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Abstract

In urban areas job vacancies often exist but poor, minority res-
idents tend to be concentrated in neighborhoods with limited geo-
graphic access to these jobs. Using a randomized field experiment
with public transit subsidies, I test whether this spatial mismatch of
workers from jobs causes poor labor market outcomes. Randomly
selected clients of a non-profit employment agency received a public
transit subsidy to assist in applying to jobs and attending interviews
with potential employers. I find evidence that the transit subsidies
have a large, short-run effect in reducing unemployment durations
with treatment causing the probability of finding employment within
40 days to increase by 9 percentage points, from 0.26 to 0.35. After 90
days, this difference narrows to a large but statistically insignificant
5 percentage points. I find weaker evidence that this decrease in un-
employment duration results from more intense search behavior, with
the transit subsidy group applying to more jobs and jobs further from
home. To my knowledge, these results provide the first experimental
confirmation that spatial mismatch of workers from jobs can cause
adverse labor market outcomes for poor, urban individuals.

JEL Codes: J64, R4
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1 Introduction1

In the urban United States, de-facto residential segregation results in minor-
ity, poor individuals living in areas with few available jobs. Kain (1968) and
Wilson (1997) have argued that this ‘spatial mismatch’ of workers from jobs
contributes to adverse labor market outcomes for these individuals. In this
paper, I analyze spatial mismatch using an experiment of randomly provided
public transit subsidies. In cooperation with a local, private, non-profit em-
ployment agency, I operate an experiment that provides public transit subsi-
dies consisting of a fee-reducing public transit card as well as $50 of in-kind
transportation subsidies to unemployed, low-wage job-seekers in Washington,
DC. Individuals in the sample are disproportionately African-Americans from
economically disadvantaged neighborhoods, providing a relevant sample in
which to test the predictions of spatial mismatch. Additionally, this trans-
portation intervention allows me to focus narrowly on spatial mismatch and
access to local labor markets, separating these effects from other neighbor-
hood characteristics and other impacts of residential mobility.

In analyzing the sample of 468 individuals, I find strong evidence that
being assigned to treatment for subsidized transit reduces unemployment
durations. This effect mainly operates through reducing relatively short un-
employment durations with the treatment group 9 percentage points more
likely to have found a job within 40 days, narrowing to a statistically insignif-
icant 5 percentage points after 90 days. Similarly, quantile regression results
indicate that being assigned to receive the transit subsidy package decreases
the 30th percentile of unemployment durations by two weeks, from 49 to 35
days, and the 35th percentile by three weeks, from 58 to 37 days. These re-
sults point to a large short-run effect of treatment on employment prospects
that fades through time. On the other hand, I am not able to detect ef-

1Author’s e-mail: dcp34@georgetown.edu. I have particularly valued feedback and
guidance from my advisor Billy Jack. I’ve benefited from the comments of Jim Albrecht,
Luca Flabbi, James Habyarimana, Arik Levinson, Anna Maria Mayda, Susan Vroman,
and seminar participants at the Georgetown Micro Seminar. I would also like to thank
the staff of Jubilee Jobs for helping with implementation and data collection and the
clients of Jubilee Jobs for their participation. This project was supported by the National
Poverty Center using funds received from the U.S. Department of Health and Human
Services, Office of the Assistant Secretary for Planning and Evaluation, grant number 1
U01 AE000002-03. The opinions and conclusions expressed herein are solely those of the
author and should not be construed as representing the opinions or policy of any agency
of the Federal government. Of course, all errors and omissions remain my responsibility.
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fects on earnings or wage rates, though this ‘zero’ is subject to considerable
uncertainty.

The data provide some evidence that these lower unemployment dura-
tions result from increased intensity and scope of job search for individuals
receiving the transit subsidy. Individuals in the treatment group search more
intensely, completing 15 percent more applications and interviews. They also
increase their scope of search, searching at locations that are on average 7
percent further from home than those of the control group, resulting in em-
ployment 20 percent further from home. However, these results for search
actions are either marginally statistically significant or statistically insignif-
icant due to the relatively small sample. Nonetheless they indicate poten-
tially large changes in search behavior. Together, the results suggest that the
causal mechanism for reducing unemployment duration likely runs through
individuals in the subsidy group applying to more jobs and jobs further from
home.

The results confirm the predictions of the ‘spatial mismatch hypothesis,’
which seeks to explain poor labor market outcomes using the distance of
urban workers from available jobs (Kain, 1968). If minority individuals tend
to live in areas with few job vacancies, then they are at a disadvantage in
looking for work. A large empirical literature has used observational data
and natural experiments to test the theory of spatial mismatch, with most
of the literature confirming the existence of spatial mismatch (Raphael and
Stoll, 2000; Zax and Kain, 1996; Holzer, Quigley, and Raphael 2003; Holzer,
Ihlanfeldt, and Sjoquist, 1994; Raphael and Rice, 2002) A sizable theoreti-
cal literature interprets spatial mismatch as the outcome of a labor market
search model where searching over distant is costly and minority workers
reside in areas with fewer employment opportunities (Colson, Laing, and
Wang, 2001; Gautier and Zenou, 2010; Gobillon, Selod, and Zenou, 2007).
Building on this approach, I formulate a standard random search model of
the labor market augmented to include variable search intensity and search
over geographic space. My empirical results are consistent with this mecha-
nism, whereby cutting transportation costs leads to greater search intensity
which can translate into lower unemployment durations.

Despite its basis in theory and empirical studies using observational data,
detecting the spatial mismatch hypothesis in experimental studies has been
much more elusive. Most prominently, the Moving to Opportunity (MTO)
experiment (Kling, et. al. 2007) tested the effect of neighborhood charac-
teristics on labor market outcomes using a large-scale housing experiment.
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This program provided housing vouchers to a treatment group of families
living in public housing projects with the condition that the vouchers could
only be redeemed in low-poverty areas. The experiment found no significant
impacts of moving to richer neighborhoods on economic self-sufficiency for
treatment families.2 This has been interpreted by some as evidence against
the importance of spatial mismatch, since change in residential location had
no measurable impact on labor market outcomes. On the other hand, the
housing mobility induced by MTO potentially changes an entire basket of
neighborhood attributes including social networks, vulnerability to violence,
and access to labor markets. As a result, isolating the role of access to labor
markets from other effects proves difficult, and a great deal of debate has
surrounded how to interpret the non-effects for labor market outcomes (e.g.
Clampet-Lundquist, S. and D. Massey, 2008; Ludwig, et. al., 2008).

The goals and scope of my study are less ambitious than MTO but also
more focused on spatial mismatch. By experimentally subsidizing public
transit for active job-seekers, I am able to isolate the impact of reducing the
effective distance of individuals from available jobs, while leaving social net-
works and other factors related to residential location constant. In this light,
my results lend support to the spatial mismatch hypothesis, indicating that
an intervention focused solely on increasing geographic access to employment
opportunities can improve labor market outcomes.

In the literature, the Bridges to Work (BTW) demonstration and eval-
uation is most similar to the present study. In BTW, the U.S. Department
of Housing and Urban Development created a new shared van ride system
in four cities and then evaluated it experimentally by randomly selecting in-
dividuals to receive free access to the system. However, in contrast to my
results, BTW found negligible impacts on employment outcomes. The rea-
son for this difference may stem from the difference in context and the design
of treatment. Both Bridges to Work and the present study focus on using a
randomized control trial to isolate the effect of better transportation on la-
bor market outcomes, but while I focus on subsidizing access to an existing,
extensive public transit system, Bridges to Work created a new transit sys-
tem where such a system was lacking. As the evaluation of Bridges to Work
describes, compliance of treatment individuals with the program was low,
largely due to the enormous difficulty of operating a new, extensive trans-
portation project in a timely and efficient manner. The program ultimately

2The experiment did, however, document large improvements in mental health.
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produced negligible intent-to-treat impacts on employment outcomes, but
low compliance with treatment prevents measuring the impact of actually
being treated with any precision (Roder and Scrivner, 2005). In the present
study, I focus on increasing access to an existing transit system through sim-
ple individual-level subsidies, which is much less ambitious but also less prone
to operational difficulties. In light of this previous literature, my results can
be interpreted as an indication that alleviating spatial mismatch is easier in
an environment with an extant mass transit system.

Aside from MTO and BTW, the recent literature on field experiments in
labor economics does not appear to address the issue of transportation or
spatial mismatch.3 An extensive literature covers the use of randomized field
experiments to study job search more generally. For example, randomized tri-
als have been used to study the impact of job-finding bonuses (Meyer, 1995),
active job search assistance (Dolton and O’Neill, 1996; Dolton and O’Neill
2002), and making re-employment services mandatory (Black, et. al., 2003).
More recently these efforts have been expanded to examine spillovers of job
placement services on non-treated individuals (Crepon, et. al., 2011). Yet the
literature that applies an experimental approach to the role of transportation
in job search, either in general or with the urban poor in particular, remains
small. Thus, my study contributes to the literature by providing the first
experimental evidence in support of the spatial mismatch hypothesis.

In what follows, I provide a theoretical framework for the study; describe
the experiment; document factors affecting validity and interpretation of the
experiment (baseline balance, attrition, and take-up); and analyze baseline
data to establish that the sample provides a solid context in which to test
spatial mismatch. I then report the main results and examine extensions re-
lated to treatment spillovers, potential infra-marginality of in-kind transfers,
and cost-effectiveness. Finally, I provide concluding remarks.

