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ABSTRACT. The paper empirically examines labor market matching as a source of
urban agglomeration economies. We work from the hypothesis that job turnover leads to
tighter labor matches and estimate the relationship between urbanization and the job
mobility of young men. Using a panel from the National Longitudinal Survey of Youth,
we find evidence that young men change jobs more frequently in their early career if they
live in larger or in more educated urban areas. The sensitivity of the results to whether
the young men were “movers” or “stayers” suggests the possible endogeneity of location.

1. INTRODUCTION

The standard rationale for urbanization is that the concentration of people
and employment decreases the cost of market transactions. Recent research
has expanded on this by conjecturing that urban labor markets generate hu-
man capital externalities that would not exist in less densely populated areas
(Glaeser and Mare, 2001; Rauch, 1993; Moretti, 2004). A larger body of research
has examined the possible advantages cities have in matching the skills of their
workforce to local jobs (Helsley and Strange, 1990; Kim, 1987, 1990; Sato, 2001;
Wheeler, 2001). Urban areas place a large number of people in close proximity
to a large number of potential employers. The theory on the advantages cities
may have in labor matching is a restatement of their principal rationale for ex-
isting: urbanization decreases the cost of making market transactions. Efficient
labor matching should entail some job turnover by labor market participants
at least in the initial stages of their career. The behavior of young job market
participants attempting to obtain a good career match could be influenced by
the degree of urbanization in the local labor market. This study examines the
affect urbanization has on the job market activity of young men.
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Inferring the efficiency of urbanization by examining labor turnover hinges
on the relationship labor mobility has with matching efficiency, and in turn,
the effect urbanization has on labor mobility. The accepted view on labor mo-
bility’s effect on matching has been that although there is marked hetero-
geneity in mobility across young workers (Farber, 1994), wages grow with
early career mobility as young workers experiment with job change, converg-
ing eventually to tighter matches (Topel and Ward, 1992; Bartel and Borjas,
1982). Recent research, however, has challenged this view. Light and McGarry
(1998) present evidence that labor mobility decreases contemporaneous wage
growth while Neumark (2002) finds future (adult) wage levels are inversely
related with labor turnover during the initial years on the job market. Wheeler
(2006) finds that workers in bigger cities experience faster wage growth due
to job changes. His results provide contemporary evidence supporting the ac-
cepted view on the relationship between turnover and matching in the labor
literature.

There is not necessarily a specific relationship between urbanization and
mobility even if labor turnover reflects a move to better employment matches.
Wheeler (2005) discusses how labor matching in urban areas may produce ei-
ther a positive or an inverse relationship between urbanization and mobility.
The increased number of choices open to those in more urbanized labor mar-
kets may give rise to a quicker convergence to tighter employment matches,
suggesting less turnover. The cost of search and the possible uncertainty re-
garding match quality (Jovanovic, 1979), however, may induce a positive rela-
tionship between the size of the local labor market and job turnover. Urbanized
areas may produce more efficient labor matches because they allow people to
experiment with a greater variety of jobs.

The relationship urbanization has with labor turnover may depend on the
stage of the individual’s working career. Job turnover decreases with labor
market experience (Topel and Ward, 1992; Neal, 1999; Farber, 1994). Wheeler
(2005), analyzing job mobility over a longer time horizon, hypothesizes an in-
verse relationship between urbanization and turnover. We estimate the effect
urbanization has on mobility in the first six years in the career of young males
and hypothesize the expanded choices in more urbanized areas would increase
turnover in this initial period.

Urbanization could affect job turnover not only by decreasing the physical
distance to potential employment matches but also through reducing the cost of
acquiring information about jobs. The social networks that arise among people
living in the same area have been found to be an important source of job informa-
tion (Corcoran, Datcher, and Duncan, 1980; Holzer, 1988; Granovetter, 1995).
These networks would more readily grow within the dense populations associ-
ated with urbanization. Our primary indicators of urbanization are measures of
metropolitan area population and density. Demographic characteristics of the
populations residing in urban areas may also influence job turnover through
their effect on job information. For example, metropolitan areas contain a dis-
proportionate number of college-educated residents (Glaeser, 1999; Costa and
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Kahn, 2000), a population found more likely to interact socially both informally
and in terms of formal organizations (Putnam, 2001).

