i o n

G r o u p ( 1 ) ( 2 ) ( 3 )

W h i t e M a l e s $ 1 2 . 0 6 $ 1 2 . 0 6 $ 1 2 . 0 6

W h i t e F e m a l e s $ 8 . 1 4 $ 1 1 . 1 3 $ 1 1 . 2 6

B l a c k M a l e s $ 8 . 8 0 $ 9 . 0 6 $ 9 . 8 9

B l a c k F e m a l e s $ 7 . 4 4 $ 9 . 3 3 $ 1 0 . 2 1

A s i a n M a l e s $ 1 0 . 3 6 $ 1 8 . 8 2 $ 1 9 . 7 4

A s i a n F e m a l e s $ 6 . 9 9 $ 1 5 . 8 4 $ 1 6 . 6 3

N a t i v e A m e r i c a n $ 9 . 3 3 $ 9 . 6 4 $ 9 . 8 8

M a l e s

N a t i v e A m e r i c a n $ 5 . 9 4 $ 9 . 0 5 $ 9 . 6 1

F e m a l e s

L a t i n M a l e s $ 8 . 4 8 $ 1 1 . 7 0 $ 1 2 . 5 5

L a t i n F e m a l e s $ 6 . 8 6 $ 9 . 4 7 $ 1 0 . 3 5

N o t e s :S i m u l a t i o nr e s u l t sf r o ml o g - w a g ee q u a t i o no nw h i t em a l es a m p l eo fw a g ee a r n e r s ,

c o r r e c t e d f o r s a m p l e s e l e c t i o n .

A p p e n d i x T a b l e 1 :

R e t u r n s t o R a c e , G e n d e r , a n d H o u s i n g / J o b L o c a t i o n :

A l t e r n a t i v e S p e c i f i c a t i o n s U s i n g N e u m a r k M e t h o d

R e s u l t s f r o m R e g r e s s i o n R e s u l t s f r o m R e g r e s s i o n A b s e n t

W i t h o u t S a m p l e S e l e c t i o n I n d u s t r y / O c c u p a t i o n D u m m i e s

( 1 ) p l u s ( 3 ) p l u s

N o n - W h i t e / M a l e N o n - W h i t e / M a l e

d i s c r i m i n a t o r y J o b / H o u s i n g d i s c r i m i n a t o r y J o b / H o u s i n g

W a g e L o c a t i o n W a g e L o c a t i o n

G r o u p ( 1 ) ( 2 ) ( 3 ) ( 4 )

W h i t e M a l e s $ 1 0 . 9 1 $ 1 0 . 9 1 $ 1 0 . 6 9 $ 1 0 . 6 9

W h i t e F e m a l e s $ 8 . 9 8 $ 9 . 0 5 $ 9 . 1 5 $ 9 . 2 6

B l a c k M a l e s $ 8 . 4 9 $ 9 . 0 7 $ 8 . 4 2 $ 9 . 1 5

B l a c k F e m a l e s $ 7 . 7 9 $ 8 . 3 1 $ 8 . 0 2 $ 8 . 7 2

A s i a n M a l e s $ 1 1 . 4 4 $ 1 1 . 8 3 $ 1 1 . 6 1 $ 1 2 . 1 2

A s i a n F e m a l e s $ 1 0 . 0 2 $ 1 0 . 3 7 $ 1 0 . 2 6 $ 1 0 . 7 3

N a t i v e A m e r i c a n $ 8 . 8 5 $ 8 . 9 9 $ 8 . 4 7 $ 8 . 6 7

M a l e s

N a t i v e A m e r i c a n $ 7 . 6 9 $ 8 . 0 2 $ 7 . 7 2 $ 8 . 1 6

F e m a l e s

L a t i n M a l e s $ 9 . 0 8 $ 9 . 6 6 $ 8 . 8 3 $ 9 . 4 5

L a t i n F e m a l e s $ 7 . 3 9 $ 7 . 9 1 $ 7 . 5 1 $ 8 . 1 6

N o t e s :S i m u l a t i o nr e s u l t sf r o ml o g - w a g ee q u a t i o no ne n t i r es a m p l eo fw a g ee a r n e r s ,e a c h

r e g r e s s i o n r e p l i c a t e s t h o s e f o r T a b l e 2 e x c e p t f o r s i n g l e d i f f e r e n c e n o t e d a b o v e .

A p p e n d i x T a b l e 2 :

R e t u r n s t o R a c e , G e n d e r , a n d H o u s i n g / J o b L o c a t i o n :

A l t e r n a t i v e S p e c i f i c a t i o n s U s i n g B l i n d e r M e t h o d

R e s u l t s f r o m R e g r e s s i o n R e s u l t s f r o m R e g r e s s i o n A b s e n t

W i t h o u t S a m p l e S e l e c t i o n I n d u s t r y / O c c u p a t i o n D u m m i e s

( 1 ) p l u s ( 3 ) p l u s

N o n - W h i t e / M a l e N o n - W h i t e / M a l e

d i s c r i m i n a t o r y J o b / H o u s i n g d i s c r i m i n a t o r y J o b / H o u s i n g

W a g e L o c a t i o n W a g e L o c a t i o n

G r o u p ( 1 ) ( 2 ) ( 3 ) ( 4 )