2 Theoretical Predictions

Though this study focuses on empirical results from a randomized experi-
ment, theory guides the study questions and experimental design. So, con-
sider a standard partial equilibrium random search model, augmented to
include variable search intensity and a spatial dimension. Unemployed job
seekers receive job offers, (w, δ), which are a pair including a wage and a

3See for example a recent review of field experiments by List and Rasul, 2010

5



commute time or distance. Offers are received in continuous time from an
exogenous distribution at a Poisson rate λ (δ), which can vary by distance,
and in this model the arrival rate will be a choice variable. So, individuals will
be choosing search intensity over all geographic locations with agents choos-
ing the function λ (δ). Search intensity is costly for these potential workers,
and the cost of increasing the arrival rate at location δ is c (λ (δ) , δ), which I
will assume to be Cobb-Douglas γλ (δ)α g (δ) where costs and marginal costs
are increasing in δ (i.e. g (δ) is positive and increasing). As a result, the
flow value of unemployment is b−

∫
δ γλ (δ)α g (δ) dδ. I will assume α > 1 to

ensure that the cost of search intensity is positive, increasing, and convex.
For simplicity, I will assume that the wage distributions at all locations

are identical, i.e there is a common wage distribution F (w|δ) = F (w) at
all locations with density f (w). When job offers arrive, individuals choose
whether to accept the offered wage-distance pair or continue searching. If
they accept, they receive w at location δ forever after, discounting the future
at rate r. If they reject, they continue searching, receiving the flow value of
unemployment. In sum, I simply consider a standard random search model
with variable search intensity, where a notion of distance influences search.

For the moment, take λ (δ) to be given. Given linear preferences over
wages, the value function for a worker employed at wage w and commuting
distance δ is:

rV (w, δ) = w

For simplicity, commuting costs are not taken into account for employed
workers.4 The value of being unemployed is:

rU (λ (δ)) =
b−

∫
δ γλ (δ)α g (δ) dδ +

∫
δ λ (δ)

∫
wmax (V (w, δ) , U (λ (δ))) f (w) dw dδ

For any given value of λ, the well-known result is that the optimal strategy
is to set a reservation wage w∗ (λ (δ) , δ), which here can depend on distance
from home. Offers above the reservation wage are accepted. The reservation
wage is defined as the wage at which the value of unemployment equals the
value of employment, V (w∗ (λ, δ) , δ) = U (λ), or:

w∗ (λ, δ) = rU (λ)

4This is only for expositional simplicity. The comparative static predictions of the
model are unchanged if I include commuting costs.
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Because there are no commuting costs, this is true for all δ. As a result,
in this model the optimal reservation wage w∗ is the same for all distances.
Then, this reservation wage can be expressed as5:

w∗ = b−
∫
δ γλ (δ)α g (δ) dδ +

∫
δ λ (δ)

∫∞
w∗

w−w∗

r
f (w) dw dδ (1)

Then, the optimal choice of search distance for an unemployed worker consists
of maximizing the value of unemployment, or equivalently, the reservation
wage. Given the Cobb-Douglas cost function, search intensity is positive
everywhere. In this interior solution, the optimal choice of λ (δ) can be
characterized by a first-order condition:

γαλ (δ)α−1 g (δ) =
∫∞
w∗

[
w−w∗

r

]
f (w) dw (2)

This model provides predictions for how transportation subsidies could
affect job search. If transportation costs are considered to be part of job
search costs, then a public transit subsidy will reduce γ, leading to lower
marginal search costs for the treatment group.6 The comparative static ef-
fects of a decrease in γ on the worker’s strategy then follow from (1) and
(2). In response to decreasing the marginal cost of search intensity, workers
search more intensely at all locations while also becoming more selective,
raising their reservation wage.

∂λ (δ)

∂γ
=
− (1− F (w∗))

∫
s (α− 1)λ (s)α g (s) ds− rαλ (δ)α−1 g (δ)

[r +
∫
s (1− F (w∗))λ (s) ds]

[
α (α− 1) γg (δ)λ (δ)α−2

] < 0 (3)

∂w∗

∂γ
=

−r
∫
s γλ (s)α g (s) ds

r +
∫
s (1− F (w∗))λ (s) ds

< 0 (4)

The first result is quite intuitive with lower marginal search costs leading
to greater search intensity. This action results from equation (2) where a

5This equality is the result of noting that the reservation wage must satisfy rU = w∗,
substituting in this equality twice, and substituting in for V (w).

6In practice, the experiment both reduces marginal transit fees and provides an in-
kind subsidy. I will simplify the exposition by considering only the shift in marginal
costs. The comparative static effect of an in-kind transfer on wages, search intensity,
and unemployment durations is qualitatively similar to a shift in marginal costs, provided
that the transfer is not infra-marginal. If it is infra-marginal, then the transfer becomes
an income supplement during unemployment, leading to higher wages and lower search
intensity.
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lower γ causes the worker to choose a higher λ (δ) for all values of δ.7 Thus
search intensity increases at all locations. The impact of lower search costs
on the geographical concentration of search is less clear. Since workers are
searching more everywhere, the average distance searched by workers could
either increase or decrease. So, when observing an experimental shock to
search costs, we should expect to see greater search intensity with unclear
expectations for where that search occurs.

The model also predicts that workers will raise their reservation wage in
response to lower search costs. This occurs because decreasing γ increases
the flow value of being unemployed, leading workers to become more selective
about which wages they accept. One might expect that the simultaneous
increase in search intensity might also have an impact on the reservation
wage. However, this does not occur in this model because λ (δ) is being set to
maximize w∗. As a result, this potential effect disappears due to an envelope
condition with equation (4) following directly from applying an envelope
condition to (1).8 As a result, this model predicts that an experimental
decrease in search costs should lead to higher reservation wages and thus
higher observed wages.

The effect on unemployment duration is less clear. The hazard probability
of leaving unemployment is:

h =
∫
δ λ (δ) dδ (1− F (w∗)) (5)

Due to increased search intensity, job offers arrive at a faster rate, increas-
ing the first term, but job-seekers also raise their reservation wage. This in-
creased patience decreases the probability of accepting an offer, (1− F (w∗)).
Together, the impact of lower marginal search costs on the hazard probability
of leaving unemployment, and thus unemployment duration, depends on the
parameters of the model. In models where search intensity is exogenous, cer-
tain general conditions can be assumed to get the result that a higher search
intensity will decrease unemployment duration (e.g. van den Berg (1994)).
In this situation, though, with endogenous search intensity, I cannot make
a prediction about unemployment duration. However, equation (5) provides
some guidance. If decreasing search costs result in a small change in the

7Technically, the right side of (2) is also increasing due to the rising reservation wage.
Given the Cobb-Douglas functional form, the impact on marginal costs dominates the
effect through wages. See Appendix for a proof.

8See Appendix for proof.
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reservation wage but a large change in search intensity, unemployment du-
rations should decrease. In a case with a binding minimum wage, the wage
effect will be zero and unemployment durations must decrease. On the other
hand, a large wage effect should be associated with increased durations. In
the experimental results, we should expect this sort of inverse relationship
between wage effects and duration effects.

This model provides a tractable theory of how distance from employ-
ment opportuntities can influence labor market outcomes. It predicts that a
public transit subsidy which reduces the effective distance of workers from
jobs should result in greater observed search intensity and higher observed
wages. Finally, depending on which of these effects dominates, unemploy-
ment durations may increase or decrease. Given experimental variation in
the transportation costs, these predictions can be empirically tested.

3 Experimental Design

3.1 Treatment

In this experiment, treated subjects received a fee-reducing fare card and
an in-kind subsidy to ride Washington Metropolitan Area Transit Authority
(WMATA) buses and trains, which cover the entire DC metropolitan area.
In particular, they received a reusable SmarTrip card with a free $25 balance.
When this balance had been depleted, clients who were still looking for work
could return the empty card for a second card with a fresh $25 balance. Given
that the card itself costs $5, the total cost of the package is $60. The balance
functions similarly to a gift card in that the balance is debited with each
trip, except that the card ceases to work only after the balance is negative.
This $50 subsidy represents about 33 bus trips ($1.50 each) or 10 to 31 train
trips ($1.60 to $5.00 each), depending on distance.

In addition to the $50 card balance, the SmarTrip cards also provide
price subsidies for subsequent trips relative to using cash because WMATA
charges different base prices to users of SmarTrip cards and those who pay
with cash. Bus trips receive a 20 cent discount and train trips receive a 25
cent discount relative to riders using cash. Finally, the SmarTrip card also
allows passengers to transfer between buses for free or between bus and rail
at a 50 cent discount so long as the rides are within two hours of each other.
This service is not available to passengers using cash and can represent a
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considerable subsidy to job-seekers who can make multiple successive bus
trips in one day on a single fare.

Altogether, treatment provides a significant package of transportation
subsidies that both decreases the marginal cost of public transit through a
fee-reducing transit card and also provides an in-kind subsidy. In the model
above, I simplify the theory by only considering a shift in the marginal cost
of search. However, an the impact of the in-kind subsidy will have effects
similar to a drop in the marginal cost of search. Using labor market histories
of individuals in the sample, I estimate that in a typical year an average
member of the sample would have a monthly income of about $552.9 Even
this average is likely a significant overestimate of the sample’s income level
since the median individual has been unemployed for nearly one year. To-
gether these facts indicate that the participants in the experiment likely face
binding credit constraints that prevent spending on public transit even if the
return to search is high. In this context, the $50 in-kind subsidy is unlikely
to be infra-marginal, and thus can also be interpreted as reducing the cost
of search. Finally, control subjects did not receive transportation assistance
but continued to receive job placement assistance from the partnering orga-
nization. Thus, I will measure the impact of transportation contingent on
also receiving job placement services.

3.2 Study Design

I cooperated with a local, non-profit, private job placement assistance or-
ganization, Jubilee Jobs, to implement this experiment. Jubilee Jobs has
two sites located in Washington, DC with one in Anacostia, a predominantly
low-income and African-American area in southeast Washington, and one
in Adams Morgan, a racially and economically diverse area in north-central
DC. They provide job skills training and job placement assistance free of
charge to all interested individuals, but Jubilee focuses on only low-wage
employment. As a result they typically assist low-income individuals, often
receiving public assistance, re-entering the workforce after incarceration, or
recovering from substance abuse.