In this study, we examine the effect geography has on labor market ac-
tivity. Location, however, is a choice variable and is potentially endogenous
if residence itself is determined by labor market decisions. We approach this
potential endogeneity by estimating separately the job mobility of those who
move out of their urban area sometime during their early career and those who
do not. We use data from the National Longitudinal Survey of Youth and hy-
pothesize that, in addition to environmental influences, characteristics specific
to the labor participants will partially determine job turnover. We control for
such individual characteristics as ethnicity and marital status in estimating
the probability of job turnover.

2. SAMPLE CONSTRUCTION

We focus our analysis on a sample of young males within the panel of
the National Longitudinal Survey of Youth (NLSY), which follows a cohort of
12,868 youth, beginning in 1979. We construct a sample from a subset of 6,403
males surveyed yearly from 1979 to 1993. The sample details labor force at-
tachment over time, post schooling. We construct six-year windows of continu-
ous labor market attachment at the start of the respondents’ working career.
Many respondents transition from school to work by undertaking both activ-
ities over a period of time. In selecting the sample, the respondent is allowed
to attend school within the window but not for consecutive years. The selected
youth enters the sample over the first six-year period that satisfies the labor
force attachment and schooling criteria. Our selection allows respondents to
attend school during the period, possibly in relation to a particular job held,
while specifying the youth is working or looking for work continuously over the
period.

We further limit the sample to focus on urban areas. The sample consists
of youth who reside within a metropolitan area at least initially within the six-
year window. The sampled male had to be at least 18 years old at the start of
the job window, which has starting dates that varied from 1979 to 1988. The
above criteria eliminated 3,043 of the 6,403 in the original cohort. Among the
respondents whose interview history allowed constructing a time series of labor
force participation, those who were eliminated dropped out primarily because
they lived exclusively in nonurban areas or were only sporadic participants in
the labor market. All of the empirical models are estimated from subsets of the
3,360 respondents remaining in the sample.

3. DEPENDENT VARIABLE AND DATA

The dependent variable in each of the empirical models is constructed from
jobs typically worked over 30 hours a week. The employment counts are mea-
sured as job starts as opposed to separations. A job start is identified as a job
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TABLE 1: Characteristics of the Labor Market Participants
and Metropolitan Areas

Variable Mean (Std. Dev.) Minimum Maximum

Labor market participants
Job starts (30+ hours/week) 3.81 0 21

(2.83)
Highest grade achieved (years) 12.53 3 20

(2.42)
Age 24.47 18 36

(3.20)
Experience (years) 4.35 0 15

(2.58)
Wage ($/hour) $7.80 0 $230.76

(5.92)
Number of children in household 0.33 0 6

(0.72) — —
Percent Non-Hispanic White 54.66 — —
Percent Non-Hispanic Black 26.23 — —
Percent married 30.73 — —

(46.14) — —

Metropolitan areas
Unemployment rate 0.075 0.013 0.289

(0.031)
Population (in millions) 4.635 0.0617 18.8407

(5.962) — —
Principal city density 5.814 0.276 16.28

(Thousands of persons/sq. mile) (4.484) — —
Proportion college graduate 0.220 0.095 0.440

(0.053) — —

Note: The statistics correspond to the 3,360 multiply-observed males in the sample.

appearing in the work history portion of NLSY that could not be traced to any
employment originating in prior years. The NLSY data can account for up to
five starts per year and allows for the possibility that a respondent held more
than one job at a time.

In Table 1, the average sampled youth had 3.81 full-time job starts over
the six-year window. The standard deviation for the variable measures only
cross-sectional variation and is almost as large as the mean, indicating the
large degree of variation in turnover across the sample. The remaining char-
acteristics, except ethnicity, are averaged over the observed job window. The
typical youth within the window was an unmarried high school graduate with
some postsecondary education but no college degree, who had 4.35 years of
work experience. The average age is 24 years but the range was substantial:
the minimum at the start of the window is 18; the maximum age at the end is
36.
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The cumulative work experience variable constructed from the NLSY in-
cludes employment in part- and full-time jobs including those held before the
constructed job window. The respondent’s wage is hourly earnings from the job
held at the time of the yearly survey interview. For the small set of wage earn-
ers with simultaneous jobs, the wage represents the primary job employing the
youth for the most hours (what the NLSY calls the CPS job).1 The respondent’s
children are the total number, biological and adopted, living in the respondent’s
household.

