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Abstract

Federal and state governments spend over $3 billion annually on public-
sector Vocational Rehabilitation (VR) programs, yet almost a third of peo-
ple with disabilities report having inadequate access to the transportation
necessary to commute to a job, potentially negating the positive effects of
these interventions. We examine this previously understudied connection
by assessing the impact access to public paratransit has on measures of
VR program effectiveness. To do so, we use the data and estimates from
three previously estimated structural models of VR service receipt and
labor market outcomes that contain limited information about mobility.
We spatially link the generalized residuals from these models to different
measures of the availability and efficiency of local paratransit systems to
determine whether paratransit explains any of the residual variation in
the short- or long-run labor market outcomes of individuals receiving VR
services. Results show that access to paratransit is an important deter-
minant of the efficacy of VR services, but that effects are heterogeneous
across disability groups. We discuss the policy implications of our findings
for VR programs.

1 Introduction

State vocational rehabilitation (VR) agencies provide services to people with
heterogeneous disabilities. For many clients, those same conditions also create
barriers to mobility. It has long-been recognized by those in the VR field that,

*We would like to thank Bob Schmidt for suggesting the approach to interpreting mainte-
nance services, John Pepper, Anastasia Semykina, and Emek Basker for valuable comments,
and numerous employees at paratransit agencies and independent living centers across the
state of Virginia for their help in making sense of our transportation data. All errors are
ours.



in addition to the support provided by VR agencies, quality transportation is
a prerequisite for employment (e.g., West et al., 1998; Arkansas RTC, 1992;
Schmidt and Smith, 2007; Magill-Evans et al., 2008; Sabella, Bezyak, and Gat-
tis, 2016). To that end, there were 62 federal programs that spent more than
$2.4 billion to fund transportation services for people with mobility issues in
fiscal year 2001 (U.S. GAO, 2003).! This compares to $3.2 billion spent on VR
programs in the same year (U.S. Department of Education, 2001). Yet the state
of the research on the connection between these two important types of public
programs is incomplete.

Recent work by Dean et al. (2015, 2017a, 2017b) (DPSS) makes progress
in addressing issues related to VR agency interventions. DPSS develop and
implement a methodology to evaluate the impact of VR service choices on the
employment and earnings outcomes of individuals with cognitive impairments,
mental illness, and physical disabilities. DPSS advance the existing literature by
developing a structural model that addresses the selection concerns that stem
from the individualized nature of VR service receipt. While their models control
for a limited set of measures of mobility, their focus is on the effect of service
receipt on the labor market outcomes of VR clients. Additionally, several of
their results suggest that the broad, self-reported transportation measures they
include provide an incomplete accounting of the transportation options available
to the individuals in their data. Particularly, DPSS include no direct measures
of an important form of transportation specifically operated for individuals with
disabilities: paratransit.’

For disabled people who do not have personal transportation available, pub-
lic paratransit is frequently their only other means of getting around, but there
is ample evidence of user frustration with the quality of specialized transporta-
tion (e.g., Weller, 1994; West et al., 1998; National Organization on Disability,
2000; National Council on Disability, 2005; Jolly, Priestley, and Matthews, 2006;
Schmidt and Smith, 2007; Magill-Evans et al., 2008; Denson, 2015).3 Addition-
ally, the availability of these systems varies widely: the national proportion of
counties providing demand-response service in 2013 was 79% (Mattson, 2015).*
This means that a non-trivial fraction of individuals with disabilities may re-
ceive extensive job training services from one set of federal and state agencies
but have no way to commute to a job because of the lack of effective transporta-
tion services provided by another set of agencies.” If so, the availability and

IStates and local governments spend several hundred million more dollars, but exact
amounts are not known (U.S. GAO, 2003).

2In 2000, the Federal Transit Administration reported that 73 million demand-response
rides were provided across the nation (Koffman, Weiner, and Raphael, 2003).

3 Common issues affecting perceived quality of public and/or specialized transportation are
accessibility, reliability, and cost (National Organization on Disability, 2000; Scheer et al.,
2003; National Council on Disability, 2005).

4 Mattson (2015) reports that, in Virginia, the state this study focuses on, only 57 out of
95 counties (58%) provided those services in 2013. The discrepancy between Virginia and the
national average may be overstated because the Virginia numbers exclude independent cities
which are much more likely to provide services.

SRidership on fixed-route public transit and paratransit systems increased dramatically
from 1984-1995 (Bearse et al., 2004) and then again from 1995-2005 (National Council on



quality of paratransit may play a large role in determining the labor market
outcomes of VR clients.’

However, just providing transportation may not be sufficient to get disabled
people to work. Rosenbloom (2007) argues that

“perhaps the most intractable issue in current debates is the
tendency of those in every other substantive field from education to
employment or from recreation to health care to assume that trans-
portation deficiencies account for all or most of the underutilization
of public and private services considered essential to the well-being of
those with disabilities. In fact, substantial research shows that most
people with disabilities face multiple barriers to both their mobility
and their ability to get an education or a job or to access a range of
public and private services from grocery stores to medical facilities.
The causes of and solutions to these problems are complex; policy
analysts must understand and address them in sophisticated ways
that extend beyond public transit networks and, indeed, beyond
transportation systems alone.”

Sabella, Bezyak, and Gattis (2016) make similar statements. If they are cor-
rect, then the availability of paratransit services alone is unlikely to affect labor
market outcomes in a meaningful way.

In this paper, we combine imperfect information about the availability of
specialized transportation for people with disabilities with the results in DPSS
to assess the impact access to and the efficacy of public paratransit has on VR
program effectiveness. The overarching methodological strategy is to use the
data, estimation methodology, and estimates in DPSS in concert with imper-
fect data on different measures of paratransit presence and usefulness that we
collect. We create a novel dataset by spatially linking the generalized residuals
from the previously estimated structural models of service receipt and labor mar-
ket outcomes to the characteristics of paratransit systems in each individual’s
community. The DPSS generalized residuals (Gourieroux et al., 1987) are asso-
ciated with models estimated using 10 years of merged administrative records
from the Virginia Department of Aging and Rehabilitative Services (DARS)
and the Virginia Employment Commission (VEC). DPSS track cohorts of in-
dividuals receiving VR services from DARS in fiscal year 2000. We augment
this information with paratransit data from the U.S. Department of Transporta-
tion for those same years to create a panel dataset covering 1997-2007. We use
these data to estimate correlations between measures of the extent and efficacy
of local paratransit and employment generalized residuals and conditional log
quarterly earnings generalized residuals. We then perform a series of pseudo-
Lagrange Multiplier tests (Checkovich and Stern, 2002; Friedberg and Stern,

Disability, 2005).

6 Jolly, Priestley, and Matthews (2006) find that people with disabilities are twice as likely
as people without disabilities to turn down a job because of lack of transportation in Great
Britain.



2014; Dean et al., 2017a) to measure the statistical significance of the paratran-
sit variables in explaining some of the residual variation in the labor market
outcomes. Given that we use data on only one cohort of individuals through
time, we compare correlations for a “beneficiary group” of individuals who do
not have other means of transportation and a “placebo group” of individuals
who do not have a need for paratransit services. This allows us to control for
macroeconomic factors affecting both groups and identify whether paratransit
is important in improving labor market outcomes of VR recipients. We base
these groups on two different definitions of people who are likely /unlikely to
benefit from paratransit services.

We make use of a novel methodology for two reasons. First, by building from
the DPSS generalized residuals, we implicitly deal with the selection concerns
that their model goes to great lengths to address. By testing whether paratransit
measures explain residual variation, we do so in a way that is both intuitive
and computationally tractable. Intuitively, we net out the structure, control
variables, and other complications from DPSS using techniques akin to those
frequently used in multiple regression contexts: partialling or projecting out the
effects of control variables. We then use triple difference techniques to evaluate
the importance of paratransit measures in explaining the net variation relative
to an unaffected baseline.

Second, because of uncertainty about the appropriate measures of available
paratransit and because of the existence of noise in our measures of availability,
we prefer testing over re-estimation of a DPSS-style model including some arbi-
trarily chosen measure of paratransit availability. One of the points of the paper
is to advertise some of the benefits of pseudo-Lagrange Multiplier test statistics
that work well in such a situation. Specifically, conditional on already having
estimated the models in DPSS,; the low computational cost of our methodol-
ogy allows us to easily experiment with multiple measures of the efficacy of
paratransit.” Additionally, we are able to conduct a sensitivity analysis that
indicates that our findings are somewhat robust to potential measurement error
in our paratransit variables. Such an analysis would not be feasible if we were
to re-estimate the complex DPSS models for each potential measure of para-
transit availability and each disability group. Alternatively, we could estimate a
simpler version of the DPSS models, but doing so would involve a difficult trade-
off. Dean et al. (2017a) compare estimates from their structural model to those
from less complex (probit and linear model) analogs. While estimates based on
the two approaches are qualitatively similar, there are some key differences that
lead DPSS to conclude that the modelling exercise is highly valuable.

Our results provide evidence that access to well-functioning paratransit is
an important determinant of the efficacy of VR services. We separately test
for the effectiveness of paratransit on employment and conditional log quarterly
earnings in both the short and long run. We do so for individuals with the
three different categories of disabilities analyzed in DPSS. Based on our pre-
ferred definitions of “beneficiary” and “placebo” groups, for VR clients with

7Of course, one should be aware of possible post-hoc testing bias.



cognitive impairments or mental illness, we find evidence that higher quality
public paratransit increases both the long-run probability of being employed
and earnings conditional on being employed. For clients with mental illness,
we also find evidence of positive, significant effects in the short run. Our most
robust findings are for individuals with physical impairments. For those VR
clients, both the existence and quality of paratransit is associated with signifi-
cant increases in employment and significant decreases in conditional earnings
in both the short and long run. This suggests that paratransit may open up
employment opportunities for physically disabled individuals who would other-
wise be unable to work despite assistance from the VR agency and may cause an
individual to accept jobs with lower pay because transportation costs are lower.
To determine whether our results are economically significant, we compare their
magnitudes to those of personal the transportation effects from DPSS. In doing
so, we find paratransit effects that are of the same order of magnitude as the
impact that access to personal transportation has on the employment outcomes
of VR clients. While the patterns of employment outcome effects are similar to
those found in DPSS as a whole, these patterns vary across groups and suggest
heterogeneous mechanisms are at work. We are unable to speak to the causes
of these differences directly, but further exploration of this intriguing variation
is ripe for future research. Overall, our results suggest that a well-functioning
paratransit system can augment the work done by VR agencies and improve the
labor market outcomes of their clients.