Applicants come through Jubilee Jobs in orientation cycles. A particular
cohort begins with an orientation session, followed by a week of job skills

9See summary statistics below. An average individual is employed for 30 hours per
week at $10 per hour and is only employed 46 percent of the time.
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workshops. Then, applicants search for employment with assistance from
a job counselor, who actively markets them to prospective employers and
meets with them regularly to set-up interviews. Every two weeks, a new
cohort begins this process. Due to the timing of services provided by Jubilee
Jobs, the experiment also runs in a sequential manner. After the initial week
of workshops, applicants were recruited into the study through an informed
consent process. This process was repeated roughly every two weeks from
November 2010 through June 2011.

3.3 Recruitment

Table 1 summarizes participation in the experiment. Of the potential par-
ticipants, 60 percent consented to participate in this study. Lack of in-
formed consent prevents me from directly collecting data on reasons for non-
participation; however, observation and volunteered information point to lack
of time for informed consent as the main reason. Nonetheless, for some in-
dividual baseline characteristics, Jubilee Jobs was able to provide summary
statistics on all individuals who were enrolled in their program at the time
of recruitment for the experiment. Combining these summary statistics with
baseline data on individuals who participate, I am able to calculate sum-
mary statistics for the non-participants in a manner that does not require
obtaining their individual-level data.

Table 2 serves both to report baseline characteristics of individuals par-
ticipating in the experiment and to compare them to average characteristics
of those who did not participate. The first column reports mean baseline
characteristics for those who were recruited. Nearly the entire sample, 98
percent, identifies as black or African-American and the average age is 40
years. The baseline data confirm that these low-wage job seekers face sub-
stantial disadvantages in the labor market. Only 24 percent of the sample
attended any schooling after high school, with only 5 percent completing
college, while 20 percent did not complete high school. Half of the sample is
listed by their job counselors as having a criminal history and two thirds are
receiving some type of public assistance. Only 11 percent of the sample is
employed at baseline.10 Strikingly, the average individual in the sample has
been unemployed for 1.8 years (with a median of just under 1 year) and been

10Most of these individuals are employed part-time, and in the analysis that follows, I
analyze outcomes related to finding a new job.
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employed for only 46 percent of the past 5 years. When employed, the most
recent wage was about 10 dollars per hour and turnover was high with a me-
dian job duration of 1 year. While nearly all of the sample identify as black,
10 percent also identify as immigrants, over half of whom are from Ethiopia.
The baseline data also identify this sample as a group of people reliant on
public transit. More than half of the sample lacks a valid driver’s license, and
only 9 percent have access to a car. Finally, 82 percent of the sample resides
in Washington, DC with most of the remainder living in the Maryland sub-
urbs east of the city. As covered in more detail below, the sample inside DC
disproportionately comes from Wards 7 and 8 in the Southeast part of the
city, with very few applicants coming from the more affluent western part of
the city.

For most of these characteristics, summary statistics can also be com-
puted for those who did not participate. These are reported in the second
column of Table 2.11 Differences between mean characteristics for recruited
and non-recruited individuals, along with p-values testing if this difference is
different from zero, are reported in the final two columns. For the most part,
individuals recruited into the experiment are similar to those who did not par-
ticipate with no average differences in age, gender, educational attainment,
ex-offender status, immigrant status, ability to drive, or residential location.
However, individuals do appear to have selected into the experiment on a
couple dimensions. The experimental sample is 17 percentage points more
likely to be receiving public assistance and 5 percentage points less likely to
have access to a car. Those recruited are also more likely to be black, though
this difference is relatively small. Altogether, this baseline comparison indi-
cates that individuals who selected to participate in the experiment had less
access to transportation and a lower level of assets at baseline relative to in-
dividuals who decided not to participate. While selection into participating
in the experiment has no impact on the internal validity of the treatment
effects that I measure, it indicates that this study will be most externally
valid for populations with heavy participation in public assistance programs
and limited access to private vehicles. In practice, a scaled-up policy of tran-
sit subsidies for urban job-seekers would likely attract people with similar
characteristics. While there is selection into the experiment, the sample is

11Unlike other baseline characteristics, the labor market history variables are stored in
individual paper files and could not be obtained in a way that protected the privacy of
those who refused to participate.
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the one of most interest for measuring the impact of the transit subsidies.

3.4 Compliance with Treatment

Applicants who decided to participate are randomly assigned to treatment
and control groups using a random number generator with treatment strati-
fied by cohort, Jubilee Jobs site (two separate sites), and ex-offender status.
In an initial pilot from November to January, the treatment probability was
one quarter. Starting in February, as more funding became available, half
of all subjects were offered treatment. As Table 1 documents, this results in
slightly less than half of the sample being treated with 208 of 468 individuals
assigned to treatment.12

Treatment group individuals were provided with a transit card (WMATA
SmarTrip). Each selected applicant was offered the card from Jubilee Jobs
staff prior to being sent out on their first interview and could obtain a sec-
ond card if the first was exhausted prior to finding employment and they
continued to work with Jubilee Jobs.13 Table 1 also describes compliance of
individuals with treatment, i.e. take-up of the SmarTrip cards. Take-up is
high with 89 percent of the treatment group picking up at least one Smar-
Trip card and half receiving two cards.14 The control group, meanwhile, did
not receive any transportation assistance from Jubilee Jobs, as indicated in
the table. Altogether, this points to high but imperfect compliance with
treatment. Less than full take-up of the second card mainly occurred if indi-
viduals found employment prior to obtaining a second card or dropped out
of Jubilee’s program. To deal with imperfect compliance, all of the analysis
will focus on Intent-to-Treat effects based on original treatment assignment.

4 Data and Follow-Up

Data come from three sources: Jubilee Jobs administrative records, a phone
survey, and the WMATA SmarTrip on-line card manager.

12Note that since the probability of treatment varies over time, re-weighting the data
or including strata dummies as control variables will be necessary in the analysis.

13This exchange helped protect against re-sale of the cards and connected the cards
more closely with job search.

14Two individuals were able to obtain 3 cards due to administrative errors.
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4.1 Baseline and Randomization Test

Jubilee Jobs collects background and demographic information on all clients
in intake interviews prior to randomization. This data provides baseline
information on demographics, labor market history, ex-offender status, edu-
cation attainment, and more. I make use of these data to characterize the
baseline characteristics of the sample as detailed in Table 2.

I also check the validity of randomization by testing the balance of base-
line characteristics including all of the characteristics described above as well
as an indicator variable for individuals with no work history and dummies for
which of the nine job counselors an individual is working with. While the first
two columns of Table 3 report mean baseline characteristics for treatment and
control, the third column reports the coefficient on a treatment dummy in
an un-weighted regression of baseline characteristics on treatment and indi-
cators for all of the cohort-site-ex-offender strata of the randomization. Of
the 29 baseline characteristics, only two (Virginia residence and one of the
job counselor dummies) have significant differences at the ten percent level
and none are significant at the five percent level. This is consistent with the
number of false positives expected from randomly assigned treatment when
testing 29 characteristics.

4.2 Follow-Up and Attrition

I focus on two types of outcomes, those regarding employment and those
regarding aspects of the search process. Administrative records from Jubilee
Jobs track job search and employment outcomes for most of the sample.
These records allow me to measure wages, unemployment duration, and an
application/interview history that can be used to measure search intensity.
These data also include home addresses and job locations that can be used to
measure distance to jobs, interviews, and applications. I collect these records
3 months after enrollment of an individual in the study.

For employment outcomes, I combine administrative data with a phone
survey. After 3 months, individuals fall into three groups: those who have
reported a job placement to Jubilee Jobs, those who continue to search for
work with Jubilee, and those who have lost contact with Jubilee Jobs. The
first group has complete data on employment outcomes in the administrative
data. For the second group, durations are censored at 90 days and employ-
ment characteristics cannot be observed. I take account of this censoring
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in analyzing durations. When considering earnings, one might be concerned
that selection into employment biases estimates of the treatment effect on
wages and earnings. To account for this, I examine both wage rates condi-
tional on being employed at 90 days and weekly earnings, where earnings are
assumed to be zero for those who are unemployed. For outcomes regarding
the location of employment, I analyze both distance to work for the employed
sub-sample and for the whole sample with unemployed individuals coded as
a zero value.

The final data follow-up group, those who drop out of Jubilee’s program
and thus the administrative data, provide a more important problem. About
40 percent of the sample drops out of the administrative data between base-
line and follow-up; however, there is no statistical difference between attrition
in the treatment and control groups. Nonetheless, I attempt to complete the
missing employment data using a phone survey of all individuals who drop
out of the administrative data. The survey asks questions on employment
and job characteristics. As listed in Table 4, attrition is reduced to 9 percent
by the phone survey, and differential attrition between treatment and control
remains negligible. Thus, the combination of administrative and phone sur-
vey records provide employment outcomes data with relatively low attrition.

As an additional check to ensure that selection into attrition does not in-
troduce bias into the estimates for employment characteristics, I test baseline
balance for only those individuals with follow-up data, either in the admin-
istrative records or the phone survey. Table 5 reports these results, which
show no difference in baseline characteristics between the treatment and con-
trol groups. It appears that the validity of randomization is not violated by
attrition from the employment data.

For all individuals, I also measure search outcomes, including the number,
timing, and location of job applications. For these outcomes I use only Jubilee
Jobs administrative data on the application and interview history of the
individual as recorded by their job counselor. Selection out of this dataset
occurs either when the individual finds employment or loses contact with
Jubilee Jobs. To prevent bias from this selection, I focus on search outcomes
from the first two weeks after randomization. Up to that point employment
rates are under 10 percent and the difference between treatment and control
is less than 1 percent. Meanwhile, dropout rates are similarly low. While
this approach reduces the information available in the data, I focus on this
narrow window to eliminate sample selection bias in job search outcomes.