The unit of observation for urban areas is the consolidated metropolitan
statistical area (CMSA) or the metropolitan statistical area (MSA), defined as of
the 1990 Census. The characteristics of the metropolitan areas are taken from
the U.S. Census, except for the unemployment rate. Metropolitan area popu-
lation is taken from yearly estimates produced by the Census.2 The density of
economic activity is measured by the population density of the principal cities
making up the metropolitan areas. The Census provided biyearly population es-
timates for large U.S. cities up to 1990, annually afterwards. For nonestimated
years, population data from the previous year are used. The yearly unemploy-
ment rate for each urban area is supplied by the NLSY. The median income
and percent college graduate are taken from the 1990 Census and do not vary
yearly. We also construct regional dummies based on the states in the nine
Census Divisions.

4. STRATEGIES TO ESTIMATE LABOR MOBILITY

We measure labor mobility by observing yearly whether the sampled youth
starts a new job and by calculating the cumulative number of jobs within the
constructed career window. We use the probit specification to estimate the
yearly probability of starting new employment and the negative binomial model
to estimate the probability of accumulating a specific number of jobs in the early
career.

The sample used for the probit models differs from that for the count-data
specifications. Because of missing values for the year-specific variables, the
number of times each individual is observed for the probit specifications may
differ from the six observations specified within the job window. We estimate
job start probabilities separately for the full sample, for those who at some point
moved out of their urban area in their early career and those who did not. The
sample for the count-data models, however, is restricted to respondents whose
job count could be calculated in each of the six years and whose year specific
covariates are observed at least in the first year of the career window. This
was done to standardize the time period in which total jobs are summed. The

1The wage variable is derived by NLSY. The few instances of unusually large calculated
wages were converted to missing values.

2Population estimates are available from http://www.census.gov/popest/datasets.html.
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count-data models estimate job mobility for the total designated sample and
among nonmovers.

The probit specification exploits the panel nature of the data, which fol-
lows the young male workers yearly. The labor market participant derives util-
ity from his primary employment, which, following Wooldridge (2002), can be
expressed as,

y∗
it = xit� + εit, i = 1, . . . , n; t = 1, . . . , T,(1)

where y∗
it is a latent variable representing respondent i’s net benefits at pe-

riod t. The vector xit includes personal characteristics (for example, race and
marital status), job specific variables, such as occupation and wage, location
variables such as unemployment rate and population density, and a constant
term. The model error term, ε it is assumed independently drawn from a normal
distribution.

The labor market participant will change primary employment in period t
if an available job generates net benefits greater than what the worker receives
at the current job. If more than one job has potentially greater benefits than
his current employment, the worker will select that job yielding the greatest
benefits. Define the unobserved net benefits for person i in period t, ŷit, to be
the maximum net benefits over all job prospects ( j) considered by the worker
in time t, including the current job,

ŷit = max(ŷijt), j = 1, 2, . . . , J,

where J is the total number of jobs considered by the worker (which may or may
not exhaust all possible openings). The decision-maker is assumed to know ŷit
with certainty at period t, although it may be known only ex post (Jovanovic,
1979). The observed outcome occurs when the labor market participant follows
the rule in equation (2),

yit = 1 if ŷit > ŷi,currentjob,t,

yit = 0 if ŷit ≤ ŷi,currentjob,t,
(2)

where yit = 1 indicates respondent i changed primary employment at time t.
Given that ŷit is never fully observed by the researcher, and defining ŷit ≡

y∗
it, the probability of a job change, (yit = 1) can be expressed, using equations (1)

and (2), as,

Pr(yit = 1 | xit) = Pr(εit > −xit�)

= Pr(εit < xit�)

= �(xit�).

Under the probit specification, εit is assumed to be normally distributed and
the probability of changing employment can be taken from the standard normal
cumulative function,�.