Our work makes several important contributions. First, we address what we
feel is a significant gap in the existing literature, as we know of no research that
directly looks at the connection between vocational rehabilitation and trans-
portation programs in improving outcomes for people with disabilities. Rosen-
bloom (2007) and Sabella, Bezyak, and Gattis (2016) point out the importance
of this connection for people with disabilities. We are able to productively add
to this discussion.

Putting aside the lack of research on the effects of multiple relevant pro-
grams (e.g., VR and transportation), the analysis of the effects of paratransit
systems on labor market outcomes is thin. The majority of previous work on this
topic has focused on demand for paratransit services (Stern, 1993; Fitzgerald
et al., 2000; Bearse et al., 2004; Goodwill and Joslin, 2013; Deka and Gonza-
les, 2014) or conducted cost-benefit analysis of paratransit systems (Nguyen-
Hoang and Yeung, 2010). What little work exists on the impact paratransit has
on labor market outcomes uses elementary methods. For instance, CES, Inc.
and TranSystems (2009) (CT) evaluate the Job Access and Reverse Commute
(JARC) and New Freedom (NF) programs for the Federal Transit Administra-
tion.® Rather than basing their evaluations of these programs on the impact
they had on actual outcomes relevant to the targeted population, CT provides

8The JARC and NF programs provide grants to assist communities with developing or
expanding their public transportation programs. The JARC program’s goal is to address the
transportation issues facing welfare recipients and low-income individuals, with a focus on job
access in suburban areas. The NF program specifically seeks to improve the mobility options
available to disabled people.



summary statistics of the expansion in system capacity, coverage, and usage
attributable to the programs. At best, the evaluation of the JARC program
provides a measure of job access, but this is calculated by determining the num-
ber of jobs per mile for a sample of routes, then multiplying this factor by the
total number of new route miles. The analysis ignores obvious selection issues
which make using this information to inform future grant decisions problematic.
These selection problems are possibly quite severe; at the time of the analysis,
less than 10% of the available funding for the NF program had been awarded
(CTAA, 2016).°

Second, our work to address how two disparate public programs affect a
vulnerable population has potential policy implications for both VR and para-
transit decision makers. Our analysis is especially salient given the state of both
programs. With respect to VR agencies, the Government Accountability Office
(2005, 2012) recently emphasized the need to improve the methods used to eval-
uate VR service provision, and the 2014 Workforce Innovation and Opportunity
Act requires agencies to report the employment and earnings outcomes of their
clients as a condition of their funding (Dean et al., 2015). Information about
the extent to which transportation issues limit the efficacy of VR services can
help agencies improve how they allocate resources. With respect to paratran-
sit programs, while Nguyen-Hoang and Yeung (2010) find that the aggregate
benefits of paratransit exceed the costs, Rosenbloom (2007) reports that the
provision of paratransit by public transportation agencies is extremely expen-
sive, particularly in larger and lower density areas. This is due to the need
for “on-demand” paratransit services that limit opportunities for economies of
scale. As such, any benefits that paratransit provides to VR agencies may be
useful in justifying the cost of continued operation or expansion of individual
systems, especially those in currently under-served areas.

Finally, we start from the structural models of endogenous service provi-
sion and labor market outcomes in DPSS that address selection issues that were
mostly previously ignored in the literature. By doing so, we are able to interpret
our estimates as causal measures of the impact of paratransit on the employ-
ment and earnings of individuals who received VR services. We produce such
estimates in both the short and long run for numerous measures of paratransit
provision in local communities.

The remainder of the paper proceeds as follows: Sections 2 and 3 present a
basic version of the models used by DPSS and their estimation strategy. More
details for these steps are available in DPSS. Section 4 describes how we conduct
our pseudo-Lagrange Multiplier tests. Section 5 discusses the data construction
process and provides descriptive statistics about the data. Section 6 presents

9 Another potential source of data is the Bureau of Transportation Statistics Omnibus Sur-
vey (2002) with a cross-section including information on disability, available transportation,
and employment. The dataset has 5019 individuals with 5% recieving special education (which
is the closest proxy in the data to having a cognitive impairment), 27% having a condition
that limits physical activity, and no information on mental illness prevalence. This turns out
not to be large enough to say much about paratransit because less than 1% of people in the
sample use paratransit as their most frequent source of transportation.



our results. The final section concludes.

2 Model

The basic model has three equations of interest: a service receipt equation, an
employment equation, and a conditional earnings equation.'” Let yj; be the
(latent) value to client i of receiving service j, j = 1,2,..,J. There are J =6
available services.!! We assume that

yi; = Xy +uf; + € (1)

where X; is a vector of explanatory variables described in Section 5.1, u! =
(u?), ul, .., u?;)" is a vector of unobserved heterogeneity errors with a com-
plex joint distribution function described in DPSS, and Eﬁ’j ~ 1idGy (-) is a
person/choice-specific (idiosyncratic) error. Let

yij = 1(y;; > 0) (2)

be an indicator for receipt of service j by i. Equations (1) and (2) constitute a
multivariate binary discrete choice model (e.g., Greene, 2009). Each individual
i can choose multiple services; there are 26 = 64 different service combinations
available.

Next, let

J 4
e =Zu+ Yy »_1(t€Tri) s, +ufy + &5 (3)
j=1 =1

be the (latent) value of working where Z;; is a vector of explanatory variables
similar to X; but possibly time-varying, u$ is a vector of unobserved hetero-
geneity errors with a complex joint distribution function described in DPSS,
and €%, ~ iidG, (-) is a person/time-specific (idiosyncratic) error. Define t5; as
the period where i receives service.'? Then (11, Ta;, T3, Ty;) is a partition of
the periods ¢’s earnings history is observed, excluding ts;, with

Ty ={t:t <ty —1} Pre-service;

To; = {ts; — 1} Ashenfelter dip (1978);
Ty ={t:ty <t <ty +8 Post-service short run;
Ty ={t:t >ty +8} Post-service long run.

Allowing the effect of service receipt on e, to differ across these time seg-

ments allows us to measure the short-run effect (ozj3 — ail) and long-run effect

10Each of the models has some complications that are ignored here. For example, Dean et
al. (2017a) includes a DI/SSI receipt equation.

' The available services are diagnosis & evaluation, training, education, restoration, main-
tenance, and other. These are described in DPSS. Note that, throughout the paper, variable
names like service types are put in a special font to avoid confusion.

12We assume away multiple periods of service.



(a§4 - a?l) of each service j. Let
eir =1 (e, > 0) (4)

be an indicator for ¢ working in period t¢.
Finally, let

Wi = Zigy" JrZyUZl (teTy) oz T+ ug +€j; (5)
T=

be log earnings in period t, conditional on e;; = 1, with parallel structure to
equation (3), and let €% ~ #idG,, (-) with density g, (-). Equations (1) through
(5), along with the error structure defined in DPSS, constitute the model.

3 Estimation

The method of estimation is maximum simulated likelihood (e.g., Bérsch-Supan
and Hajivassiliou, 1992; Stern, 1997). The complex structure of the errors
causes the likelihood function to be a high-dimensional integral, and simulation
is the obvious way to approximate the integral. Define

ij( i) ) = _Xir}/?_u’byj’

J 4
G (uip0) = —Zun” - Zyw Z L(t € Tri) i — uiy,

;lé(u;ié?e) = Wit — LW Zyt_yzl tETn

The likelihood contribution for observation 7 is

/ H L U’ lH L(Litw (ufﬂ Uity 9)

t

dF (u;,0)

where 6 is the vector of parameters to estimate, u; ~ iidF (-, 0) is the vector of
errors for 7,

LY (uy.0) = [1 = Gy Q% (ul5.0))]" Gy (Q (2. 0))' ™"

is the likelihood component for receipt (or not) of service j, and

o G (Qj (u5,.0)) i e = 0
g it = { (G G oyt @ a0y e

is the likelihood component for labor market outcomes, employment and quar-
terly earnings. The simulator of L; () is

R

J
= 3 T2 . 0) [H L&Y (usf, m)]
j=1 t

r=1



J
[ — yr er , wr 3
where u] = ({uij i1 {usl, ul }t) is a pseudo-random draw from F'(-,6). In

practice, we also use antithetic acceleration (Geweke, 1988) to reduce simulation
variance.

4 Testing

4.1 Pseudo-Lagrange Multiplier Tests

Consider a generalization of equations (3) and (5) of the form,

J 4
e = ZiV"+ Y yij L (t€ Tri) (af, + X5 bir) +ufy + 251, (6)
j=1 T=1
J 4
Wi = Zyy" + Z Yij Z 1(t € Try) (o, + Ajrbir) + uff + €t (7)
j=1 T=1

where b;; is a measure of the quality of public transportation in i’s county in
period ¢ (defined in Section 5.3). Define

4

T=1"

A= AR
Ajs as a subset of A; of some interest, and \j. = A;\\;s as the complement of
Ajs. We want to test

H()S)\j:OVSHAZ)\jc:O,)\jS#O.

For some problems, we can define A = {}; }‘jjzl and decompose A into A\s; and
Ae = M. Note that, under H, and appropriate specification of (Ajs, Aje),
equations (6) and (7) simplify to equations (3) and (5). Using a Lagrange
Multiplier (LM) test is a good choice of a test statistic because it does not require
re-estimating the model replacing equations (3) and (5) with equations (6) and
(7). Instead, using an LM test requires computing dej,/0\;s and Ow;t/0\;s
(which are both the appropriate vectors of the relevant paratransit data) and
then using them to construct score statistics.

An even simpler approach, aggregating over services, is to simulate the gen-
eralized residuals for equations (3) and (5)'® and then compute the correlation
of the generalized residuals and each public transportation variable of interest.
If the generalized residuals for a particular labor market outcome are corre-
lated with a specific measure of transportation quality, then the variation in
transportation quality helps “explain” some of the variation in labor market

13The generalized residual for equation (3) is the integral of the inverse Mills ratio over the
density of the unobserved heterogeneity if we assume that Ge (+) is normal. The generalized
residual for equation (5) is just the OLS residual.
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Figure 1: Test Statistic

outcomes not “explained” by the included covariates.'* Let ﬁin be the sample
correlation for k = e, w, constructed with n observations.!> Then, under Hy,

for large n. Figure 1 shows how the test statistic varies for three relatively
small values of ﬁfn as n gets large. Note that, for employment, n ~ 32000,
and, for log earnings, n ~ 10000. Checkovich and Stern (2002) call this test
statistic a pseudo-LM test statistic. It is not an LM test statistic because it
is not using the score statistics. But it is like an LM test statistic because a)
there is no need to re-optimize the likelihood function and b) one is measuring
how far from zero an object of interest is at a place of interest under Hy.