15



4.3 Transit Card Data

Finally, I also collect data on usage of the transit cards. Electronic tracking
of the cards provides time-stamped data on card transactions and balances.
While I only have this information for the treatment group, these data assist
in confirming that applicants do in fact use the cards and also provide some
detail as to whether applicants appear to be using the cards for job search
or for other purposes.

5 Context

5.1 Spatial Mismatch in Washington, DC

Washington, DC provides a prime example of how the de-facto residential
segregation which has taken the place of legal segregation can lead to spa-
tial mismatch of workers from available jobs. Figure 1 uses 2008 data on
establishment-level employment per square mile across zip codes in the DC
metro area from the U.S. Census Bureau’s Zip Code Business Patterns, with
darker areas indicating more employment in that area. As is apparent, em-
ployment in the city is concentrated downtown, and in the suburbs, jobs are
more abundant to the southwest in Northern Virginia and to the northwest
centered on Bethesda. Firms employ far fewer workers in the eastern parts
of the city or the Maryland suburbs to the east.

For the same zip codes, Figures 2 and 3 map the the population den-
sity of African-Americans and White-Americans using data from the 2000
Population Census. These figures demonstrate the de facto residential seg-
regation that characterizes the DC metro area, with the black population
living mostly in the eastern part of the city with significant presence in the
eastern suburbs of Prince George’s County Maryland and the white popu-
lation concentrated in the western part of the city as well as the western
suburbs of Northern Virginia and Montgomery County Maryland. Together
with Figure 1, these images demonstrate the distance between most minor-
ity job-seekers and available jobs in the DC labor market. While jobs are
abundant downtown and to the west, individuals living in largely African-
American communities to the east must travel extensively to access these
employment opportunities.

Baseline data for my sample matches these qualities of the census data. At
the time of recruitment, 83 percent of the sample lives inside the boundaries
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of the district, almost entirely in the eastern half of the city. The remainder
largely lives in the Maryland suburbs east of the city. Figure 4 maps the
density of the residential addresses in the sample across DC area zip codes.
The residential patterns of this sample closely follow those of the broader
African-American population shown in Figure 2. Through the course of its
regular operations, Jubilee Jobs collects information on available job vacan-
cies that are appropriate for their clients. Figure 5 maps administrative data
on these vacancies for the period April 2010 to April 2011. Not surprisingly,
Jubilee targets vacancies somewhat closer to the homes of their applicants
than the average job; however, even these vacancies, which are targeted as
best suited for these particular individuals, tend to be in the western half of
the city. As a result, the individuals participating in this experiment face a
situation in which job vacancies exist but are often far from their residences.
If the spatial mismatch hypothesis is true, taking steps to reduce the effective
distance between potential workers and available jobs should be relevant for
labor market outcomes in precisely this sample.

5.2 Comparability of the Sample

While this sample provides an interesting setting in which to study trans-
portation subsidies, the external validity of the results will depend on how
this context compares to other settings. To provide some sense of context,
I compare the characteristics of the sample to data on respondents to the
Current Population Survey in Table 6. The first column of Table 6 lists
the educational attainment, age distribution, and gender distribution of my
sample. The next three columns summarize 2010 CPS data for progressively
selective groups. The second column describes all 18-65 year-old respondents;
the third column 18-65 year-old unemployed individuals; and the fourth col-
umn 18-65 year-old, unemployed, black individuals living in metropolitan
areas. Not surprisingly, the experimental sample has lower education attain-
ment than the average working age person, with for example only 5 percent
achieving at least a Bachelor’s degree as opposed to 28 percent of the gen-
eral population. More interestingly, the sample is less educated even when
compared only to black, unemployed individuals in metro areas, of whom 11
percent completed a Bachelor’s degree.

There are also major differences in age distribution between the experi-
mental sample and a random sample of unemployed, black individuals living
in metropolitan areas. While young people age 18-25 make up 31 percent of
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the CPS sample, only 11 percent of my sample is this young. Instead, the
experimental sample has a disproportionate number of middle aged individ-
uals. As such, the results in this study are much more relevant for mid-life to
older individuals rather than urban youth. Finally, there are no major dif-
ferences in gender distribution between the sample and the CPS data (when
restricted to the unemployed).

6 Results

6.1 Transit Card Usage

As noted above, the vast majority of individuals assigned to treatment take
up at least one free transit card. I use electronic data on usage of the cards
to more precisely measure uptake of treatment. One first question when
providing transit subsidies is the extent to which subsidies are used for job
search versus other activities, including lending or selling the card to some-
one else. While tying the receipt of a second card to continued job search
provides one check against these possibilities, I can also check the card usage
data for consistency with job search. I find that trips are disproportionately
concentrated on weekdays and during regular business hours. Figures 6 and
7 demonstrate these facts. While far from definitive, these findings indicate
that observed card usage is consistent with transit subsidies being used for
job search activities.

Given the transaction-level data, I am able to calculate both total spend-
ing on transit using the cards and deposits by individuals onto the cards.
Figure 8 depicts three variables over time: total spending, total deposits,
and spending net of deposits. Usage of the cards is extensive, with average
spending surpassing $50 within two months of first using the card. Also of
interest, individuals receiving the cards do not simply use the cards for the
$50 subsidy, but continue depositing their own money onto them. Deposits
are slow to pick up at first as the subsidy is used up, but within four months,
the average applicant has added an additional $50 to the balance of their
card(s). Spending net of these deposits rises quickly and flattens out within
the first 50 days.15

These results indicate a pair of important facts about treatment. First,

15The average subsidized balance is less than $50 because of imperfect compliance with
treatment.
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applicants make use of the lump sum subsidy relatively quickly, with indi-
viduals exhausting the subsidized balance with the first 50 days. Second,
applicants demonstrate a revealed preference for using the transit card even
after the subsidized balance has been exhausted. This seems to indicate that
the value of treatment is not exclusively due to the balance but also because
of the fare reductions that the card provides. In this sense, it is most accurate
to think of treatment as a package intervention that both lowers the price of
transit and provides a lump sum, in-kind subsidy.

6.2 Unemployment Durations

The spatial mismatch hypothesis posits that geographic isolation diminishes
labor market outcomes. I will measure these outcomes through unemploy-
ment durations, weekly earnings, and wage rates. A standard search model
predicts that wages should rise in response to decreased search costs, while
the impact on unemployment duration is ambiguous. Using the available
administrative and phone survey data paired with the random variation in
transit subsidies, I can examine this question experimentally.

Figure 9 graphs the Kaplan-Meier survivor functions for the data. These
functions non-parametrically describe the probability of remaining unem-
ployed after a given number of days for both treatment and control groups.
The survivor function for the treatment group clearly lies below that for the
control group, indicating that for nearly all duration lengths the probability
of remaining unemployed until that time is lower for the treatment group.
As is apparent from the graph, this effect is strongest from about 30 to 60
days after randomization after which the gap between treatment and control
narrows. The difference between the survivor functions can be tested non-
parametrically using a Kolmogorov-Smirnov test of the censored distribution
of unemployment durations. A one-sided test of the null that the distribution
of durations for the treatment group first order stochastically dominates that
of the control group rejects the null at the 10 percent level (p-value 0.086).
This indicates that there is some unemployment duration length for which
the treatment group has a lower probability of being unemployed16 and pro-
vides some confirmation of the graphical intuition that the treatment group
appears to have a lower unemployment duration over a particular range.

16A two-sided test of the equality of the unemployment durations for treatment and
control yields a p-value of 0.157
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To further investigate potential effects on employment, I test the dif-
ference between treatment and control in the (unconditional) probability of
employment at each possible duration. In particular I estimate:

I [di ≤ X] = α + βTi + si + εi (6)

where di is the unemployment duration of person i, X is an integer, Ti is
an assignment to treatment dummy, and si is a strata fixed effect. So, β
gives the ITT effect on the probability that unemployment duration is less
than or equal to X, i.e. testing the impact of treatment on unemployment
duration at each point on the survivor function. Figure 10 graphs the results
of repeating this regression for all X between 1 and 90. This formalizes the
intuition above that treatment appears to have no effect on the probability
of employment during the first month after treatment but then has a large
effect, increasing the probability of employment by up to 10 percentage points
in the 35-55 day range, a difference that is statistically significant. After
two months, this difference shrinks and becomes statistically insignificant.
While care needs to be taken in testing a large number of hypotheses in
this manner, the results have a clear pattern indicating that treatment has
a strong effect in reducing durations in the second month after treatment.
Figure 11 displays the impact of treatment starkly by plotting the density of
unemployment durations for the treatment and control groups. Treatment
causes a leftward shift in probability density, with members of the treatment
group much more likely to experience durations of 20 to 50 days and much
less likely to experience durations of 50 to 80 days.

Given that the impact of treatment appears to differ considerably across
the distribution of unemployment durations, examining the results of quantile
regressions is useful. If the distribution of unemployment durations is G (d)
then the τ quantile of unemployment durations can be defined as :

Q (τ) = G−1 (τ)

In other words, Q (τ) is the unemployment duration length corresponding to
the τ percentile, so for τ equal to 50, Q (50) is the median unemployment
duration. To test the impact of treatment on any quantile, I consider the
conditional quantile function:

Q (τ |T ) = ατ + βτT

20



where ατ is the τ quantile for the control group and βτ measures the im-
pact of treatment on the τ quantile. I estimate this conditional quantile
function for every 5th quantile up to the 45th quantile using a bootstrap
with 1,000 repetitions to estimate standard errors.17 Table 7 provides the
results of these estimations with each row representing a different quantile.
For example, the first row shows the estimates for the 5th quantile, indicat-
ing that 5 percent of the control group finds employment within 8 days and
treatment increases this by a statistically insignificant 1 day. As expected,
there are no major differences between the treatment and control groups at
low quantiles. However, in the middle range treatment has a large impact
in reducing unemployment durations. Treatment causes the 30th percentile
of the unemployment duration to drop by two weeks, from 49 to 35 days,
and the 35th percentile drops by three weeks, from 58 to 37 days. Effects
for higher quantiles are likewise large but larger standard errors make the
estimates statistically insignificant. Altogether, these results indicate that re-
ceiving the transit subsidies has a strong effect on unemployment durations,
reducing mid-length durations by about two weeks. Thus, this modest public
transit subsidy appears to have a strong short-run effect on unemployment
durations.