The alternative count-data specification estimates total job turnover within
the career window. The total number of job starts is assumed to reflect an
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aggregate of the utility maximizing decisions modeled above. The count-data
specification is used because total job starts is a discrete variable. Using the
negative binomial function, we estimate the probability the youth will acquire
y number of jobs within the six-year window. Variation in total job starts across
the sample is a function of the personal, job, and urbanization characteristics
that determined the discrete decision estimated in the probit model. The neg-
ative binomial model is shown as,

f (y | x) = exp(−��)�y

y!
,(3)

where � is a function of x, representing the individual and urbanization co-
variates, and � is a positive stochastic term that is independently distributed.
Variation in y is determined by the observed heterogeneity across the sample
(differences in �) and by the unobserved �. Equation (3) is a modification of
the Poisson density.3 The parameters within the equation are estimated us-
ing the negative binomial function after specifying that � follows the gamma
distribution (Cameron and Trivedi, 2001). The sign of the parameters, in lin-
ear specifications, can be interpreted as the same as the sign of the marginal
effects.

5. RESULTS

Table 2 illustrates the negative binomial model determining cumulative
job starts over the six-year windows for the sampled youth. The values of the
regressor variables are set at the first year of each job window. The specifications
in Table 2 covering the full sample include youth who at some point in their
early career moved out of their urban area and those who did not. The “stayers”
specifications show results for those who remained in the same urban area over
the period.4 For each sample, a model is presented with population and density
entered either linearly or as a quadratic; and all models control for the nine
Census Divisions.

We hypothesize that urbanization facilitates “job shopping” for employment
matches inducing labor turnover. Population size and density, our primary in-
dicators of urbanization, index the physical proximity to jobs, while the level
of social interaction affecting job information flows is measured by the propor-
tion of adults in the urban area with a college degree. We hypothesize that
all three indicators of urbanization promote job mobility in the early career.

3The negative binomial model is often preferred over the Poisson due to the Poisson model’s
restriction that the mean of the dependent variable equal its variance. Our sample violates the
equidispersion property. The mean number of job starts within the constructed windows (3.8) is
less than half the variance (8.0). Statistical tests in the estimation of the negative binomial support
the overdispersion specification.

4“Movers” are kept within the full sample but not separately modeled. For the youth who
moved, the urban covariates would reflect their labor market characteristics only for the period
they remained in their initial urban area.

C© Blackwell Publishing, Inc. 2008.



318 JOURNAL OF REGIONAL SCIENCE, VOL. 48, NO. 2, 2008

TABLE 2: Negative Binomial Model Estimating the Number of Jobs Acquired
Over Six-Year Job Market Interval

Variable Full Sample Full Sample Stayers Stayers

Personal characteristics
Non-Hispanic White 0.1353∗ 0.1366∗ 0.0751 0.0774

(0.0495) (0.0496) (0.0585) (0.0586)
Black 0.1947∗ 0.1927∗ 0.1049 0.1049

(0.0556) (0.0556) (0.0655) (0.0654)
Highest grade achieved −0.0530∗ −0.0541∗ −0.0556∗ −0.0560∗

(0.0082) (0.0082) (0.0099) (0.0100)
Married −0.0060 −0.0048 −0.0568 −0.0537

(0.0592) (0.0593) (0.0722) (0.0725)
Experience −0.0616∗ −0.0587∗ −0.0573∗ −0.0541∗

(0.0118) (0.0116) (0.0140) (0.0137)
Wage −0.0208∗ −0.0207∗ −0.0306∗ −0.0309∗

(0.0074) (0.0074) (0.0081) (0.0081)
Children 0.0638 0.0601 0.0866∗∗ 0.0836∗∗

(0.0421) (0.0418) (0.0500) (0.0499)

Metropolitan area characteristics
Unemployment rate 0.2796 0.2231 1.3180 1.2395

(0.7994) (0.7966) (0.9425) (0.9358)
Population 0.0131∗∗ 0.0361 0.0201∗ 0.0555∗

(0.0068) (0.0226) (0.0079) (0.0266)
Population squared — −0.0022 — −0.0030

(0.0016) (0.0020)
Principal city density −0.0115 −0.0745∗ −0.0210∗∗ −0.0891∗

(0.0112) (0.0341) (0.0128) (0.0403)
Density squared — 0.0049∗∗ — 0.0053∗∗

(0.0026) (0.0031)
Proportion college grad 0.9453∗ 0.7174 1.5876∗ 1.2153∗

(0.4810) (0.5217) (0.5854) (0.6324)
Constant 2.0621∗ 2.2273∗ 1.9003∗ 2.0929∗

(0.1690) (0.1821) (0.2067) (0.2222)