The parameter functions of most interest are {\;3 — )‘jl};']:1 (short-run ef-
fect) and {Aj4 — )\jl}jzl (long-run effect). Define 7%, as the generalized residual

of type k = e, w for i in period t. Then the test statistics of interest are!'S

~k ~k
Zi ZteTﬂ Mitbit Zz ZteTU M;¢it

> ZtETﬂ- bit > ZteTu bit

for 7 = 3,4 which is equivalent to

141n this case, one might want to focus on just positive derivatives.

15>We also could do this separately for each service as above. However, in Section 6, we
focus on aggregated results because a) there otherwise would be too many results to present
and b) there is no obvious reason for public transportation effects to vary across services other
than maintenance services.

160ne could condition on a particular service j using

=~k =k
225 Yij 2er,, Miubit 205 Yig 2gery, Nitbit

220 Yii e, bit 220 Yij 2orery, it

10



as long as >, o ﬁft ~ 0 for 7 =1,3,4. These Aﬁfn statistics and their associ-
ated t-statistics are the statistics reported in Table 8 of Section 6.2.

In Section 6.2, we also define a treated group, called a “beneficiary group,”
and a control group, called a “placebo group.” Computing Aﬁin separately
for the beneficiary group (Ap*2) and the placebo group (APFY), we can take
another difference,

AP = DY) — ApLY

™ ™ °

Under the null hypothesis that the treatment has no effect on outcomes, Aﬁfﬁ
should be close to zero. Again, we can simulate the distribution of A’ﬁfﬁ
under H, and use it to construct critical values for Aﬁfﬁ. Results associated
with Aﬁfﬁ are reported in Tables 9 and 10. Finally, using methods described
in the appendix, the Aﬁfﬁ statistics are used to compare magnitudes of the
effects of local paratransit characteristics on VR service effects relative to the
effects of personal transportation characteristics (see the personal transportation
variables in Table 2) on VR service effects. These results are reported in Tables
11 and 12.

4.2 Testing in the Presence of Measurement Error

Another significant advantage of our proposed method of exploring for trans-
portation effects over a more traditional method of re-estimating the models in
DPSS is that we can perform sensitivity analyses easily. Doing so for estimated
effects is prohibitively computationally costly in this context. Such analyses
indicate that our method is robust to measurement error in the imperfect mea-
sures of paratransit availability we employ (described in Section 5.3). To make
the point more clearly, consider a simple linear model of the form,

Y, = WiB+Viv+ef (9)

el ~ iid(0,0%),

and, for simplicity, assume that V; is a scalar and V; L W;. Assume that V; is
not observed, and instead,
Ci=Vi+y

is observed, ¢; ~ vid (0, O'?p). The hypothesis of interest is
Hy:19=0vs Hy : ¢ #0.

Then, as is well-known, using OLS to estimate just § provides a consistent
estimate. We can define our pseudo-LM test statistic as the correlation of
residuals ] from the OLS regression and Cj,

Y
% > Vig;

JES) ()

11



(where V; = V; — V) with
plim (Tg) = VA,

plim (% > ‘712)
o (1292 .a2) o (£ 5,778 4.5

Under Hy, plim (T) = 0, and, under H 4, plim (T) and ¢ have the same sign.
The fact that

A= > 0.

plim (Te) # Corr (V,,Y; — W)

(because of measurement error) is not particularly important because the dis-
tribution of the test statistic T¢ can be simulated under the assumption of
measurement error. Since plim (Tg) is biased towards zero, ignoring the ex-
istence of measurement error in the distribution simulation process makes the
critical value for T higher than it should be. However, given the relatively
simple structure of the effect of measurement error on A, it is easy to perform
a sensitivity analysis of the effect of measurement error on critical values (and,
therefore, power).

One also could allow for nonclassical measurement error (see, for example,
Black, Berger, and Scott, 2000; Kreider and Pepper, 2007). Consider the same
model as in equation (9) but assume that V; is binary and

Pr(C;=1|Vi=1) =

Pr(C;=0]V;=0) = ¢
with
!
p 2aq 9’

As before, consider the hypothesis,
Hy:v9=0vs Hy : ¢ #0.
Note that B is consistent and
plim: 3. V;
(p+q=1)plimg 35, Vi] + (1 - q)
Alternatively, we can use OLS residuals from a regression of Y on W to calculate

=AY
%Zz Cig;

\/ (@) 3z @))

mm@:w[

Te =




Example®fialues®f plimT,

..... =06
———g07
[EE—H
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Figure 2: Example of Values of plimTg

Figure 2 shows how plim (T¢) varies with p and ¢ for the arbitrary special case
- ~ 2

where plim (% Do Vf) = 0.4 and plim (% Do Vf) + (%) = 1.1. The varia-

tion depends only on the numerator in equation (10) because the denominator

includes neither p nor q. The circle in Figure 2 corresponds to the case when
there is no measurement error (ie, p = ¢ = 1) where

plim (% 2 ‘712) .
(157 (2]

plim (Tg) = R(1,1) =

all other points should be viewed relative to that point. Thus, if there is no
correction for the measurement error and R (p,q) > R(1,1), then the critical
value will be too large; if R (p,q) < R(1,1), then the critical value will be too
small.

Note that performing a sensitivity analysis in this testing mode requires only
adjusting critical values for different values of p and ¢ in equation (10). Mean-
while, performing a similar sensitivity analysis based on estimation requires
re-estimation for each combination of p and ¢ of interest. The former sensitiv-
ity analysis is extremely fast, while the latter is quite expensive, especially for
complex models of the sort discussed in Section 2.

Given the imperfect nature of the available paratransit data, we are con-
cerned that measurement error in our variables of interest may affect our re-
sults. This sensitivity analysis reveals that our method is robust to this concern
for three reasons. First, as is the case in many problems, measurement error
does not greatly affect our results. Figure 2 indicates that the potential bias is
not large in magnitude, even as p and ¢ move away from 1. Second, this point
is even more salient when viewed relative to the magnitudes of the t-statistics
we report in Section 6.3. The t-statistics are sufficiently large that it is un-
likely that any potential bias would qualitatively affect our findings. Finally,
measurement error in our data takes two different forms. Some individuals
with access to paratransit may be incorrectly coded as not having paratransit

13



available (p < 1). Conversely, some individuals without access may be falsely
reported to have access (¢ < 1). Figure 2 indicates that the biases from these
two different types of measurement error move in opposite directions. When
p < 1, our test statistics are biased downward; when ¢ < 1, they are biased
upward. This mitigates the effects of any potential bias.

5 Data

In this section, we discuss the data used in the project. There are three ma-
jor sources of data used in the project, discussed below, and then some minor
ones discussed in DPSS. The first is the administrative records of all people
who applied for vocational rehabilitation services for the Virginia Department of
Aging and Rehabilitation Services (DARS) in 2000. The second is the admin-
istrative records of the Virginia Employment Commission (VEC) for all of the
applicants to DARS for 3 years prior to DARS service until 7 years after service
receipt. The VEC data provide us with quarterly information on earnings over
10 years. The last is data that we constructed on the characteristics of the var-
ious paratransit systems across Virginia over the 10 years corresponding to the
VEC data. Much of the public transportation data came from Department of
Transportation (US DOT) websites, but some required phone calls to providers
across Virginia.

5.1 DARS Data

As already mentioned, the first source of data is the administrative records for all
applicants for vocational rehabilitation services to DARS in 2000. We observe
information on the vocational rehabilitation services received along with some
demographic and disability /health information. We decompose the sample into
three large disability groups: people with cognitive impairments (Dean et al.,
2015), people with mental illness (Dean et al., 2017a), and people with physical
impairments (Dean et al., 2017b).

Table 1 provides information on the proportion of people receiving services
of each of the six types: diagnostic & evaluation services, training services, ed-
ucation services, restoration services, maintenance services, and other services.
These are described in more detail in Appendix 1 and in DPSS. There is signifi-
cant variation across disability groups with respect to the reported proportions.
For example, training services are received by 42.6% of clients with cognitive
impairments, 37.2% of people with mental illness, and 14.5% of people with
physical impairments. Education services are received by only 3.4% of clients
with cognitive impairments and 13.2% of people with mental illness.

Table 2 provides information about the means of selected explanatory vari-
ables for each of the three disability groups.!” There are significant differences
in means for most of the variables and in ways that make sense. For example,

17Complete lists of explanatory variables, along with means and standard deviations, are
available in DPSS.
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TablefL:@Proportion®fTlientsReceiving
PurchasedBervices®fEachiTypeliby
Disability@Group

Cognitive Mental Physical

Impairment  lllness Impairment
Diagnosis@&Evaluation 0.447 0.547 0.565
Training 0.426 0.372 0.145
Education 0.034 0.132 0.075
Restoration 0.208 0.319 0.387
Maintenance 0.251 0.301 0.151
OtherBervices 0.249 0.234 0.202
#Dbservations 1009 1555 2421

Table®:Belected®Explanatoryd/ariable@eans
Acrossisability@Groups

Cognitive  Mental Physical
Impairment Iliness Impairment

Male 0506  0.404 0475
White 0557 0710 0.647
Education 6770 10718 9.955
SpecialEducation 0332 0025 0.014
Age 251 357 41.0
Transportationvailable 0460  0.741 0.824
Hasrivingllicense 0174 0678 0.786
Musculo/SkeletalDisability 0067 0170 0.709
InternalfDisability 0.061 0337
LearningMisability 0046  0.046

Mentallliness 0.183 0.105
Significantiisability 0573 0.619 0.606

MostiBignificantiisability 0401 0.275 0.161

particulariisabilitygroup.

the proportion of people with cognitive impairments who had a special edu-
cation certificate was much higher (0.332) than for people with mental illness
(0.025) or people with physical impairments (0.014). Meanwhile, the means for
having a driver’s license go in the opposite order.