For employment as well as other outcomes, I will test differences in the
means as well. To analyze the impact of treatment on these mean outcomes,
I consider the following regression:

Yi = α + βTi + δZi + si + εi (7)

where all variables are as before except that Yi is an outcome variable and Zi
is a vector of individual-level demographic and labor market history control
variables. For all outcomes, I include results with and without Zi.

The first three rows of Table 8 replicate previous analysis of unemploy-
ment durations. The first two rows estimate equation (7) using a dependent
variable dummy for being employed at 40 days and at 90 days as the out-
come. The first two columns provide (weighted) means for the treatment
and control groups while the third and fourth columns report on the coeffi-
cient on treatment from (7). The results confirm the previous discussion that
the impact of treatment on employment probability is strong, 9 percentage
points, in the second month but diminishes to a statistically insignificant 4

17I cannot estimate impacts over the 45th quantile because of censored durations.
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to 5 percentage points thereafter. Similarly, comparison of mean unemploy-
ment duration, conditional on duration less than 90 days, yields a negative
point estimate of about 3 days, though it is statistically insignificant.

6.3 Wages and Earnings

Both the search model discussed above and the spatial mismatch hypothesis
predict effects not only on unemployment duration but also on wages. The
next two rows of Table 8 examine the impact of treatment on weekly earn-
ings and wage rates. Earnings are computed for the whole sample with hours
assumed to be zero if an individual is unemployed.18 Meanwhile, wage rates
are measured only conditional on being employed within 90 days. In testing
the impact on earnings, I find a relatively large but statistically insignificant
impact of treatment on earnings with a point estimate of 16 dollars per week.
However, if this effect exists, wage rates for the sub-sample of employed in-
dividuals do not appear to drive the difference in earnings. The treatment
group receives wage rates that only marginally differ from the control group,
and even this difference shrinks when controlling for demographics that may
be related to selection into employment. Together, the results for earnings
and wage rates indicate that treatment does not appear to have large ef-
fects on reservation wages. This is perhaps not so surprising. First, the job
search model predicts that impacts in reducing unemployment duration will
be greatest when wage effects are smallest. Given the strong impact of treat-
ment in decreasing durations, theory would predict that the wage effects
should be small. Second, by far the modal wage in the sample is the DC
minimum wage of $8.25. If the minimum wage binds so that individuals are
willing to accept all employment offers, even an increased reservation wage
may not affect the distribution of accepted wages.

6.4 Search Intensity

From the theory, we would expect two possible mechanisms for a treatment
that reduces the marginal cost of search to decrease unemployment durations.
First, it should generate more intense search over a given geographic area.
Second, it could cause individuals to search over a broader area. I measure

18Actual hours are used when available. For much of the sample, though, they are
estimated by assuming 20 hours for part-time employment and 40 hours for full-time
employment.
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these search outcomes using administrative records from Jubilee Jobs on jobs
applied to and interviewed for by each individual using data on the number,
timing, and location of these potential employers. Given non-random selec-
tion of individuals out of job search (into employment) and likely poor recall
by individuals of job application histories, I use only administrative data for
these outcomes and focus on job search during the two weeks after treatment
assignment. This also has the merit of examining a time when the in-kind
treatment subsidy was not yet exhausted.

I use three different complementary measures of search intensity: an in-
dicator of whether any search action was taken, the number of search actions
in the two weeks after treatment assignment, and the number of days until
the first search action is taken. For all of these, applying to a job and in-
terviewing for a job are generically referred to as search actions. Given the
experimental random assignment, treatment effects can be ascertained from
a simple comparison of means.

Table 9 provides these results, which offer some evidence that treatment
leads to greater search intensity. Individuals assigned to treatment take
0.34 more actions, an increase in search intensity of 15 percent, though this
difference is only significant at the 10 percent level. While treatment has
no effect in increasing the fraction of people who take at least one action,
the treatment group starts searching sooner, taking their first search action
about one half of a day sooner on average, conditional on taking at least
one action, though this is statistically insignificant. Together, these results
provide some evidence that treatment does in fact encourage greater search
intensity by decreasing marginal search costs.

6.5 Search Scope

Another path toward increasing search intensity lies in increasing the ge-
ographic scope of search. To test this channel, I measure the impact of
treatment on distance travelled to search for work and distance travelled to
work. I measure search distance as the distance between the home address
of the individual and the address of the first job for which the individual
applies or interviews, using travel time by public transit as the notion of
distance.19 Distance to work is measured similarly using recorded home and

19Travel time is computed as the shortest trip on public transit from the individual’s
address to the employer’s address on Monday at 8:00 a.m. according to WMATA’s on-line
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work locations. For both variables, I handle those who have no observed
search/work location in two ways. I first consider the impact of treatment
with the entire sample, assigning a distance of zero to thsoe who do not
search/work. Second, I examine the impact of treatment in the sub-sample
that searches/works.

Table 10 reports the impact of being assigned to treatment on search
distance. The point estimate for the impact of being assigned treatment
is large but statistically insignificant with the treatment group travelling 2
to 3 minutes further, an increase of 4 to 7 percent. The point estimates
for the impact on commute distance to work are larger, with the treatment
group travelling 6 to 20 percent further to work, depending on the means
of measuring. However, the point estimates are statistically insignificant.
So, these results provide some suggestive but not definitive evidence that
transit subsidies remove a binding constraint on applying to and engaging in
employment further from home.

7 Extensions

7.1 Spillovers and Treatment Externalities

I rely on individual-level randomization of public transit subsidies to iden-
tify the impact of these subsidies on job search and labor market outcomes.
However, this approach can be biased if treatment of particular individuals
spills over and affects other members of the sample. In particular, if the
spillovers differ systematically between treatment and control individuals, a
simple comparison of means gives a biased estimate of treatment effects.

For example, each individual in the sample coordinates their job search
with a staff member of Jubilee Jobs, referred to as their job counselor, who
is aware of their treatment status. If transit subsidies and job counselor
effort are complementary inputs in making job placements, job counselors
with a large caseload and scarce time may optimally shift effort toward those
receiving treatment and away from those not receiving treatment. In this
situation, we would expect individuals to be worse off when they share a job
counselor with other people who are receiving the subsidies. If job counselors
are in fact exerting less effort on the control group than they would in the

Trip Planner. For some individuals, such routes do not exist at 8:00 a.m. on Monday. For
these individuals I measure the value as close to 8:00 a.m. as possible.
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absence of the experiment, the estimated effect of treatment could be over-
stated. Alternatively, if transit subsidies do reduce unemployment durations
for the treatment group, the existence of the experiment could reduce the
total workload of a job counselor mechanically by removing individuals from
their caseload. This would benefit those individuals who are still looking for
work, who would disproportionately be members of the control group. In
this case, individuals would benefit when others working with the same job
counselor were assigned to treatment, and positive spillovers from freeing up
staff time could cause treatment effects to be understated.

To estimate the direction and magnitude of treatment spillovers, I exploit
the cohort timing of the study and the fact that each member of the sample
was assigned to a single Jubilee Jobs job counselor. As described above, the
most plausible treatment externalities occur when two individuals share the
scarce time of the same job counselor. So, I measure the fraction of treated
individuals that share the same job counselor in the same cohort and examine
whether having a large fraction of these ‘neighbors’ treated has any impact
on unemployment duration and other outcomes. Formally, for person i with
job counselor j at time t, I consider the linear regression:

Yijt = α + βTi + γT (i)jt + δZi + si + εijt (8)

where T (i)jt is the fraction of individuals from job counselor j in cohort t
who were assigned to treatment, excluding individual i.20 All other variables
are as before. In this regression, the coefficient γ measures the direction
and magnitude of treatment spillovers on individuals sharing a job counselor
in the same cohort, and β estimates the individual-level treatment effect
of receiving subsidized transit without contamination from spillovers. This
specification is similar in spirit to Miguel and Kremer (2004) who examine
treatment spillovers of a public health intervention, using a geographic area
as the neighborhood in which treatment externalities exist. If individuals
are affected by whether their job counselor-cohort ‘neighbors’ are receiving
transit subsidies, it would disproportionately affect members of the control
group whose ‘neighbors,’ due to the stratified randomization, are more likely
to be from the treatment group. So, controlling for T (i)jt should allow me to
measure a treatment effect unbiased by spillovers.

20I drop the fifteen observations with no other individuals in their cohort-job counselor
group.
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The results from these regressions are displayed in Table 11. For various
outcome variables, I investigate the impact of treatment with and without
controlling for spillovers. Each pane of Table 11 corresponds to a different
outcome variable and each pane contains the results of two regressions. In
the first column, I replicate the previous results from equation (7), which as-
sume no treatment spillovers. In the second column, I analyze equation (8)
which controls for spillovers within a job counselor-cohort. For example, the
top-left pane of Table 11 provides results where the outcome is an indicator
of employment within 40 days. The first column of the first pane replicates
previous results, indicating that under the assumption of no spillovers treat-
ment increases the probability of employment by 9 percentage points. As
the second column indicates, controlling for potential spillovers increases, if
anything, the estimated individual-level effect of receiving transit subsidies.
After controlling for these spillovers, I estimate the treatment effect to be a
slightly larger, 11 percentage point increase in the probability of being em-
ployed. This occurs despite the fact that large treatment externalities appear
to exist because the spillovers are positive spillovers. The coefficient of 0.26
indicates that for a given individual, if all other individuals working with the
same job counselor receive subsidized transit, this individual’s probability of
employment will increase by twenty-six percentage points relative to a sit-
uation where no one working with that job counselor receives the subsidy.
In other words, positive treatment externalities exist whereby having close
‘neighbors’ treated improves one’s own employment outcomes.