Observations 1,782 1,782 1,418 1,418
Log likelihood −3,974.85 −3,972.55 −3,110.39 −3,108.68
Pseudo-R2 0.028 0.028 0.028 0.029

Notes: The sample is restricted to those who had calculated job count observations in each
of the six years of the constructed job window. Covariates are measured at the beginning of the
six-year window. Dummy variables indicating region, based on nine census divisions, are included
in the models but are not shown. Robust standard errors are given in parentheses. ∗Significant at
the 5 percent level, ∗∗significant at the 10 percent level.

Table 2 indicates that the three covariates are significant determinants of la-
bor turnover. Labor market participants living in larger, more educated urban
areas change jobs more frequently in their early career. The results suggest ur-
ban size entered linearly is more appropriate than the quadratic specification of
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TABLE 3: Expected Number of Jobs by Urbanization Measures

Evaluated at: Full Sample Stayers

Means of the covariates 3.4855 3.3555
(3.259, 3.7121) (3.0893, 3.6217)

Urban size
Large 3.5247 3.5028
Small 3.1567 2.8444
Difference 0.3681 0.6584

(−0.0669, 0.8030) (0.1101, 1.2067)

Principal city density
High 3.4289 3.2546
Low 3.9364 3.9099
Difference −0.5075 −0.6552

(−1.0324, −0.0174) (−1.2291, −0.0814)

Educational achievement
High 3.5646 3.4868
Low 3.3995 3.2149
Difference 0.1651 0.2719

(0.0677, 0.3978) (−0.0005, 0.5443)

Notes: Based on estimates from the quadratic job count model in Table 2. High values are
based on the 75th percentile of the covariate, and low values are based on the 25th percentile for
each sample. All other covariates are held at their mean. Numbers in parentheses are 95 percent
confidence intervals.

population. Population density entered quadratically appears more appropri-
ate in the full sample. Contrary to expectations, an increase in urban density
decreases turnover; the quadratic model, however, indicates this effect over
only an initial range of population density. The estimated marginal effects for
the variable in the full sample indicate a relationship that turns positive once
density exceeds 7,650 persons per square mile, roughly the 73rd percentile in
the distribution of population density.5

Table 3 shows how the expected number of job changes in the six-year
window differ for high and low values of the urbanization measures. We use
the 75th and 25th percentiles for each sample as the high and low values of the
measures, holding the remaining covariates to their sample mean. The results
indicate only a moderate difference in predicted job count between the mean of
the urbanization variables and their high values. The difference in predicted
job count between the high and low values of the covariates, however, is more
substantial.

The positive relationship urban size has with turnover indicates the in-
creased choices larger areas present to young entrants into the labor mar-
ket. Urban density has an inverse relationship with job turnover over a range

5The marginal effects from the negative binomial and probit models are not shown.
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within which most urban areas fall. The inverse relationship found for den-
sity is consistent with Wheeler’s (2005) hypothesis that urbanization decreases
the turnover needed to converge to an efficient job match. Wheeler (2005),
using a specification that enters population size and density in separate re-
gressions, finds that both population size and density inversely correlate with
mobility.

We distinguish between the full sample and “stayers” to address the pos-
sible endogeneity of location resulting from residence being determined by un-
observed characteristics of the respondents related to labor market activity.
Location endogeneity could bias the estimated effect the urbanization charac-
teristics have on job mobility.6 Although the direction of this bias is ambiguous,
under reasonable assumptions the bias is likely to be positive. For example,
youth may migrate to (or elect to remain in) more urban labor markets due
to unobserved characteristics related to finding a tighter job match. From our
hypothesis on early career mobility, the self-selection would lead to an overes-
timate of the effect urbanization has on job turnover. The linear specifications
in Table 2 for “stayers,” a sub-sample for which location is assumed not be a
choice variable, produce estimated effects for each of the urbanization variables
that are larger (in absolute value) than in the full sample inconsistent with
the expected bias.7 The urbanization effects are larger for “stayers” also in the
quadratic specifications at least over the initial range of population and density.
To examine further the possible endogeneity, we now compare the count-data
specifications to probit models that account for labor market behavior within
the six-year windows.