Variables of particular interest for this study are whether the individual
has a driver’s licence and whether the individual thinks that there is available
transportation. Available transportation can be provided by a family member,
a public transit system, or a paratransit system specializing in the transporta-
tion needs of disabled people.!® Having a driver’s license is likely the reason
individuals with mental illnesses or physical impairments have access to trans-
portation; meanwhile, the majority of people with cognitive impairments rely
on alternative forms of transportation.

5.2 VEC Data

The second source of data is the administrative records from the VEC for each
person in the DARS data from 3 years prior to service receipt up to 7 years
after service receipt. Each quarterly observation reports quarterly earnings
for the particular individual.'® Table 3 provides means for the two dependent

183ee, for example, Cyra, Mulroy, and Jans (1988), Stern (1993), Franklin and Niemeier
(1998), and Bearse et al. (2004) for descriptions of the transportation choice set of disabled
people and how often they choose different alternatives.

Y Details about these data are available in DPSS.
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Table®:AaborMarket@Means@crossDisability@roups

Cognitive Physical
g_' v Mentallliness y !
Impairment Impairment

#Dbs  Mean #Dbs Mean #Dbs Mean

ProportionEmployed 58522 0.253 90190 0.301 140418 0.335
Conditionallog

Quarterly@arnings 14799 7.009 27148 7.342 46960 7.692
Note:fllogMuarterlyEarnings@re@onditional®nibeing@mployed.

labor market variables, e;; (from equation (4)) and wy (from equation (5)).
People with physical impairments have the highest employment rate (0.335)
and conditional log quarterly earnings (7.692), people with mental illness are
second in both dimensions, and people with cognitive impairments are third in
both dimensions. The sample sizes are very large, providing precise estimates
of all of the model parameters.

5.3 Transportation Data

The third type of data is information on the existence of public transportation in
counties/cities across Virginia?? and performance data of all urban transporta-
tion systems and some rural transportation systems from the National Transit
Database (NTD). For the existence information, we consulted the Transit Devel-
opment Plan (TDP) of each transportation agency at Virginia DRPT (2016) to
determine when the agency started providing service in each county it covers. If
a transportation agency did not have a TDP available at Virginia DRPT (2016)
or its TDP did not contain complete information on the history of its service,
we obtained the information needed by phone call or email. We matched each
public transportation provider with one or multiple cities/counties in the data
set and constructed the public transportation exists variable for each city/county
in each year from 1988 to 2015. Note the variable we are using is public trans-
portation exists rather than specialized transportation exists. In Virginia, all
urban areas with public transportation also have demand-response specialized
transportation, and rural areas with public transportation set up their systems
so that they can play both roles as required by the ADA.

One should keep in mind that availability is quite different than usage.
Rosenbloom (2007) argues that, among disabled people who had available para-
transit services, only 1.2% had used them at least once in the previous week.
However, Bearse et al. (2003), using data from a single provider between 1984
to 1996, find that 47% of trips are taken by 7% of users, and approximately
20% of trips are taken by about 1% of users. Most of these trips are for work.
Rosenbloom (2007) thinks this is a problem for paratransit systems. For us,
it means that availability probably is a good measure for the potential to use
transportation.

For performance data, we choose four performance data variables from US
DOT (2016) relevant to our research to further analyze: per capita passen-

20Virginia, unlike all other states, has independent cities that are not part of their adjacent
counties.
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ger miles traveled (PMT), per capita vehicles operated in maximum service
(VOMS), per capita vehicle revenue hours (VRH),?! and per capita unlinked
passenger trips (UPT).?? For rural transportation agencies, due to the lack of
data sources available,?® we collected UPT data only for those agencies included
in US DOT (2016). Among these four types of transit performance data, PMT
and UPT provide information on service consumed by passengers, and VOMS
and VRH provide information on service supplied by transportation agencies.?
Each is a measure of a particular dimension of public transportation existence
and quality. The most common measure used in the literature is UPT (TCRP,
2013; Mattson, 2016). We experiment with each because we do not know a pri-
ori which might be the most relevant measures. Mattson (2015) suggests that
PMT, VRH, and UPT are useful measures.

Table 4 provides summary moment information on the five measures used in
our analysis: public transportation exists, PMT, VOMS, VRH, and UPT. The
number of observations varies significantly across variables due to variation of
the availability of the data in the NTD.?® We decompose the standard deviation
of each variable into an across-county standard deviation and a within-county,
across-time standard deviation. A little more than half of the variation is across-
county variation. As seen in Table 5, a significant portion of the within-county
standard deviation can be explained by secular growth of agencies (even relative
to population). This is consistent with results in Bearse et al. (2004), National
Council on Disability (2005), and Sapper, Goodwill, and Carapella (2009) but
not consistent with the cross-section results in Koffman et al. (2007).2

There are two shortcomings of our paratransit measures. First, there is

21 Revenue hours are the time when a vehicle is available to the general public and there is
an expectation of carrying passengers. Vehicles operated in fare-free service are considered in
revenue service. Revenue service excludes school bus service and charter service.

22Passengers are counted each time they board vehicles no matter how many vehicles they
use to travel from their origin to their destination and regardless of whether they pay a fare,
use a pass or transfer, ride for free, or pay in some other way.

23Data for rural transportation agencies are collected only if they receive funding from the
federal government. The U.S. Department of Transportation started collecting information
from such rural agencies only in 2007.

24 The data reported in US DOT (2016) are not per capita. To construct per capita variables,
we extract population data from US BEA (2016) for each city and county in Virginia and then
aggregate over cities and counties covered by each agency.

25There are two issues associated with the process of collecting and cleaning data. First,
some paratransit providers include multiple cities or counties in their service areas, some
of which are receiving only marginal services. In such cases, if the area covered by the
transportation agency is less than 50% of the area of that county, we treat that county as not
covered by the agency. Second, in US DOT (2016), there are several “zeros” reported. It is not
clear whether any particular “zero” is a true zero or an indicator of a missing observation. In
such cases, we consult the TDPs of the corresponding agencies and learn about the existence
of paratransit service; hence, we treat those zero entries as indicators of missing data and
exclude the associated observations from further analysis.

26 Koffman et al. (2007) assert that it is important to include only the population that lives
within 3/4 mile from fixed route systems because people living farther away are not covered
according to ADA rules. This is probably a poor research choice because a) it is very difficult
to measure the appropriate population and b) 48% of paratransit systems do not restrict
service based on the rule (Sapper, Goodwill, and Carapella, 2009).
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Table@:@PublicfTransportationata

Std@ev Svtvdﬁ.ev
#Dbs Mean Across ! !n StdDev

. Counties

Counties )

AcrossTime
PublicBTransportation@Exists 133 0.542 0.398 0.308 0.503
PMT@perapita 39 51.654 47.550 35.103 59.104
VOMSBerA Kxapita 41 0.266 0.130 0.088 0.157
VRHBerEapita 41 0.602 0.353 0.168 0.391
UPTRperitapita 93 5.992 9.050 3.641 9.755

Table®:@Proportion®fAVithinEounty
Variation@Explained@by@ETimelTrend

Variable #Dbs R@Bquared
PublicBTransportationfExists 3724 27.4%
PMT 3724 18.0%
VOMS 659 16.4%
VRH 657 33.1%
UPT 933 5.1%

a lack of systematic data necessary to measure the existence and quality of
demand-response service in United States (Godavarthy et al., 2015). Important
missing variables in the National Transportation data include “geographic cov-
erage, days of service per week, hours of service per day, advance reservation
requirements, and service eligibility” (page 3). Kittelson & Associates, Inc. et
al. (2003) advise measuring the level of service for demand-response transporta-
tion services using response time, service span, reliability, on-time performance,
trips not served, and travel time of demand-response transit.

Second, we have geographic information of each agency only at the county
level. It is possible that public transportation does not exist in some areas of
a county even though the county is recorded as having public transportation
in our data set. Mattson (2016) performs a moderately-sized survey collecting
data from each included agency on many details of service specific to subsets
of each county. We are unable to replicate his methods or use his data for two
reasons. He asks only about present agency characteristics, and we need data
from 15 years earlier. Also, in the VEC and DARS data, we observe only the
county of residence of each applicant. Thus, there may be occurrences of an
applicant incorrectly being described as having access to public transportation
in our analysis. If so, this will bias our results as described in Section 4.2.

6 Results

We start off this section with a short synopsis of the most critical results in
DPSS. More discussion is available in each paper. Then, we discuss the results
of the pseudo-LM tests described in Section 4.
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Table@:EmploymentEffectsfiBerviceReceiptiy@Disability
Group

Cognitive Physical
) Mentaldliness i
Impairment Impairment
Short®un Long®un Short®un Long®Run Short®un LongRun
Diagnosis®®valuation 0.422 0.310 [0.228 [0.462 0.547 0.127

Training 0.694 0.458 0.631 0.541 0.324 0.408
Education 0.122 0.538 [0.299 (D.113 0.258 0.564
Restoration (.331 [D.458 (.017 0.127 0.515 0.357
Maintenance @.124 [D.059 0.054 (.074 [D.007 [@0.015
OtherBervices 0.383 0.419 0.128 0.049 0.385 0.269

6.1 Vocational Rehabilitation Service Effects

Tables 6 and 7 provide estimates of the short- and long-run effects of each DARS
service on labor market outcomes, disaggregated by disability group. Table 6
shows estimates for effects on the value of being employed (e, in equation (3)),
also called the employment propensity. Each number reported in the table is
the difference of two estimates from the corresponding model. For example,
for the cognitive impairment disability group, the long-run effect of training is
0.458; this means that aj, — aj; = 0.458 for the j corresponding to training
services. In words, the receipt of training services increases the value of being
employed by 0.458 more than its value prior to receipt of services, suggesting a
18.3% increase in the probability of being employed.?” Analogously, for short-
run effects, &;‘-3 — ajl = 0.694 for the j corresponding to training services,
suggesting a 27.8% in the probability of being employed. The results show
that training is uniformly effective in increasing employment in the short run
and long run for all three disability groups. Education services are effective
for people with cognitive impairments and people with physical impairments
but not for people with mental illness. Restoration is effective for people with
physical impairments but not the other two groups.

Receipt of maintenance services has a negative effect on employment except
for people with mental illness in the short run. This might occur because
receipt of maintenance services during receipt of some other service implies a
need for the maintenance service. For example, one might need child care
services or transportation help to the service location. Once the service period
ends, the maintenance support also ends. However, the need for the support
does not end. In particular, with respect to the issues associated with this
paper, to the degree that DARS pays for transportation during service receipt,
it suggests that the individual might have difficulty working because she has
no transportation available without the DARS transportation support.?® We
explore this issue more in Section 6.2.