These results indicate that the stronger assumption of no treatment spillovers
has little impact on measured treatment effects. The previously measured
individual-level effect of treatment on reducing unemployment durations is
robust to controlling for treatment spillovers and if anything increases when
doing so. This occurs because control group members are mechanically more
likely to have treated ‘neighbors’ and thus benefit more from the positive
treatment externalities, leading the original estimation to have a slight bias
toward zero. This evidence is consistent with the idea that when some indi-
viduals find employment more quickly due to the subsidies, this reduces the
workload of job counselors, allowing them to focus more effort on everyone
else, and those remaining are disproportionately from the control group.

The remaining panes of Table 11 demonstrate similar results for other
important outcome variables. As before, the treatment effect on employment
within 90 days is smaller in magnitude. The treatment externalities for it
show a pattern similar to what was found before, with the previous estimates
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providing a lower bound for the individual-level treatment effect. For wage
rates, search intensity, and search scope similar results are obtained when
controlling for treatment spillovers. If anything, measuring treatment effects
while disregarding spillovers appears to produce a lower bound for the actual
impact of treatment.

7.2 In-Kind Subsidies and Infra-marginality

As discussed above, the treatment group in this study was offered a pack-
aged bundle of transportation subsidies including both a fee-reducing public
transit card and $50 of in-kind subsidies to pay for bus and train fares. As
commonly discussed with in-kind subsidies like housing vouchers and food
stamps, the in-kind transit subsidy could be infra-marginal resulting in ef-
fects identical to an equal size cash grant. Standard microeconomic theory
indicates that in-kind subsidies will ‘stick’ only if the recipient would opti-
mally spend less than the subsidy amount in the absence of subsidies, but
they will be infra-marginal, and thus equivalent to cash, if the individual
would already choose to consume more public transit than the subsidy value
even in the absence of the transfer. The model introduced in section 2 can
be extended to model in-kind subsidies, and if this transfer is not fungible at
the margin, the in-kind transit subsidies have an effect similar to reducing
the marginal cost of search, resulting in greater search intensity and a higher
reservation wage. But if the transfer is infra-marginal, the subsidy acts as
income, resulting in lower search intensity and a higher reservation wage.
Thus, if the potential infra-marginality of in-kind transfers is important, we
should see different effects on search intensity and similar effects on wages
for these two groups.21

Ideally, one would test for heterogeneous effects across individuals with
different ex-ante desired levels of transit spending. Unfortunately, I have
only transit spending data for the treatment group and no baseline informa-
tion on transit spending. Lacking these direct measurements, I investigate
how treatment effects differ for individuals who deposit larger balances of
their own money onto their transit cards and those who deposit little or no
balance.22 In the treatment group, depositing additional balances onto the
transit cards indicates that an individual has a demand for public transit

21Theoretical results available upon request.
22I divide the sample at the median of $10.35.
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exceeding the $50 balance provided to them. According to the theory, the
in-kind portion of the treatment should be infra-marginal for this group. On
the other hand, individuals who do not deposit their own money onto the
card can be considered those for whom the in-kind constraint binds, so that
receiving the transfer results in greater transit spending than would occur its
absence. Of course, there could be other reasons for deposit behavior, but
deposit behavior should provide a decent proxy for testing whether infra-
marginality plays an important role in the results.

One technical problem prevents simply comparing treatment effects be-
tween those who deposit more versus those who deposit less. In my data,
the members of the control group do not receive cards and thus cannot be
classified according to deposit behavior.23 This prevents a clean compar-
ison of treatment individuals in the depositing and non-depositing groups
to the relevant control group. To generate a control group, I turn to non-
experimental methods, using kernel-weighted propensity score matching to
generate matched control groups for both the depositing and non-depositing
groups. To use this method, I assume that selection occurs only on ob-
servable demographic and labor market history variables. While requiring
stronger identifying assumptions, this method provides a reasonable way to
see if treatment effects vary in a way consistent with infra-marginal in-kind
subsidies.

Table 12 reports the results of measuring treatment effects first for the
sub-sample of individuals who deposit less than the median amount onto
their cards and then for those over the median. Behavior consistent with
infra-marginal in-kind subsidies would predict that the sign on job search
intensity should switch from positive in the left pane to negative in the right
pane and that wage effects should be positive in both panes. The results do
not provide support for these predictions. Treatment effects are not statisti-
cally different for the number of search actions or employment probabilities.
The one statistically significant difference (10 percent level) between the two
groups comes in the effect on wages. In the potentially infra-marginal group,
treatment decreases wages by $1.05 and in the binding group they increase
by $0.59. While these tests have low power, the results are inconsistent with
what we would expect from the theory if the fungibility of in-kind transfers
is a major issue. Search behavior of depositers and non-depositers respond
to subsidies similarly. This result suggests that treatment either operates

23In any case, deposit behavior would be affected by treatment.
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through the fee-reducing card itself or that in-kind subsidies are not fungible
in this sample.

7.3 Cost-Benefit Calculations

As has been demonstrated, individuals receiving subsidized public transit
through this experiment benefitted from reduced unemployed durations. In
this section, I consider whether these benefits outweigh the direct costs of
the subsidies as well as the value of staff time required to oversee the pro-
gram. In particular, I will examine whether the additional earnings gained
from reduced unemployment durations offsets program costs. Using these
reduced form results, I am unable to give a complete cost-benefit analysis
because they do not allow me to address equilibrium search externalities or
the welfare value of leisure time lost while searching more intensively. In
an on-going, companion study, I am investigating some of these issues by
applying a structural search model directly to the experimental data. How-
ever, this analysis provides a first estimate of the cost-effectiveness of public
transit subsidies.

The earnings gained from receiving treatment can be expressed as:

∆E = −
(
d̄T ∗ w̄T − d̄C ∗ w̄C

)
= −

(
d̄T − d̄C

)
∗ w̄

where d̄i is average unemployment duration, w̄i is average daily earnings,
and i denotes the treatment and control groups. Given the results above, I
assume that treatment has no effect on wages, leading to the second equality.

Censored unemployment durations provide the main challenge in mea-
suring the total change in earnings due to receiving transit subsidies. While
the results above indicate a strong impact of treatment on unemployment,
censoring prevents me from expressing this in terms of a difference in uncen-
sored means,

(
d̄T − d̄C

)
. To estimate this difference, I make the simplifying

assumption that durations follow an exponential distribution where the haz-
ard rate of leaving employment depends on treatment.24 In other words:

Fd (di) = 1− hie−hidi
where hi = α + βTi

24Note that this is consistent with the search model in Section 2, which implies a constant
hazard rate and thus an exponential distribution of durations.
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where hi is the hazard rate of leaving unemployment that differs between
treatment and control groups. Given these assumptions the effect of treat-
ment on total earnings can be written:

∆E = −
[
d̄C
(
hC
hT
− 1

)]
∗ w̄

Table 13 shows the parameters that I use to estimate ∆E. To estimate
average daily earnings, I simply assume the value in the data for the sub-
sample that has gained employment within 90 days. At an hourly rate $9.82
and for an average 30.6 hours per week, this works out to $42.91 per day.
To estimate the uncensored mean of unemployment durations in the control
group, d̄C , I assume an exponential distribution and estimate the extended
mean of the censored data. As shown in Table 13 I find it to be 147.5 days.

The remaining parameter, hC
hT

, is the inverse of the hazard ratio of finding
employment in the treatment group versus the control group. I estimate the
hazard ratio by maximum likelihood, assuming an exponential distribution
and taking into account the strata of randomization:25

Fdi (d) = 1− (α + βTi + si) e
−α+βTi+si

This provides an estimate of the hazard ratio of 1.25, indicating that individ-
uals in the treatment group leave unemployment at a rate 25 percent faster
than the control group.

Altogether, these estimates imply that being assigned to the transit sub-
sidy groups causes the mean unemployment duration to decrease by an av-
erage of 30 days. At the given wage rate and number of hours, this implies
a $1,280 increase in earnings as a result of being assigned to receive transit
subsidies. This valuation of the benefits of treatment exceeds the cost by an
order of magnitude. The direct cost of treatment was, at most, $60 due to
purchasing two transit cards for $5 each and adding a $25 balance to each
card. Even a very generous accounting of administrative costs still leaves
costs far below benefits. For instance, assuming 20 hours of time per week
devoted to administering treatment over the 8-month course of the program
at a cost of $25 per hour leads to a total administrative cost of $16,000, or
about $80 per treated individual. Even a very large hourly rate of $50 per
hour leaves administrative costs at $160 per treated individual. While many

25Estimating the hazard ratio using a Cox proportional hazards assumption provides a
nearly identical estimate of 1.24.
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effects are left out of this estimate, including the within-sample treatment ex-
ternalities, general equilibrium effects of increased search intensity, and the
value of leisure to the job-seekers, these back-of-the-envelope calculations
provide a strong indication that public transit subsidies pass a cost-benefit
test in this case.

8 Conclusion

This paper reports results from a randomized experiment that provided a
transportation subsidy package consisting of a fee-reducing public transit
card and a $50 in-kind transit subsidy to low-wage job seekers in Wash-
ington, DC. I find that being assigned to receive transit subsidies decreases
unemployment durations for a sample of individuals with limited access to
jobs. In particular, there is a large effect in the short-run with the 30th
percentile of unemployment durations decreasing by two weeks, from 49 to
35 days. Meanwhile, I find no impact of treatment on wage rates. The un-
employment effect is quantitatively large, and I estimate that by ending un-
employment durations sooner, subsidies increase earnings for the treatment
group by approximately $1,280 per person at a program cost of $140, in-
cluding administrative costs. While I cannot provide a complete cost-benefit
accounting, these results indicate that transit subsidies can be a cost-effective
way to improve labor market outcomes for low-wage, urban job-seekers.