The probit specifications in Table 4 estimate the yearly probability of job
change for the full sample and separately for “movers” and “stayers.”8 The infer-
ences drawn from the models are largely consistent with the negative binomial
results. The primary indicators of urbanization, population size and density,
both significantly determine job mobility in the quadratic specification for the
full sample. The two covariates generate opposing effects in the linear specifi-
cations in Table 4, as in the count-data models. In the quadratic specifications,
the opposing signs for each variable’s two-parameter estimates indicate decay
in the variables’ marginal effect, found also in the count-data models. The es-
timated marginal effect population density has on job turnover in the probit
model turns positive, however, at a smaller density level, approximately the

6The effect geography has on job market behavior could be estimated in a two stage selection
model in which location choice is first determined. The individual choice sets would have to be
modeled however, which is extremely difficult to determine.

7Geography is potentially endogenous even among youth observed to have remained in the
same area over the six-year window. Conversely, location is not necessarily endogenous for those
who had moved. If the location choice were determined by factors unrelated to labor market be-
havior, the urbanization covariates would be exogenous within the models.

8Each of the probit specifications includes a lagged wage variable, causing the first year’s
observation of each respondent to drop out. Each youth is observed a maximum of five times.
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69th percentile for the variable in the full sample.9 The covariate measuring
the proportion college educated falls out of significance across models except
for “movers.”

Comparing the probit results for “stayers” to “movers” in Table 4, the
quadratic specifications indicate population is a significant determinant of job
mobility among “movers” while both population size and density influence those
who remain in same area in their early career. If location is considered endoge-
nous for the youth who relocated during the career window, the comparison
of the population point estimates in the quadratic model points to the possi-
ble bias in urbanization effects. At least within the lower range of population
size, the estimated relationship between urban size and the probability of job
change is larger among “movers” than “stayers.” While both relationships decay
as population grows, the unsquared population term is substantially larger in
the “movers” specification.

The results for both the count-data and probit specifications imply the size
and density of the local labor market influence the job behavior of youth who
remain in the same urban area in their early career. The difference in sign
between the two urbanization measures (in their linear form) suggest they
are accounting for different aspects of urbanization’s effect on mobility; urban
size indicating the pool of choices open to labor market entrants and density
indexing the cost of job access. Results in the count-data model also suggest
the effect an area’s education level has on the flow of job information. We draw
these inferences assuming youth labor markets are primarily local. While this
assumption is not directly tested, evidence such as Yankow’s (2003) finding that
over 85 percent of job turnover among young males is intra-county suggests it
is not unreasonable. We also find some evidence indicating possible location
endogeneity among “movers.”

The mean difference in labor mobility between the two groups is shown in
Table 7. Those who moved at some point in their early career started more jobs
on average each year than those who did not. The difference between “movers”
and “stayers,” statistically significant in all but the first year, grows in the first
four of the six years. While the number of job starts falls continuously over
time for both groups, “movers” in the last year of their observed career window
exhibit a larger average number of starts than “stayers” had by their third
year.

The probabilities of job change calculated from the quadratic probit model
indicate that a change in urban size has only a moderate affect on the probabil-
ity of job turnover. In Table 5, a standard deviation change in urban population
increases the “movers” probability of job change by 1.6 percentages points; the
“stayers” probability changes by less than a percentage point. The effects are

9For the full sample, the marginal effects for the quadratic probit specifications indicate
the estimated effect urban size has on the probability of job change becomes negative where the
metropolitan area population goes beyond 7.7 million residents. Population density has a positive
effect beyond the density level of 6,612 per square mile.
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TABLE 5: Job Change Probability Estimates Conditional on the
Urbanization Characteristics

Evaluated at the: Full Sample Movers Stayers

Mean of the covariates 0.3781 0.4807 0.3489
(0.3563,0.3998) (0.4432,0.5182) (0.3231,0.3747)