Table 7 presents analogous results for the effect of services on short- and
long-run log quarterly earnings (conditional on being employed). For example,

the long-run effect of training is aj; — aj; = 0.172; for the j corresponding to

2TA good rule of thumb for turning de*/dy;. into 8e/dy;. is to multiply de*/dy;, by 0.4
(Amemiya, 1981).
28 This point was explained to us by Bob Schmidt.
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Table :HogMuarterlyEarningsEffectsfBerviceReceiptiy
Disability@Group

Cognitive Physical
) Mentaldliness .
Impairment Impairment
Short®Run Long®Run Short®un Long@®un Short®un LongRun
Diagnosis®&Evaluation 0.300 0.307 [(D.085 0.032 0.163 0.318
Training 0.209 0.285  @.055 0.136 0.009 0.172
Education 0.093 0.555 [D.085 0.146 0.318 0.364
Restoration [0.308  [D.241 0.092 0.206 0.351 0.442
Maintenance (D.251 [D.069 0.106 0.217 [D.165 0.029
OtherBervices 0.308 0.224 0.084 0.146 0.165 0.148

training services; i.e., the receipt of training increases earnings, conditional on
employment by 17.2%. Training and education services generally have large
effects on earnings, while restoration is mixed. Maintenance services have a
negative effect for people with cognitive impairments, a positive effect for people
with mental illness, and mixed effects for people with physical impairments. To
the degree that maintenance services imply a barrier to employment, it should
be expected that they would have more of a negative effect on employment than
on earnings conditional on being employed.

Our results show generally positive effects for both labor market outcomes
for people with cognitive impairments and mental illness (particularly in the
long run). The employment effects are generally smaller in magnitude than the
earnings effects. The results for the former groups suggest that some of the
negative effect of maintenance services may be due to a mobility constraint but
that the effect is not more pronounced in the employment propensity than in
log earnings as we would expect. Alternatively, for physically impaired people,
we find a robust pattern of positive employment effects and negative wage ef-
fects. Again, the employment effects are smaller in magnitude than the earnings
effects. These results are consistent with maintenance reflecting lack of viable
transportation for physically impaired people. Alleviating this constraint results
in an increased probability of employment and may even allow more severely
disabled individuals to find employment, resulting in lower average wages. Al-
ternatively, individuals may be willing accept reduced wage offers because their
lower commuting costs offsets lower compensation.

DPSS also include two measures of transportation availability: a dummy for
whether the individual has available transportation and a dummy for whether
he has a driver’s license. These two variables are allowed to affect each ser-
vice choice value in equation (1), employment propensity in equation (3), and
log quarterly earnings in equation (5). Figure 3 displays the effects of each
transportation variable on employment propensity and log quarterly earnings
for each of the three disability groups.2’ All of the effects are large and positive.
The largest effects are for transportation available and has driver’s license on
log quarterly earnings for cognitive impairment.3°

29 All estimates are statistically significant at the 5% level. No results for service choice
values are reported here.
30Ermagun et al. (2016) use data that allow them to estimate the effect on public trans-
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Figure 3: Transportation Effects on Labor Market Outcomes

DPSS each discuss how the estimates presented here in Tables 6 and 7 trans-
late into service-specific, disability-specific rates of return. We skip that discus-
sion here because it is not that relevant to our major concern with transportation
interactions.

6.2 Test Results for Interactions

We now turn to the results of the our primary analysis, the pseudo-LM tests.
In order to determine whether our estimates of the AP, statistics, defined in
equation (8), indicate that the effect of public transportation is meaningful, we
need a counterfactual against which to compare. For all of the tables of estimates
that follow, we calculate estimates for two different groups of clients who received
DARS services: the “beneficiary group” and the “placebo group.”?! We use
two alternative definitions of these groups. First, we define the beneficiary
group to contain those individuals who report that they do not have access to
transportation (and thus might benefit from having good transportation), and
the placebo group as individuals who report the opposite (and thus are unlikely
to benefit from better public transportation).?? Second, we define people in the

portation availability on work. Their discussion of results excludes this effect which we
interpret to mean that there was no statistically significant effect.

31While these groups are similar to traditional “treatment” and “control” groups, since we
do not observe in the data whether an individual actually uses the paratransit treatment or
not, we use the alternative beneficiary/placebo terminology instead to highlight the distinc-
tion. The beneficiary group contains individuals who have the potential to benefit from the
intervention (due to lack of transportation). Much in the way that those who receive a placebo
are hopefully unlikely to benefit from a fake treatment, those in the placebo group are unlikely
to benefit from paratransit because they have alternative means of transportation.

320Qur group definitions are based on a question about whether the individual believes she
has access to transportation. Individuals may or may not consider public paratransit as an

21



beneficiary group based on clients who received maintenance services from the
VR agency, and people in the placebo group as individuals who did not receive
such services. We do so after noting that DPSS frequently found the effects
of maintenance services on labor market outcomes to be negative and knowing
of no theoretical reason why maintenance services might actually harm clients
in some way. Since transportation assistance provided by DARS is considered
a maintenance service, we posit that these negative effects are the result of a
correlation between this service category and an unobserved factor that DPSS do
not fully control for: mobility. The beneficiary group is made up of individuals
who may have required transportation assistance from the VR agency while
receiving services, and the placebo group contains individuals who do not require
such services because they had access to transportation.?® In other words,
negative DPSS results for people receiving maintenance services are consistent
with individuals having worse labor market outcomes once they lose access to
DARS provided transportation upon completing the program.?* We proceed by
discussing results based on each definition.

6.2.1 Interpretation of Results

For the purpose of explaining how to interpret our results, we begin by present-
ing a subset of our pseudo-LM test results in Table 8 before summarizing the
relevant information for all specifications in Tables 9 and 10. Table 8 is based
on the first definition of beneficiary and placebo groups based on reported ac-
cess to transportation. The table contains estimates of the short-run changes in
correlations (i.e., short-run correlation after service minus correlation prior to
service) between measures of the availability and intensity of public transporta-
tion in the community (discussed in Section 5.3) and the generalized residuals
associated with being employed (Ap$,,) for clients with cognitive impairments.3?
Each row contains separate estimates of the short-run change in the correlation
of the residuals with the given public transportation measure. In the first col-
umn, the estimate of Ap3,, = 0.00 for the beneficiary group in the first row is
an estimate of a double difference of the correlation of unobserved components
of employment and existence of public transportation: a) the first difference is
for people who received each vocational rehabilitation services minus for people
who did not; and b) the second difference is for the correlation in the short-

option when they report that they “have no available transportation.” To the extent that our
beneficiary group contains individuals who do not have access to paratransit, our results will
be attenuated.

33 As in the previous case, our group definitions are imperfect due to data limitations. Indi-
viduals who receive maintenance services may or may not have actually received transportation
assistance. To the extent that individuals in our beneficiary group received some other main-
tenance service or services besides transportation, our estimates again will be biased towards
Zero.

34The same argument could be made about child care services. But receipt of child care
services would not imply that good public transportation would help in employment outcomes.

35Note that, in each specification reported, the availability measure estimates are uncon-
ditional on the intensity measures. Each intensity measure estimate is conditional on trans-
portation being available, but it is unconditional on the other intensity measures.
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TableB:@hortRunEmploymentEffects@orognitive@mpairmentisability@roup

Treated®@Group Control@Group  Difference tBtatistic
Public@ransportation®vailable 0.00 .06 0.06 211 **
PMTperTapita (.07 0.07 .15 [4.03 ##
VOMSperiTapita .05 0.00 @.05 (.48
VRHperTapita .10 0.04 .14 [B.80 ##
UPTiperLapita .07 0.00 .06 Q.77 #
Notes:
1)Thelireatedre insilientsivhord thave portatior
2)ForitEtatisticsith i ith@heoreticalBredictions,Boubl reddten istically@ignifi
5%devel,@ndBingl reddter isticallyBignif 0%devel.
3)ForiEtatisti istentBheoretical@redictions,Boubl d isticallyBignifi 1eB%
level,@ndBing| indCte isticallyBignifi eA0%Hevel.

run quarters after service minus the correlation in the quarters prior to service.
Taken alone, the point estimate of 0.00 would suggest that the existence of pub-
lic transportation has no interaction with receipt of vocational rehabilitation
services on short-run labor market outcomes. But, when viewed relative to
the estimate of —0.06 for people in the placebo group in the second column, we
find evidence that the interaction between vocational rehabilitation service and
existence of public transportation increases short-run employment probabilities
for cognitively impaired clients.?® The third column contains the estimate of
this effect of 0.06, and the fourth column contains the ¢-statistic associated with
the difference which is statistically significant for the existence measure. The
estimate used here is akin to a differences-in-differences-in-differences estimator
(e.g., Gruber, 2007). Explicitly, it shows that, relative to a baseline of individu-
als with access to transportation, the existence of public transportation would,
on average, improve the effectiveness of vocational rehabilitation services on
short-run labor market outcomes for cognitively impaired individuals who do
not have other means of transportation available.

6.2.2 Definition of Beneficiary Group: No Transportation Available

As the estimated correlations do not have a direct interpretation, the sign and
magnitude of the t-statistic contains all relevant information from our estimates.
Table 9 reports these ¢-statistics for our two outcomes (employment and con-
ditional log quarterly earnings) for each of the three disability groups receiving
treatment (people with cognitive impairments, mental illness, or physical im-
pairments), and for both the short and long run. As in Table 8, the beneficiary
group is defined as people without access to transportation.?” Panel A (Panel
B) reports the employment (conditional log quarterly earnings) estimates of the
effect of the interaction of public transportation and vocational rehabilitation
service receipt. Overall, the mixed patterns of sign and significance in both
panels are similar to those in Table 8.

36Since our estimates are based on fully identified structural models in DPSS, we are com-
fortable interpreting them as causal estimates. We explicitly note our choice of language so
that the fact that they are correlations does not obscure their interpretation.