I also find some suggestive evidence that increased search intensity is the
mechanism by which these transit subsidies reduce unemployment durations.
This evidence suggests that members of the treatment group apply to more
jobs and jobs further from home. While I find that unemployment durations
decrease in response to this uptick in search intensity, I find no evidence that
job seekers respond to the broader pool of feasible jobs by becoming more
selective regarding which wages to accept. These results are consistent with
job search theory, which predicts that lower search costs will lead to greater
search intensity and that individuals can choose to translate more search
intensity into either lower unemployment durations or higher wages.

This study provides the first experimental evidence supporting the theory
of spatial mismatch, the idea that living in a neighborhood far from avail-
able jobs can reduce employment opportunities due to high search costs. This
evidence indicates that subsidizing public transit costs for job seekers from
such areas can stimulate employment by enabling them to search for work
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more intensely. In particular, I find these results for a group of individuals
who are largely disconnected from the labor market, with a mean baseline
unemployment duration of almost 2 years, and who have many barriers to
employment. These results are particularly relevant in the current economic
environment, where long unemployment durations have become dramatically
more common. At a cost of $60 per treated subject, this intervention repre-
sents a cost-effective means for getting such individuals back to work more
quickly.

As with any small-scale experiment, context matters a great deal, but it
is simultaneously beyond the reach of the experiment to delineate what parts
of the context were necessary for the measured results. I find that transit
subsidies have a large labor market impact in this sample, but these results
will not translate to all situations. It is impossible to know for certain with-
out further research, but Washington’s high degree of residential segregation
and its extensive (relative to other U.S. cities) public transit system are likely
important components in the outcome of this experiment. Additionally, indi-
viduals in this study were already actively seeking low-wage employment and
receiving job search support services. As such, the sample in this study form
a selected sample of motivated job-seekers who were receiving other profes-
sional support. As a result, it is not clear how a representative sample of the
urban unemployed would respond to transit subsidies. As a result, my find-
ings are most pertinent to individuals who are already seeking employment
with the assistance of public or private employment agencies. Nonetheless,
I find that a modest transit subsidy can encourage greater job search and
lead to significantly better labor market outcomes for minority individuals
seeking low wage employment in an urban, U.S. labor market.
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9 Theory Appendix

9.1 Search Intensity Comparative Static

As an initial step, note that substituting (2) into (1) results in:

w∗ = b+ (α− 1)
∫
δ γλ (δ)α g (δ) dδ

Taking the derivative of this with respect to γ gives us an alternate expression
for ∂w∗

∂γ
:

∂w∗

∂γ
= (α− 1)

∫
δ λ (δ)α g (δ) dδ + (α− 1)

∫
δ γλ (δ)α−1 g (δ) ∂λ(δ)

∂γ
dδ (A1)

Now consider (2) and take the derivative with respect to γ:

αλ (δ)α−1 g (δ) + α (α− 1) γλ (δ)α−2 g (δ) ∂λ(δ)
∂γ

= −(1−F (w∗))
r

∂w∗

∂γ
(A2)

Substituting (A1) into (A2), re-arranging terms, and changing the variable
of integration provides:

α (α− 1) γλ (δ)α−2 g (δ) ∂λ(δ)
∂γ

+ (1−F (w∗))(α−1)
r

∫
s γλ (s)α−1 g (s) ∂λ(s)

∂γ
ds =

− (1−F (w∗))
r

(α− 1)
∫
s λ (s)α g (s) ds− αλ (δ)α−1 g (δ)

Defint Γ (δ) such that:

Γ (δ) = (1−F (w∗))
r

(α− 1)
∫
s λ (s)α g (s) ds+ αλ (δ)α−1 g (δ) > 0

so that

α (α− 1) γλ (δ)α−2 g (δ) ∂λ(δ)
∂γ

+ (1−F (w∗))(α−1)
r

∫
s αγλ (s)α−1 g (s) ∂λ(s)

∂γ
ds =

−Γ (δ) < 0 (A3)

Multiplying both sides by (1−F (w∗))λ(δ)
r

, integrating over δ, and some re-
arranging results in:

(1−F (w∗))(α−1)
r

∫
δ αγλ (δ)α−1 g (δ) ∂λ(δ)

∂γ
dδ =

−
∫
δ

Γ(δ)[1−F (w∗)]λ(δ)dδ

r+
∫
δ
[1−F (w∗)]λ(δ)dδ

(A4)

Substituting (A4) into (A3) along with some re-arranging yields:

α (α− 1) γλ (δ)α−2 g (δ) ∂λ(δ)
∂γ

=
−rΓ(δ)+

∫
s
[Γ(s)−Γ(δ)][(1−F (w∗))λ(s)]ds

r+
∫
s
(1−F (w∗))λ(s)

ds
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From the definition of Γ (t):

Γ (s)− Γ (δ) = αλ (s)α−1 g (s)− αλ (δ)α−1 g (δ) = 0

where the final equality follows from (2). Thus:

α (α− 1) γλ (δ)α−2 g (δ) ∂λ(δ)
∂γ

= −rΓ(δ)

r+
∫
s
(1−F (w∗))λ(s)

ds

which is the desired result.

9.2 Reservation Wage Comparative Static

Recall equation (1):

w∗ = b−
∫
δ γλ (δ)α g (δ) dδ +

∫
δ λ (δ)

∫∞
w∗

w−w∗

r
f (w) dw dδ (1)

Taking the derivative of both sides with respect to γ implies:

∂w∗

∂γ
= −

∫
δ γλ (δ) g (δ) dδ +

∫
δ λ (δ)

∫∞
w∗

(
−1
r

)
∂w∗

∂γ
f (w) dwdδ

where the impact of γ on λ (δ) has been ignored due to an envelope condition.
To get the final result, simply note that ∂w∗

∂γ
can be pulled out of the integral.

Then, evaluating the integral and re-arranging leads to the result.
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Table 1: Recruitment and Compliance

Number Proportion

Total 775 1.00

Recruited 468 0.60

Treatment 208 0.44
Cards Received

0 21 0.10
1 80 0.38
2 105 0.50
3 2 0.01

Control 260 0.56
Cards Received

0 260 1.00

Not Recruited 307 0.40

Not Eligible 17 0.06
Refused 290 0.94
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Table 2: Baseline Characteristics, Recruited and Non-Recruited

Recruited Not Recruited Difference p-value
Mean SD Mean SD

Black 0.98 0.13 0.96 0.16 0.02 0.02**

Age 40.47 11.50 40.28 11.02 0.19 0.78

Male 0.58 0.49 0.61 0.45 -0.03 0.31

No HS Diploma 0.20 0.40 0.18 0.36 0.02 0.38

HS Diploma 0.56 0.50 0.54 0.45 0.02 0.57

Some College 0.19 0.39 0.16 0.34 0.03 0.24

College Graduate 0.05 0.21 0.05 0.20 0.00 0.76

Ex-Offender 0.50 0.50 0.46 0.45 0.04 0.16

Public Assistance 0.66 0.47 0.49 0.46 0.17 0.00***

Employed 0.11 0.31 – – – –

Duration of Most Recent Job 2.24 3.24 – – – –
(Median) (1.03)
Current Unemployment Duration 1.76 3.16 – – – –
(Median) (0.90)
Pct of Last Five Years Employed 0.46 0.30 – – – –

Most Recent Wage 10.04 5.44 – – – –

Most Recent Wage Missing 0.10 0.30 – – – –

Immigrant 0.10 0.30 0.10 0.27 0.00 0.96

Driver’s License 0.45 0.50 0.45 0.45 0.00 0.99

Access to a Car 0.09 0.29 0.14 0.30 -0.05 0.01***

Maryland Residence 0.16 0.37 0.14 0.32 0.02 0.30

Virginia Residence 0.02 0.14 0.02 0.14 0.00 0.71

Source: Baseline administrative data. Difference is an unweighted comparison of means.
1, 5, and 10 percent statistical significance are denoted by ***, **, and * respectively.
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Table 3: Randomization Test for All Individuals

Treatment Control Treatment-Control
Mean SD Mean SD Difference p-value

Age 40.05 11.20 41.01 11.50 -0.94 0.40

Male 0.58 0.50 0.56 0.50 0.01 0.79

No HS Diploma 0.19 0.39 0.20 0.40 0.01 0.89

HS Diploma 0.55 0.50 0.57 0.50 -0.03 0.54

Some College 0.20 0.40 0.19 0.39 0.00 0.96

College Graduate 0.06 0.24 0.04 0.18 0.03 0.20

Ex-Offender 0.50 0.50 0.49 0.50 0.01 0.89

Public Assistance 0.66 0.47 0.67 0.47 -0.01 0.87

Employed 0.10 0.30 0.11 0.31 0.00 0.89

Duration of Most Recent Job 2.37 3.38 2.10 3.17 0.28 0.40
(Median) (1.17) (1.00)
Current Unemployment Duration 1.99 3.50 1.81 3.12 0.15 0.64
(Median) (0.90) (0.97)
Pct of Last Five Years Employed 0.49 0.29 0.47 0.29 0.01 0.76

Most Recent Wage 10.86 6.05 10.11 4.56 0.61 0.29

Most Recent Wage Missing 0.08 0.27 0.05 0.22 0.04 0.21

Immigrant 0.13 0.33 0.08 0.27 0.04 0.15

Driver’s License 0.42 0.49 0.49 0.50 -0.07 0.12

Access to a Car 0.08 0.27 0.12 0.33 -0.04 0.11

Maryland Residence 0.15 0.36 0.17 0.38 -0.02 0.58

Virginia Residence 0.01 0.09 0.03 0.17 -0.02 0.08*

Source: Baseline administrative data. Difference is from a regression of the baseline characteristic
on a treatment dummy and dummies for the strata of randomization. Means are computed by weighting
individuals by the inverse probability of treatment for their cohort. 1, 5, and 10 percent statistical
significance are denoted by ***, **, and * respectively.
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Table 4: Attrition