Mean + 1SD in population 0.3717 0.4966 0.3518
(0.3298,0.4135) (0.4191,0.5741) (0.3018,0.4018)

Mean + 1SD in density 0.4060 0.5322 0.3619
(0.3604,0.4515) (0.4615,0.6028) (0.3056,0.4182)

Mean + 1SD in percent college 0.3656 0.4429 0.3444
(0.3422,0.3891) (0.3981,0.4877) (0.3172,0.3717)

Notes: Based on estimates from the quadratic probit model in Table 4. The job change prob-
abilities are calculated holding all variables, other than the illustrated urbanization covariate,
constant at their means. The 95 percent confidence intervals are in parentheses.

TABLE 6: New Job Probabilities by Year within the Six-Year Interval

Proportion Who Made at Least One New Job Start:

Year in job interval Full sample Movers Stayers

First year 0.8226 0.8409 0.8162
(0.0075) (0.0159) (0.0086)

Second 0.5167 0.5943 0.4925
(0.0093) (0.0201) (0.0105)

Third 0.4276 0.5236 0.4013
(0.0091) (0.0205) (0.0102)

Fourth 0.3774 0.4807 0.3515
(0.0089) (0.0205) (0.0098)

Fifth 0.350 0.4407 0.3263
(0.0087) (0.0204) (0.0096)

Sixth 0.3433 0.4095 0.3221
(0.0088) (0.0206) (0.0098)

Notes: The sample consists of 3,054 respondents but the number used to calculate the above
statistics varied by year due to missing values for the job count variable. The values in parentheses
are the standard errors of the calculated sample proportions.

substantially smaller than, for example, the yearly decrease in the probability
of job change over the first four years (see Table 6). The effect for changes in
population from the linear probit specification (not shown) indicates a similar
pattern. The estimated effects of density are larger and more sensitive to speci-
fication. The marginal effect population density has on job mobility is estimated
to turn positive in the quadratic probit model at a density level not far above
the mean. This effect is reflected in Table 5, in which “movers” and “stayers”
increase their probability of job change if they reside in an urban area with a
density one standard deviation above the mean.

The decrease over time in the mean number of starts shown in Table 7 sug-
gests youth converge over time to more efficient employment matches. Topel
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TABLE 7: Average Number of Job Starts by Year Within the Six-Year
Interval

Year in job Interval Full Sample Movers Stayers

First year 1.2460 1.2652 1.2333
(0.0186) (0.0424) (0.0208)

Second 0.7342 0.8569 0.6938
(0.0166) (0.0381) (0.0184)

Third 0.5748 0.7138 0.5343
(0.0146) (0.0344) (0.0159)

Fourth 0.5155 0.7092 0.4673
(0.0145) (0.0377) (0.0153)

Fifth 0.460 0.6153 0.4193
(0.0134) (0.0347) (0.0142)

Sixth 0.4545 0.5817 0.4159
(0.0136) (0.0354) (0.0146)

Notes: The sample consists of 3,054 respondents but the number used to calculate the above
statistics varied by year due to missing values for the job count variable. The values in parentheses
are the standard errors of the calculated sample means.

and Ward (1992) find that a substantial proportion of lifetime job change oc-
curs in the first few years of a career. The probit specifications in Table 4
also indicate that the probability of job change declines intertemporally within
the six-year window. The interval-year variable in Table 4 indexes the spe-
cific period within the six-year window the respondent is in. The inverse re-
lationship is statistically significant within the full model and specifically for
“stayers.”

The probit and count-data results for many of the individual charac-
teristics of the youth are intuitive and are consistent with previous find-
ings on the determinants of labor turnover. Both models suggest youth with
more years of education and labor market experience exhibit less early ca-
reer turnover. The point estimates for both covariates are negative and
statistically significant for the full sample and across sub-samples for both
models. Farber (1994) finds similar evidence on the relationship between ed-
ucation and labor turnover. The affect labor market experience has on mobil-
ity is well established in the labor literature (Topel and Ward, 1992; Farber,
1994; Neal, 1999). In specifying the six-year window, we allow youth to con-
tinue going to school although not for consecutive years. The highest grade
achieved, in addition to job experience, may vary intertemporally in the probit
specifications.