37Note that the employment results in the first column of Panel A of Table 9 are the same
as the t-statistics in Table 8.
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Table 9: t-Statistics of the Differencein the Interaction of Public Transportation
Characteristicsand VR Services Between Clients Who Do and Do Not Have
Transportation Available, by Disability Group

Panel A: Employment Effects

@ @ (©)] @ (5) (C]
Cognitive Impairments Mental Iliness Physical Impairment
Short-Run _Long-Run _ Short-Run_ Long-Run __ Short-Run__ Long-Run
Public Transportation Exists 211** 2.74** 0.00 182* 1.60 114
PMT per Capita -403## -296## -087 3314 241%% 445
VOMS per Capita -148 159 -0.86 -243 ## 140 0.63
VRH per Capita 3804 -101 0.03 11954 163 1.05
UPT per Capita -L77 # -2.00 ## 1.02 243 ** 1.16 1.76 *

Panel B: Conditional Log Quarterly Earnings Effects

@ @ (©)] @ [©) ()
Cognitive Impairments Mental Iliness Physical Impairment
Short-Run  Long-Run  Short-Run  Long-Run _ Short-Run  Long-Run
Public Transportation Exists -1.64 -3.54 ## 0.10 -2.15 ## 0.83 -2.63 ##
PMT per Capita 198 ## 2344 -225#¢ -129 211%  357**
VOMS per Capita 24T #t -213##  -2444#  -338## 176 * 0.84
VRH per Capita -212##  -151 -217 #4327 ## 137 0.20
UPT per Capita -1.48 -1.40 415 ** 5.81 ** 0.64 2.16 **

Notes:

1) For t-statistics whose signs are consistent with theoretical predictions, double-starred items are statistically
significart at the 5% level, and single-starred iterrs are statistically sigrificart at the 10% level.

2) For t-statistics whose signs are inconsistent theoretical predictions, double-pound items are statistically significant at
the 5% level, and single-pound items are statistically significant at the 10% level.

For clients with cognitive impairments (columns (1) and (2)), we find pos-
itive, significant employment effects in both the short- and long-run for the
existence of public transportation but predominantly significant, negative im-
pacts along the four intensive-margin variables (PMT, VOMS, VRH, and UPT)
for employment (Panel A) and for both sets of transportation variables for con-
ditional earnings (Panel B).

The estimates in columns (3) and (4) show that clients with a mental illness
display no significant interactions between DARS service receipt and the public
transportation variables in short-run employment effects, but all of the short-
run conditional log quarterly earnings performance measure interactions are
significant. Only UPT suggests a positive relationship in the short run, and
that interaction is also positive for both employment and earnings in the long
run. Other long-run interactions are predominantly negative.

The physical impairment interactions in columns (5) and (6) are mostly in
line with our expectations. Results are predominantly positive and significant
(save for the long-run interaction of the existence of public transportation and
service receipt on conditional log earnings). PMT seems be an important deter-
minant of the impact of public transportation on the efficacy of DARS services
for people with physical impairments as effects are significant and positive for
both employment and conditional log earnings and in both the short and long
run.

6.2.3 Definition of Beneficiary Group: Received Maintenance Ser-
vices

We also are interested in the relationship between DARS maintenance services
and public transportation because transportation assistance provided by DARS
falls in the maintenance service category; thus, it provides an alternative de-
finition of the beneficiary and placebo groups. In particular, if a VR client
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Table 10: t-Statistics of the Differencein the Interaction Public Transportation
Characteristics and VR Services Between Clients Who Did and Did Not Receive
Maintenance Services, by Disability Group

Panel A: Enployment Effects

(6] @ (©)] @ (5) ©)
Cognitive Impairments Mental Iliness Physical Impairment
Short-Run Long-Run ~ Short-Run  Long-Run  Short-Run  Long-Run
Public Transportation Exists 1.01 -0.20 1.72* -2.73 ## 1.88 * -1.56
PMT per Capita 0.42 4.30 ** 0.24 0.44 2.95** 2.47 **
VOMS per Capita -0.44 -5.53 ## 0.85 0.54 293 ** 0.15
VRH per Capita 0.00 0.17 0.88 170 * 3.93** 3.19 **
UPT per Capita 5.98 ** 7.49 ** 2.14** 1.81* 4.25 ** 4.48 **

Panel B: Conditional Log Quarterly Earnings Effects

(6] @ ()] @ (5) ©)

Cognitive |mpairments Mental Iliness Physical Impairment

Short-Run Long-Run  Short-Run Long-Run  Short-Run  Long-Run
Public Transportation Exists -2.63##  -1.62 1.02 0.39 -328##  -5.70 ##
PMT per Capita -187# 1.83* -0.99 0.56 -171# -2.18 ##
VOMS per Capita -1.39 1.97 ** 158 248 ** 0.35 -2.81 ##
VRH per Capita -1.32 0.70 0.32 220**  -0.69 -3.56 ##
UPT per Capita 0.17 -0.69 3.66 ** 6.31 ** 111 1.66 *

Notes:

1) For t-statistics whose signs are consistent with theoretical predictions, double-starred items are statistically
significant at the 5% level, and single-starred iterms are statistically significart at the 10% level.

2) For t-statistics whose signs are inconsistent theoretical predictions, double-pound items are statistically significant at
the 5% level, and single-pound items are statistically significant at the 10% level.

was receiving transportation services from DARS during receipt of other ser-
vices, this would imply that the client had no other way to travel to the service
site. Thus, once receipt of other services was complete, the client would lose
her transportation services and again be unable to travel, now to a potential
job. In fact, negative DPSS results for people receiving maintenance services
are consistent with individuals having worse labor market outcomes once they
lose access to DARS-provided transportation. Table 10 is analogous to Table 9
except that we define the beneficiary and placebo groups based on whether the
individual received maintenance services from DARS as opposed to whether she
reported having available transportation.

The cognitive impairment results are more consistent with our expectations
than in the previous specification, with 5 positive, significant interactions versus
3 negative, significant interactions in this specification (compared to 2 and 11
in the specification reported in Table 9). However, the results do not show a
robust pattern. Only the UPT measure has a significant interaction with VR
service receipt (on employment) in both the short and long run. Similarly, only
the PMT measure has a significant interaction with VR service receipt on both
employment and conditional log quarterly earnings (in the long run).

In a stark contrast to the results from the previous specification, 8 of the 9
significant estimates for individuals with mental illness show that public trans-
portation has a positive interaction on labor market outcomes. Only existence
of public transportation shows a negative interaction in the long run. The VRH
measure (in the long run) and the UPT measure (in both the short and long
run) are particularly robust, as effects are positive and significant for both em-
ployment and earnings.

Finally, the physical impairment results are the most consistent of any group
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in either specification. All of the employment effects in Panel A indicate that
public transportation increases the effect of DARS service receipt on the prob-
ability of employment in the short run, and 3 of 5 effects persist to the long
run. In contrast, the conditional earnings measures in Panel B are predomi-
nantly negative, indicating that, while public transportation may increase the
DARS service effect on the probability of being employed, it also decreases the
DARS service effect on log quarterly earnings that DARS clients with a physical
impairment can expect to receive. These negative results are consistent with
paratransit making it possible for people with more significant physical limita-
tions to participate in the labor market. Alternatively, VR clients with access
to efficient paratransit may be more willing to accept low-wage jobs because
their commutes are not as onerous.?®

A special supplemental survey of the NHIS focusing on transportation needs
of disabled people (NHIS-D) found that, among people who had difficulties “get-
ting around,” over 75% reported having walking problems (a physical impair-
ment) while only 10% reported having cognitive impairments or mental illness
(Rosenbloom, 2007). Thus, it is not so surprising that results for people with
physical impairments are the strongest.

6.3 Discussion of Results

Overall, results in both tables are strongly significant, but a high proportion of
results are negative, particularly in Table 9. We know of no theoretical reason
why (increased) access to transportation should reduce the beneficial impacts
of vocational rehabilitation service receipt on labor market outcomes. Possible
empirical explanations are a) our measures of transportation systems do not
adequately capture the relevant dimensions of the availability and quality of
public transportation that affect the behavior of individuals in our sample; b)
the measures we have are actually reflecting some type of selection and/or en-
dogeneity effect; or ¢) our beneficiary/placebo group definitions are imperfect
representations of people likely to benefit from paratransit and our negative
estimates are spurious.

What critical dimensions might we be missing? First, we do not actually
know if public transportation is available to each individual in our data; we
just know it is available in the individual’s county. The public transportation
system may serve a limited geographic area within the county, may operate
a restrictive number of hours each day, or may have onerous reservation or
proof-of-eligibility requirements that renders it impractical for individuals who
otherwise might use it. This mismeasurement would bias our estimates but
would not explain negative estimates.

Second, we do not know if public transportation is a feasible means of travel
within the community for each individual. In other words, we do not observe

38 There is ample evidence in the housing choice literature that individuals are willing to
pay to reduce their commute times. See, for instance, Bajari and Kahn (2005, 2008), Langer
and Winston (2008), and Bayer and McMillan (2012). Mayock (2016) finds evidence that this
trade-off also exists in wages.
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how long it takes an individual to travel via public transportation to the specific
location of a potential job.?? More popular systems may have to coordinate more
pick-ups and drop-offs, increasing travel times, decreasing reliability, and making
the system more costly for individual users. This would mean that increases in
our intensity measures reflect a less efficient means of transportation and could
explain negative intensity results.

Section 4 included a discussion of testing in the presence of classical and
nonclassical measurement error. The important source of measurement error
in our results is that some people may be misclassified as to whether they have
access to paratransit services. This not only causes non-classical measurement
error in the binary measures of access but also in the continuous measures
which depend upon access. Without any evidence to back up our belief, we
guess that the magnitude of false positives and negatives are both on the order
of 10%. Figure 2 suggests that the testing bias associated with that magnitude
is relatively small.*°

With regard to selection and/or endogeneity, to result in negative estimates,
it would have to be the case that the source of bias results in a) the beneficiary
group’s labor market outcomes after receiving VR services being worse where
there are more robust paratransit systems, b) the placebo group’s outcomes
being better after receiving VR services in locations with better paratransit, or
c¢) a combination of the two. It is not obvious why this would be the case.

A likely concern in this context is migration in response to labor market
opportunities.*! For a negative bias due to migration to drive our theoretically
inconsistent results, it would have to be the case that people without transporta-
tion are more likely to migrate in response to labor market opportunities after
receiving VR training than people with transportation and that migrants move
to better labor market areas that have worse paratransit systems. We know of
no reason to expect people without day-to-day transportation to be more mo-
bile in their residential choices, and better job prospects are likely to be found
in urban areas, where we would expect to find better, not worse, paratransit
systems.