Whole Sample Treatment Control
Cards Number Proportion Number Proportion Number Proportion

Non-Attriters 427 0.91 190 0.91 237 0.91
-Administrative Data 289 0.62 133 0.64 156 0.60
-Phone Survey 138 0.29 57 0.27 81 0.31
Attriters 41 0.09 18 0.09 23 0.09
Total 468 1.00 208 1.00 260 1.00
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Table 5: Randomization Test for Analysis Sample Only

Treatment Control Treatment - Control
Mean SD Mean SD Difference p-value

Age 40.00 11.12 41.12 11.39 -1.09 0.34

Male 0.57 0.50 0.57 0.50 0.00 0.95

No HS Diploma 0.19 0.39 0.19 0.40 0.01 0.74

HS Diploma 0.56 0.50 0.58 0.50 -0.02 0.68

Some College 0.19 0.39 0.19 0.39 -0.01 0.75

College Graduate 0.06 0.24 0.04 0.19 0.02 0.36

Ex-Offender 0.50 0.50 0.48 0.50 0.02 0.72

Public Assistance 0.66 0.47 0.68 0.47 -0.01 0.83

Employed 0.10 0.30 0.11 0.31 -0.01 0.65

Duration of Most Recent Job 2.23 3.24 2.18 3.25 0.05 0.88
(Median) (1.08) (1.00)
Current Unemployment Duration 2.03 3.65 1.76 3.10 0.24 0.49
(Median) (0.81) (0.93)
Pct of Last Five Years Employed 0.49 0.30 0.48 0.29 0.00 0.99

Most Recent Wage 11.17 6.03 10.34 4.43 0.68 0.25

Most Recent Wage Missing 0.06 0.24 0.03 0.18 0.04 0.20

Immigrant 0.13 0.34 0.08 0.27 0.05 0.11

Driver’s License 0.43 0.50 0.50 0.50 -0.07 0.17

Access to a Car 0.08 0.27 0.12 0.33 -0.04 0.13

Maryland Residence 0.14 0.35 0.16 0.37 -0.03 0.42

Virginia Residence 0.01 0.10 0.03 0.16 -0.02 0.20

Source: Baseline administrative data. Difference is from a regression of the
baseline characteristic on a treatment dummy and dummies for the strata of randomization
Means are computed by weighting individuals by the inverse probability of treatment for their cohort.
1, 5, and 10 percent statistical significance are denoted by ***, **, and * respectively.
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Table 6: CPS Comparison

Experimental Data 2010 CPS 2010 CPS 2010 CPS
Sample All All Working Age Unemployed Unemployed, Black

Metro Area

Less Than High School 20 13 19 17
HS Diploma 56 30 39 43
Some College 19 29 27 28
Bachelor’s or More 5 28 15 11
18-25 11 18 25 31
25-30 11 11 13 16
30-35 13 10 11 11
35-40 9 11 11 10
40-45 14 11 11 10
45-50 18 12 11 9
50-55 13 11 9 7
55-60 7 10 7 4
60+ 1 8 4 3
Percent Female 42 51 39 41

N 468 128,845 9,473 1,511

All data are listed in percentages. Means in the experimental sample are unweighted.
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Table 7: Employment Duration Quantile Regressions

Quantile Coefficient on Constant Coefficient on Treatment
(Control Group Quantile)

5 8 1
(3)

10 15 -1
(3)

15 22 -5
(5)

20 29 -2
(6)

25 38 -7
(7)

30 49 -14**
(7)

35 58 -21**
(10)

40 70 -13
(15)

45 85 -12
(15)

1, 5, and 10 percent statistical significance are denoted
by ***, **, and * respectively. Standard errors are in
parentheses and bootstrapped with 1000 repetitions.
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Table 8: ITT Estimates for Employment Outcomes

Obs Control Treatment Difference Difference
Mean Mean (with baseline control variables)

Found Job within 40 Days 427 0.26 0.35 0.09** 0.09**
(0.05) (0.05)

Found Job within 90 Days 427 0.45 0.50 0.05 0.04
(0.05) (0.05)

Unemployment Duration 205 37.0 34.7 -2.5 -2.5
(Conditional on Working) (4.0) (3.9)
Weekly Earnings 424 134 154 21 16

(18) (18)
Wage Rate 202 9.59 10.03 0.26 0.07

(0.44) (0.41)

Standard errors are in parentheses in fourth and fifth columns. Treatment-control
differences come from a regression of the outcome on treatment. Both columns include a
vector of dummies for each randomization strata. The final column adds demographic
controls: age, age squared, gender, education dummies, and labor market history variables.
1, 5, and 10 percent statistical significance are denoted by ***, **, and * respectively.
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Table 9: ITT Estimates for Search Outcomes

Obs Control Treatment Difference Difference
Mean Mean (with baseline control variables)

Any Search Action Taken 465 0.90 0.88 -0.01 -0.00
(0.03) (0.03)

Number of Actions 465 2.33 2.72 0.34* 0.35*
(0.20) (0.20)

Time to First Action 418 13.31 12.38 -0.58 -0.65
(0.75) (0.80)

Standard errors are in parentheses in fourth and fifth columns. Treatment-control
differences come from a regression of the outcome on treatment. Both columns include a
vector of dummies for each randomization strata. The final column adds demographic
controls: age, age squared, gender, education dummies, and labor market history variables.
1, 5, and 10 percent statistical significance are denoted by ***, **, and * respectively.
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Table 10: ITT Estimates for Location Outcomes

Obs Control Treatment Difference Difference
Mean Mean (with baseline control variables)

Distance to Search Location 465 34.2 36.3 2.4 2.5
(Zero for Non-Searchers) (2.6) (2.7)

Distance to Search Location 396 40.9 42.3 1.9 1.7
(Conditional on Searching) (2.7) (2.7)
Distance to Work 422 19.2 22.5 3.9 3.3
(Zero for Non-Working) (3.0) (3.0)

Distance to Work 200 42.5 44.8 2.7 3.8
(Conditional on Working) (4.5) (4.8)

Standard errors are in parentheses in fourth and fifth columns. Treatment-control
differences come from a regression of the outcome on treatment. Both columns include a
vector of dummies for each randomization strata. The final column adds demographic
controls: age, age squared, gender, education dummies, and labor market history variables.
1, 5, and 10 percent statistical significance are denoted by ***, **, and * respectively.
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Table 11: Treatment Spillovers

Employed Within 40 Days Employed Within 90 Days
(1) (2) (1) (2)

Ti 0.09** 0.11** 0.04 0.06
(0.05) (0.05) (0.05) (0.05)

T (i)jt 0.26*** 0.17
(0.09) (0.11)

N 427 414 427 414
R2 0.18 0.20 0.12 0.11

Wage Rate Number of Search Actions
(1) (2) (1) (2)

Ti 0.07 0.28 0.35* 0.41*
(0.41) (0.45) (0.20) (0.21)

T (i)jt 1.37 -0.12
(0.94) (0.5)

N 202 193 465 450
R2 0.50 0.51 0.15 0.16

Distance to Search Location Distance to Work
(1) (2) (1) (2)

Ti 2.5 3.0 3.3 3.4
(2.7) (2.8) (3.0) (3.0)

T (i)jt 0.7 5.4
(5.8) (5.9)

N 464 449 422 410
R2 0.14 0.16 0.15 0.15

Standard errors clustered at the job counselor-cohort level are in
parentheses. All regressions control for a vector of dummies for each
randomization strata and demographic controls: age, age squared, gender,
education dummies, and labor market history variables. 1, 5, and 10
percent statistical significance are denoted by ***, **, and * respectively.
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Table 12: Inframarginality - Propensity Score Matching Estimates

Non-Depositors Depositors

Treatment Matched Difference Treatment Matched Difference
Control Group Control Group

Found Job 0.31 0.24 0.08 0.40 0.26 0.14**
within 40 Days (0.06) (0.06)
Found Job 0.49 0.43 0.06 0.53 0.47 0.06
within 90 Days (0.07) (0.07)
Job Search Actions 2.6 2.2 0.4 2.84 2.55 0.29

(0.3) (0.27)
Wage Rate 10.41 9.83 0.59 9.35 10.40 -1.05**

(0.69) (0.51)

Matched control group mean generated by kernel-weighted propensity score matching. Kernel is Epanechnikov
and the first-stage uses randomization strata, education dummies, gender, and labor market history
variables to predict treatment. Standard errors are in parentheses. 1, 5, and 10 percent statistical
significance are denoted by ***, **, and *.
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Table 13: Cost-Benefit Calculations

Parameter Estimate
Mean Wages 9.82

Average Hours 30.6

Average Daily Earnings 42.91

Control Group Mean 147.5
Unemployment Duration

Hazard Ratio 1.25

Cost-Benefit Analysis
Benefits

–Earnings Increase $1,280

Costs

–Subsidy $60

–Administrative $80

Net Benefits $1,140
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Figure 1: Employment Density (by Firm Location) in Zip Codes
Source: US Census Zip Code Business Patterns, 2008

Figure 2: Population Density of African-Americans by Zip Code
Source: US Census 2000
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Figure 3: Population Density of White-Americans by Zip Code
Source: US Census 2000

Figure 4: Residence of Experimental Sample by Zip Code
Source: Jubilee Jobs Administrative Data
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Figure 5: Available Vacancies by Zip Code
Source: Jubilee Jobs Administrative Data; April 2010 to April 2011

Figure 6: Card Usage by Day of the Week
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Figure 7: Card Usage by Hour of the Day

Figure 8: Gross and Net Usage of SmarTrip Cards
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Figure 9: Effect of Treatment on Unemployment Duration
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Figure 10: Effect of Treatment on Unemployment Duration: By Duration
Length
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Figure 11: Effect of Treatment on Unemployment Duration: Kernel Densities
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