W h i t e M a l e s $ 1 2 . 0 6 $ 1 2 . 0 6 $ 1 2 . 0 6 $ 1 2 . 0 6

W h i t e F e m a l e s $ 1 1 . 1 4 $ 1 1 . 2 4 $ 1 1 . 0 3 $ 1 1 . 1 6

B l a c k M a l e s $ 9 . 0 7 $ 9 . 8 3 $ 9 . 2 9 $ 1 0 . 2 1

B l a c k F e m a l e s $ 9 . 3 5 $ 1 0 . 1 4 $ 9 . 4 6 $ 1 0 . 4 2

A s i a n M a l e s $ 1 8 . 7 8 $ 1 9 . 6 1 $ 1 8 . 9 6 $ 1 9 . 9 5

A s i a n F e m a l e s $ 1 5 . 8 6 $ 1 6 . 5 5 $ 1 6 . 0 8 $ 1 6 . 9 3

N a t i v e A m e r i c a n $ 9 . 6 5 $ 9 . 8 5 $ 9 . 6 0 $ 9 . 8 6

M a l e s

N a t i v e A m e r i c a n $ 9 . 0 6 $ 9 . 5 5 $ 9 . 0 5 $ 9 . 6 5

F e m a l e s

L a t i n M a l e s $ 1 1 . 7 3 $ 1 2 . 6 3 $ 1 1 . 8 2 $ 1 2 . 7 5

L a t i n F e m a l e s $ 9 . 5 0 $ 1 0 . 3 1 $ 9 . 4 5 $ 1 0 . 3 9

N o t e s :S i m u l a t i o nr e s u l t sf r o ml o g - w a g ee q u a t i o no ns a m p l eo fw h i t em a l ew a g ee a r n e r s ,e a c h

r e g r e s s i o n r e p l i c a t e s t h o s e f o r T a b l e 2 e x c e p t f o r s i n g l e d i f f e r e n c e n o t e d a b o v e .

1.SeePriceandMills(1985)andworkscitedtherein.

2. Consistent with our analysis, though rarely dealing with issues of job and housing location per se is

thebusinessliteratureon‘networking’(see,e.g.,BoeandYoungs,1989).

3. See Levine and Zipp (1994). The precise figures are that 79% of jobs at new firms paying over

$40,000 per year go to suburbanites, and 98.3% of the relevant job holders are white, while 74.5% of

jobs at new firms paying less than $10,000 annually go to city residents, and 94.8% of all black and

latinemployeesinthesenewfirmsearnlessthan$20,000peryear.

4. There is a sleight of hand in assuming that increases in productivity would translate into higher

returns to human capital. If segmentation theorists had derived a model for wage determination in the

absenceofsegmentation,wecouldusewhateverassumptionsappeared there instead. However, to my

knowledge,however,nosuchmodelcurrentlyexists.

5. These exclusions are identical to those in Reimers (1983) except we cannot identify full-time

students explicitly, so they are not excluded. We are, however, able to control for current school

enrollment(seevariabledescriptionbelow).

6. S ince t he i dea o f s ample s election refers to potential labor force participants, we excluded the 2,701

observations on individuals who are either institutionalized or report handicaps such that they are

unabletowork.Anadditional14respondentsdidnotfittheracecategories described below. None of

theseobservationsarecountedinthe32,418figurereportedabove.

7. The relevant PUMS variable is PWGT1. The Bureau of the Census imputes responses for

individuals who do not complete the census, thereby eliminating all missing data. While flag variables

exist to discern non-responses, the weighting variable is constructed under the assumption that all observations will be used, a procedure followed here. See Bureau of the Census (1992b, pp. 3-16, 3-

17).

8.Whileweexcludeindividualswhocharacterizetheirmainjob as self-employment, we do include any

earningsfrom self-employment for our sample of wage and salary earners because the usual hours data

referstoallmarket-relatedwork.

9. That is, closely related independent variables are found in at least one of the following studies:

Reimers (1983), Price and Mills (1985), Neumark (1988), Belman and Heywood (1991), Leigh

(1991), Gyimay-Brempong and Fichtenbaum (1993), Holtman and Idson (1993), and Wood,

Corcoran, and Courant (1993). Excepting union status and various interaction terms, virtually all

relevantvariablesincorporatedinthosestudiesareincludedhere.

10. Following current usage, we avoid the Census term ‘hispanic’ here. We also avoid the words

‘latino’and‘latina’becausetheyaregenderspecific.

11.SeeFootnote6.

12. National data is from the Bureau of the Census (1992c). That data set does not break out latin

respondents explicitly. For the national figures below, we therefore assumed that half of latin

respondentswere also claiming to be white, and that all respondents in the census ‘other’ race category

were latin. This rule, while crude, is consistent with the Milwaukee area PUMS data which found

approximately half of latin respondents (419 of 887) classified themselves as white, while only a small

fraction (41 total) reported as black, asian, or native american, with the remainder falling into the

‘other’category.

13. For the Blinder type regression, the statistic is 7.46 (1% s.l., 1 d.f.). For the Neumark type

regression,theequivalenttermis12.68(1%s.l.,1d.f.)

14.AllfiguresreportedinTables3and4werecalculatedin logarithmic form, then we applied the anti-

logtotheaverage.

15. The data yields average yearly earnings in 1989 of $20,552 for the estimated 7,316 asian labor

force p articipants in M ilwaukee. Average yearly earnings for the estimated 735 Laotians, 383 Hmong,

312Hawaiians,and244Pakistanis,however,are$11,684,$8,340,$10,311and$9,892,respectively.

16.Allyearlyfiguresrefertoindividualsemployed40hoursperweekfor52weeksperyear.