39While it is feasible to obtain reasonable measures of this time cost by modeling the
transportation network (see Clapp, 2017), the lack of information on the home (and job)
locations of individuals in our data (due to confidentiality reasons) prevents the use of this
type of more detailed measure. Goodwill and Joslin (2013) update two-decade-old forecasts of
paratransit demand frequently used by paratransit providers to make service decisions. They
do not estimate demand; rather they use trip rates from the 2009 National Household Travel
Survey for households with zero vehicles applied to a measure of the local disabled population
from the U.S. Census Bureau. This is likely to be a biased measure of actual usage to the
extent that nondisabled people have no vehicles.

40Replacing the arbitrary assumptions associated with the figure with assumptions closer
to the actual data do not change the statements made.

41Schachter (2001) reports that 16.2% of moves reported in the 2000 Current Population Sur-
vey were for work-related reasons. However, the existing literature suggests that employment-
driven migration may be less relevant for the population we analyze. Schachter (2001) and
Amior (2017) provide evidence that low-skill workers are less likely to move for job-related
reasons than their high-skill peers. Also, adults with disabilities are 6% less likely to move
(1-year hazard rate = 9.3%) than people without disabilities (1-year hazard rate = 9.9%)
(Mateyka, 2015).
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Alternatively, there is evidence that employers favor low-wage employees
with shorter commutes (Phillips, 2016). For this type of endogeneity to con-
found our double-difference methodology, it would have to be the case that the
labor market outcomes of people with disabilities are bounded from below (e.g.,
unemployment or minimum wage) prior to receipt of VR services. If this is the
case, both beneficiary and placebo groups may appear to start out on equal foot-
ing when, in reality, people without transportation have an additional hurdle
to overcome. This means that people in the placebo group who have personal
transportation receive a greater boost from services from DARS than people in
the beneficiary group with longer paratransit commutes. For this situation to
result in negative estimates, it would have to be the case that all of the follow-
ing are true: a) prior to receipt of services, both groups face poor job prospects
because of their disabilities; b) people in the beneficiary group also face poor
prospects due to their limited mobility; ¢) this additional limitation does not
disadvantage the beneficiary group further; and d) after receiving VR services,
the disability penalty for both groups decreases, but, for the beneficiary group,
this improvement is offset by the now binding mobility penalty. For such a
situation to result in negative estimates, it would also have to be the case that
the true effect of paratransit on labor market outcomes is close to zero so that
the interaction results are primarily driven by the difference in labor market
outcomes between the beneficiary and placebo groups in the post period. Al-
though possible, it seems unlikely that all of these conditions would hold and
drive our results.

We view the final listed explanation, imprecise beneficiary/placebo group
definitions, as a likely contributor to some of our unintuitive empirical results.
Ultimately, while there are negative, significant estimates in both Tables 9
and 10, we find the set of results based on the transportation available ben-
eficiary /placebo group definitions (Table 9) to be implausible but the overall
set of estimates based on the maintenance services group definitions in Table 10
to be reasonable. Using the latter definitions, only the earnings interactions for
individuals with physical impairments are consistently negative and significant,
but the employment effects for those individuals are almost all positive and sig-
nificant. The pattern of results across the two definitions suggests that people
with transportation available are not a good placebo group for people without
transportation available. However, the people who received maintenance ser-
vices were a relatively similar group of individuals to people who did not prior
to the receipt of VR services.

6.4 Economic Significance

Therefore, we proceed by comparing interactions based on the maintenance
services receipt definition to the estimates from DPSS to provide a sense of
economic significance relative to other interventions. Tables 11 and 12 contain
transportation variable effect estimates from both DPSS and our study (denoted
as either DPSS or CSY in the first column of the tables). Table 11 reports the
effect of a change in the given transportation measure on employment propen-
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Table 11: Employment Effects of Transportation Variables by Disability Group
Cognitive Impairment Mental Iliness Physical Impairment

Short Run LongRun Short Run Long Run  Short Run  Long Run

Dpss  Transportation Available : 0.167+* i 0,053+ : 0,013+
Has Driver's License 1 0.176+* ] 0.100** 1 0.119**
T PUDic Transportation EXists 1 -0.027 | -0.004 | 0082%  -0.047 #] 0030% -0.024
PMT per Capita l 0000 006+l 0006 0008 | 0072** 0042**
CSY  VOMS per Capita l-0004  -0123##! 002 0010 | 0072* 0003
VRH per Capita 10006 0004 ! 002  000* | 0096 0084*
UPT per Capita 1-0088**  0165**1 0054** 0082* | 0104* 0074*
Notes:

1) DPSSeffects of transportation variables do not distinguish between the short and long run.
2) Both DPSSand CSY effects are calculated by scaling to a 1-standard deviation change in variable in the estimated
double-difference correlations to make them comparable to the DPSS effects. See the appendix for details.

sity, disaggregated by disability group. Table 12 provides analogous estimates of
the effects on conditional log quarterly earnings. To facilitate meaningful com-
parisons across transit measures based on different units, we report the effect
of a one standard deviation increase in each given variable. The DPSS models
do not allow transportation measures to have differential effects in the short
and long run, so only one effect is reported for transportation available and
has driver’s license. As described in Section 4, our estimates are calculated as
the difference between the change in correlations for the beneficiary and placebo
groups. The CSY effects are obtained by adjusting those double difference corre-
lation estimates to allow for comparisons with the coefficient estimates in DPSS.
The DPSS results are the same marginal effects as those previously reported in
Figure 3. The CSY double difference estimates are obtained by multiplying cor-
relations similar to those presented in Table 8 by a scaling factor that is easily
calculated from sample statistics. The intuition behind the derivation of this
scaling factor is that marginal effects are identified from the covariation of the
given labor market outcome with the transportation measures (net of covaria-
tion with other explanatory variables), and our correlations are a function of
that same covariance. Thus, we are able to derive a way to convert the latter
measure into an approximation of the former. Note that estimates reported are
approximations of the true marginal effects because they are based on deriva-
tives of the objective function with respect to the paratransit measures which
hold only locally. See Appendix 2 for full details of the adjustment process.

In order to provide a better sense of the magnitudes of our estimates relative
to those related to the personal transportation variables in DPSS, we also plot
the DPSS effects alongside the long-term CSY effects from Tables 11 and 12 in
Figures 4 and 5. The figures also plot the 95% confidence interval for each effect
to highlight which effects are significant.

For individuals with cognitive impairments, the “Long Run” column in Table
11 and the first grouping in Figure 4 show that two out of the five paratransit es-
timates (PMT and UPT) indicate significant, positive employment effects that
are of similar magnitudes to the transportation measures from DPSS (reporting
that one had access to transportation or a driver’s license).*> Additionally, the

42We also note the significant, negative effect of VOMS on employment propensity. There
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Table 12: log Quarterly Earnings Effects of Transportation Variables by Disability
Cognitive Impairment Mental Illness Physical |mpairment

Short Run Long Run Short Run Long Run Short Run Long Run

DPSS Transportation Available : 0.305** : 0.039** : 0.070**
Has Driver's License ] 0.213** 1 0.156** ] 0.154**
"""" Public Transportation EXists )01 % 0006 | 0060 0017 | -0.166## -0.206 ##
PMT per Capita -0179# 0141* |-0080 0085 |-0128# -0.120##
CSY  VOMS per Capita |-013 0152** 1 0.128 0154+ 1 0026  -0.154##
VRH per Capita |-0127 0054 | 0025 0137+ 10082 -0.195 ##
UPT per Capita 1 0016  -0053 | 0295* 0.38* 1 0.083 0.088 *
Notes:

1) DPSS effects of transportation variables do not distinguish between the short and long run.
2) Both DPSSand CSY effects are calculated by scaling to a 1-standard deviation change in variable in the estimated
double-diifference correlations to make them comparable to the DPSS effects. See the appendix for details.
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“Long Run” column in Table 12 and the first grouping in Figure 5 indicate that
the long-run effects of the PMT and VOMS paratransit measures on the change
in conditional log quarterly earnings after receipt of VR services are both posi-
tive, significant, and of the same order of magnitude as the DPSS measures.*?
The patterns suggest that, for people with cognitive impairment, paratransit is
a viable alternative to personal transportation. Improved paratransit leads to
statistically and economically significant increases in both employment propen-
sities and conditional earnings.

The second groupings in Figures 4 and 5 present analogous results for clients
with mental illness. Figure 4 shows that the personal transportation effects are
larger than the paratransit effects which are not statistically significant or nega-
tive. However, the conditional log quarterly earnings effects for these measures
in Figure 5 are of similar or greater magnitudes than the DPSS effects. The
long-run effect of an increase in UPT is roughly 2.5 times larger in magnitude
than the has driver’s license effect and 10 times larger than the transporta-
tion available effect. These results suggest that, for people with mental illness,
improved paratransit systems may improve long-run earnings outcomes. This
increase in earnings (but not employment) is consistent with a more flexible,
more reliable system allowing a VR client to work longer hours and/or pick up
additional shifts. These work hours effects may also compound if they translate
into increased productivity and higher wages. It is not fully clear why paratran-
sit does not also have an effect on the employment propensities of this group
of individuals. One possibility is that clients with mental illness receive more
non-transportation related maintenance services than their peers in the other
disability groups.** If so, our beneficiary group contains more individuals who
do not benefit from paratransit than for the other groups and our mental illness
results are biased. For this to be the case given that we find strong earnings
effects, the true earnings effects would have to be small in magnitude, while the
true conditional earnings effects would have to be much larger. This is because
the beneficiary/placebo definitions are the same for both the employment and
earnings groups, so both sets of estimates would be biased in this scenario.

Finally, the third grouping in each figure displays the relative magnitudes
of the employment and conditional log earnings results for people with phys-
ical impairments. Three of the five earnings effects (PMT, VHR, and UPT)
are statistically significant and positive. All three of these employment effects
have magnitudes that are bracketed by the corresponding DPSS effects. Table
11 shows that people with physical impairments receive nontrivial, short-run
employment benefits from improved paratransit, and there is some evidence

are two such employment effects across all of our measures. These effects are a departure
from the overall pattern of employment effects, and we are not sure what would result in
these unintuitive results given that pattern.

43 Although the 95% confidence interval for the PM T effect in Figure 5 contains zero, Table
12 indicates that the 90% confidence interval does not.

44Table 1 provides evidence that is consistent with this possibility but does not provide
conclusive evidence. A greater percentage (30.1%) of clients with a mental illness receive
maintenance services compared to those with a cognitive or physical impairment (25.1% and
15.1%, respectively).