An increase in wage is associated with a decrease in job turnover in the
probit and count-data specifications. The covariate is lagged one year in the
probit models and takes on the value established at the start of the job window
in the count-data specifications. The point estimates for the covariate are neg-
ative and significant across specifications. These results follow Topel and Ward
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(1992), which also finds job mobility decreases as the wage rises.10 The probit
specifications also indicate that young participants in the labor market start
jobs less frequently in metropolitan areas with higher unemployment rates.
The inverse relationship between unemployment rate and mobility is highly
significant in the “stayers” probit specifications, and at the 10 percent level
among “movers.” The covariate is not statistically significant in the count-data
specifications.

Results from the full sample suggest Black and Non-Hispanic White youth
who live in urban areas generally change jobs more often than Hispanic youth,
holding other factors constant. The result is found in both the probit and nega-
tive binomial specifications. The effects for ethnicity are less precisely estimated
among “stayers.” Both specifications indicate marriage decreases job turnover
although the relationship is statistically significant only in the probit models.
Surprisingly, the number of children living in the household is associated with
increases labor market instability. The point estimate for the covariate is pos-
itive and significant for “stayers” across models and in the full sample in the
probit.

6. CONCLUSION

We test the hypothesis that the productivity advantage of cities derives
partially from greater coordination in urban labor markets. We examine the
labor market activity of young urban men using the hypothesis that turnover
in the early career reflects a move to tighter labor matches. We find that larger
urban areas are associated with greater labor mobility in the early career. Ur-
banization affords young workers the opportunity to try various jobs in search
of a closer match. The effect urbanization has on job mobility is found primarily
for those who remain in the same area. We find that density induces turnover
but only among the more densely populated labor markets. The level of educa-
tion in an area, affecting the flow of information on jobs, also induces turnover,
at least within the count-data specifications. Our empirical findings for young
workers support the theories suggesting urban areas are wealthier because of
their advantage in labor matching.
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APPENDIX A: Probit Model of Employment Mobility without Lagged
Wage Covariate

Variable Full sample Movers Stayers

Personal characteristics
Non-Hispanic White 0.1221∗ 0.2258∗ 0.0774∗∗

(0.0398) (0.0815) (0.0459)
Black 0.1165∗ 0.3023∗ 0.0749

(0.0445) (0.0942) (0.0504)
Interval-year −0.1400∗ −0.1315∗ −0.1453∗

(0.0091) (0.0201) (0.0103)
Highest grade achieved −0.0501∗ −0.0701∗ −0.0529∗

(0.0067) (0.0129) (0.0079)
Married −0.1925∗ −0.1040 −0.2233∗

(0.0324) (0.0660) (0.0373)
Experience −0.1582∗ −0.1220∗ −0.1645∗

(0.0084) (0.0177) (0.0094)
Children 0.0324 0.0388 0.0399∗∗

(0.0207) (0.0407) (0.0239)
Metropolitan area characteristics

Unemployment rate −2.1274∗ −2.4713∗ −1.9441∗

(0.6368) (1.2581) (0.7441)
Population 0.0635∗ 0.0707∗ 0.0563∗

(0.0178) (0.0345) (0.0210)
Population squared −0.0041∗ −0.0041∗∗ −0.0034∗

(0.0012) (0.0023) (0.0014)
Principal city density −0.0800∗ −0.0479 −0.0709∗

(0.0249) (0.0475) (0.0292)
Density squared 0.0058∗ 0.0042 0.0048∗

(0.0018) (0.0034) (0.0021)
Proportion college grad −0.7792∗∗ −1.6909∗ −0.4050

(0.4034) (0.6513) (0.5096)
Constant 2.9009∗ 2.9346∗ 2.8962∗

(0.1638) (0.3147) (0.1976)

Observations 15,574 3,054 12,434
Individuals 3,131 646 2,399
Log likelihood −9,448.88 −1,853.89 −7,446.67
Pseudo-R2 0.1214 0.1193 0.1275

Notes: Dummy variables indicating individual years and regions are included in the models
but are not shown. ∗Significant at the 5 percent level, ∗∗significant at the 10 percent level.
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