31



that those effects persist to the long run. Figure 5 shows that those gains are
offset by robust, negative conditional earnings effects in the long run that are
similar in magnitude to the personal transportation effects. The negative log
earnings effects could occur because paratransit increases the likelihood that
people with more severe physical impairments are able to obtain jobs after the
receipt of DARS services (selection effect). Alternatively, paratransit may make
VR clients more willing to accept lower-paying jobs because their commuting
costs are reduced (compensating differential effect).

Taken together, the magnitude of the estimates in the tables and figures
provides evidence that paratransit is a potentially important determinant of
the labor market outcomes of VR clients relative to the effects of other forms
of transportation. More precisely, the pattern of estimated existence and ef-
ficacy effects suggests that just having paratransit in one’s community is not
helpful but having good paratransit in one’s community is.*> None of the public
transportation exists effects are positive and statistically significant, but at least
two system efficacy measures have a positive, significant effect on employment
and/or earnings for each of our three disability groups. In other words, we find
that efficient, high-quality paratransit has economically and statistically signif-
icant effects on the employment outcomes of individuals cognitive impairment,
mental illness, and physical impairment. That these effects are not trivial in
magnitude relative to those associated with measures of personal transporta-
tion is a striking result, in and of itself. Traveling by automobile is more flexible
than traveling by public transportation, and Phillips (2016) shows that employ-
ers take the characteristics of employee commutes into account when making
personnel decisions. Additionally, use of personal transportation may be associ-
ated with less-severe limitations among people in the VR population. Both ar-
guments suggest that the personal transportation effects should dominate their
paratransit counterparts, but this is not the case.

The lack of robust patterns and the existence of significant, negative effects
in some of our specifications suggest that better measures of the availability,
efficacy, and use of paratransit are needed to measure the role that paratransit
plays in the labor market outcomes of disabled people. At the same time, our
analysis implies that further study of this topic is warranted and has the poten-
tial to have important policy impacts. Our findings suggest that VR programs
may be able to improve the labor market outcomes of their clients and /or reduce
program expenditures by helping clients make better use of existing paratransit
services in their communities.

45We define “good,” or high-quality, paratransit by defining its converse. When paratransit
systems do not function well, riders complain of late and missing vehicles, slow service, rude
dispatchers, long waits to schedule trips, lack of responsiveness to complaints, inexperienced
drivers, and inappropriate behavior by drivers (National Council on Disability, 2005). All of
these issues can render a system unusable for VR clients who would otherwise benefit from
paratransit services.
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7 Conclusions

Results from previous work by DPSS suggest that maintenance services (such as
transportation assistance) provided by VR agencies have negative effects on la-
bor market outcomes. These findings suggest that VR agencies face a problem.
They provide numerous services, at significant expense, for many clients who
have access to transportation only through the VR agency. Due to this con-
straint, such VR clients have limited opportunity to achieve the ultimate goal
of their VR training: finding gainful, long-term employment. In theory, para-
transit systems should ameliorate transportation problems for disabled people.
But there is significant variation in the availability and efficacy of paratransit
systems (e.g., Mattson, 2015; Denson, 2015), so not all VR clients have access
to paratransit that is of sufficient quality to be of use (if they have access to
paratransit services at all).

In this work, we assess the impact that access to and the efficacy of public
paratransit has on VR program effectiveness. Our results suggest that people
with physical impairments who need transportation assistance while receiving
VR services benefit from the availability of high-quality paratransit services af-
ter VR services end. The employment propensities for that group increase, but
their conditional earnings also decline on average. The positive employment ef-
fect can be interpreted in a straightforward manner as beneficial to VR clients,
but earnings effects are much more nuanced because they are conditional on
employment. Viewed together, this combination of results is consistent with
high-quality paratransit allowing people with more significant impairments to
find employment. Alternatively, high-quality paratransit may act like a com-
pensating differential. Individuals deciding whether they are willing to accept
a job offer will do so only if the benefits (primarily, earnings) exceed the costs
of employment (including the commuting costs). If access to better paratran-
sit decreases the cost of employment, then more individuals will be willing to
accept a given offer, and those on the margin will be willing to work for lower
wages. These employment effects are extremely strong in the short run, though
many also persist to the long run.

There is evidence that high-quality paratransit improves the labor market
outcomes of people with a cognitive impairment or mental illness, but this ev-
idence is less robust than for those with physical impairments. Our results for
these VR clients display patterns that suggest paratransit affects each group
differently. Why paratransit effects and the mechanisms they suggest differ
by disability group is left as an open question. Exploration of these differences
with more detailed data is an exciting avenue for future research. For peo-
ple with a cognitive impairment, estimated effects are similar in magnitude to
personal transportation effects and often statistically significant. This suggests
that paratransit is an attractive option for most individuals with this condition.
For individuals with mental illness, our results show that quality paratransit in-
creases conditional earnings but not employment propensities. We do not know
why paratransit has no effect on employment propensities for this group of VR
clients. Again, interpreting the earnings effects conditional on the employment
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results, this combination of effects is consistent with better transportation al-
lowing individuals with these conditions to work more hours and/or earn higher
wages.

Taken together, our results beg for continued study of this topic; it is likely
to be informative to both VR and paratransit policymakers. We offer several
suggestions for future work. First, better collected data on the availability
and quality of paratransit is necessary. Such data likely would improve the
accuracy of our estimates, provide greater insight into which elements of effective
paratransit systems (reliability, flexibility, speed, etc.) improve employment
outcomes, and understand the mechanisms through which those characteristics
operate. An unresolved issue is how to measure the relevant paratransit service
area, but data on the origins and destinations of paratransit trips for numerous
agencies (Deka and Gonzales, 2014) could inform this topic.

Second, ideal data for this research question would link VR agency and em-
ployment information (as in DPSS) to information on available transportation
options for clients. One way to obtain such data would be to have VR agen-
cies collect this transportation information from their clients. Alternatively,
researchers could geocode the home and work locations of VR clients (subject
to appropriate confidentiality protocols). Researchers could then use this geo-
graphic information to determine the public commuting options available and
their associated costs (Clapp, 2017).

Finally, while our work provides evidence of a new margin for VR agencies to
explore, it does not conclusively show that relaxing transportation constraints
is a cost effective way for agencies to improve the labor market outcomes of
their clients. To address this question, future work will need to conduct a full
cost/benefit analysis of the provision of VR services and paratransit. Doing
so will require coupling estimates of the costs of providing both VR and para-
transit services with work (similar to this project) that translates both VR and
paratransit services into employment and wage effects.

Overall, we interpret our findings as evidence that access to high-quality
paratransit plays an important role in determining the labor market outcomes
of VR clients. This suggests several possible policy improvements for providers
of both VR and paratransit services. First, the regularity of commutes suggests
that there may be ways for paratransit providers to share costs with other,
non-disabled potential riders along the route. Second, it may be worthwhile
for VR agencies to continue to provide maintenance transportation in the short
run, giving their clients time after finding a job to secure a more permanent
means of transportation. This is especially important since our results indicate
that transportation availability is crucial in the short run. Alternatively, VR
agencies may wish to explore creative solutions to their clients’ transportation
constraints. These might include adding driver’s education to the menu of avail-
able VR services, facilitating the formation of carpool arrangements between
clients (both current and former), or developing relationships with ride-sharing
companies that would be willing to transport clients to work (or mass-transit
hubs) pro bono or at a reduced rate.
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8 Appendices

Appendix 1: Vocational Rehabilitation Services

The definitions in this appendix are taken, word-for-word, from Dean et al.
(2015).

e Diagnosis & evaluation are provided at intake in assessing eligibility and
developing an IPE.

e Training includes vocationally-oriented expenditures for on-the-job train-
ing, job coach training, work adjustment, and supported employment.

e Education includes tuition and fees for a GED (graduate equivalency de-
gree) program, a vocational or business school, a community college, or a
university.

e Restoration covers a wide variety of medical expenditures including dental
services, hearing/speech services, eyeglasses and contact lenses, drug and
alcohol treatments, psychological services, surgical procedures, hospital-
ization, prosthetic devices, and other assistive devices.

e Maintenance includes cash payments to facilitate everyday living and cov-
ers such items as transportation, clothing, motor vehicle and/or home
modifications, and services to family members.

e Other services consists of payments outside of the previous categories such
as for tools and equipment.

Appendix 2: Methodology to Construct Correlation Co-
efficients across Data Sets

Consider a latent variable model,*

ff = Wid+¢;, i=1,2,.,n,
¢, ~ #dN(0,1),
fi = T(fj)

where £, is observed, £} is unobserved, and Y (£}) is a (possibly) nonlinear
function of &;. Equations (3) and (4) provide a binary choice example where

T (&) = 1(& > 0).47 Equation (5) provides a linear model example where,

K2

46 The normality assumption is not necessary here and is made only for concreteness.
4"Equations (1) and (2) also provide such an example, but they are not relevant to the
exercise described in this appendix.
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implicitly, T (£}) = &; and the restriction on the Var (¢;) = 1 can be relaxed.
)

Define the generalized residual (Gourieroux et al., 1987) for the model as

C=E(& —Wid|¢).
Next, consider some other random variable
P, ~ iid (1, 73)

with %
B(&1P) = pgp (Pi=my). (11)
at least locally, i.e., when P; — p,, is small.*® In the case of this paper, P; should

be thought of as one of the paratransit variables included in equations (6) and
(7) and described in Section 5.3. Let

o n~! Zizl (Pi_ﬂp)
< =1y (P */‘p)z

be a consistent estimator of PZip Then, by definition, the estimated correlation
of the generalized residuals and P is

(12)

n=t Zza (P — ) -
VI S8 s (- )]

Using equation (12), we can write

o DU (P ) V1,8

pPEp = :
q \/[n—l Zz (Pz _ MP)Q} [n_1 Zzzﬂ \/nfl ZZ (Pz . Np)

~

Corr (Z, P) =

— Cre
= Corr (C,P) =

Op
Then, using estimates of Corr (Z, P), 3 and o0,, we can evaluate E (ZZ | B-)

from equation (11) and get an estimate of the marginal effect of P; on &;. One
should recognize that this is only a first order approximation of the effect except
in restricted cases where equation (11) holds no matter the size of P; — u,,, e.g.,

(Zi, Pi) ~ 13dN (0, ) with covariance matrix V.

48 This occurs globally for a large class of models where

(5)-C )+ ()

! . . .
where v = (v1, l/2) has a zero mean and a finite covariance matrix.
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