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Introduction to the Special Issue

Robert M. Schmidt
University of Richmond

Kevin Hollenbeck
Upjohn Institute

Kirsten L. Rowe
Virginia Department for Aging and Rehabilitative Services

Schmidt, Hollenbeck, et al.Return on investment (ROI) and cost-benefit analyses
of the public vocational rehabilitation(VR) program in
the United States have a long history, from the first pub-
lished studies by Bellante (1972), Conley (1969), and
Worrall (1978) to a number of more recent publications
(see, for example, Bua-Iam & Bias, 2011; Bua-Iam,
Hampton, Sink, & Snuffer, 2013; Cimera, 2010; Dean,
Pepper, Schmidt, & Stern, 2015, 2017; Schmidt et al.,
2019 (this issue); Uvin, Karaaslani,& White, 2004; Wil-
helm, 2013).While they have taken different ap-
proaches, existing VR-ROI studies have attempted to
accurately estimate the full cost of VR as well as its eco-
nomic benefits for program participants and, in some
cases, for employers and taxpayers. VR-ROI estimation
methods have become increasingly more rigorous in re-
cent decades, and have increasingly focused on
state-specific program impacts, as access to state-level
administrative data on VR program participants, the VR
services they receive, and their employment histories
has increased.

The work currently being carried out by the Vocational
Rehabilitation Return on Investment (VR-ROI) Project
– a Disability and Rehabilitation Research Project
funded by the National Institute on Disability, Inde-
pendent Living and Rehabilitation Research – repre-
sents perhaps the most rigorous approach to estimating
ROI for state VR programs. The purpose of this special
issue is threefold:

1. To highlight conceptual, methodological and ethi-
cal considerations for VR program administrators
and others interested in developing and using
VR-ROI estimates;

2. To provide an overview of the VR-ROI Project
and key features of its approach to estimating
ROI for state VR programs; and

3. To describe the results of recent VR-ROI Pro-
ject analyses of the VR programs in two states.

The first article, by Hollenbeck, offers an introduc-
tion to basic economic concepts and calculations
used in estimating ROI and applies them to the VR
context. It is followed by Hopkins’ article on social
ROI and its potential importance for the public VR
program. Froehlich, Bentley, Emmanuel, and
McGuire-Kuletz then discuss ethical consider-
ations for policymakers and practitioners in using
the results of ROI analyses.

These articles are followed by Clapp, Pepper,
Schmidt, and Stern’s discussion of conceptual is-
sues in developing ROI estimates for state VR pro-
grams and Stern, Clapp, Pepper, and Schmidt’s dis-
cussion of data issues in developing valid VR-ROI
estimates. Rowe, Ashley, Pepper, Schmidt, and
Stern then provide an overview of the VR-ROI pro-
ject and its approach to estimating ROI, and
Schmidt, Clapp, Pepper, and Stern describe the re-
sults of the project’s recent analyses of program
impacts and ROI estimates for the state VR pro-
grams in Virginia and Maryland. The final article
in this special issue by Brown and Ashley consid-
ers ROI estimation in the broader context of evalu-
ating the performance of state workforce develop-
ment systems.

As discussed by McGuire-Kuletz and Tomlinson,
government agencies of all types are being asked
by elected officials, the public, and the media:
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What kind of positive impact is being delivered
by your agency’s service, and how much are
those services costing taxpayers? Return on in-
vestment (ROI) studies are one of several power-
ful tools for vocational rehabilitation (VR) to
demonstrate relevance (2015, p. xii).

Our hope is that the articles in this special issue will
serve as a resource for VR program administrators
and others interested in making effective use of this
powerful tool.
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What is ROI?

Kevin Hollenbeck
Upjohn Institute

Abstract. An investment is a transaction in which an investor exchanges resources that the
investor owns or controls for an asset that is expected to have value in the future. One type
of investment is a vocational rehabilitation (VR) agency providing an individual with
services, with the expectation that the individual will experience positive labor market or
other lifestyle outcomes. The return on investment, ROI, for such an investment is
calculated from the net payoff (benefits minus costs) that occurs as a result of the
investment. This article lays out the basic principles used in calculating ROIs, and
discusses how the ROIs for VR differ depending on the perspective: the VR agency, the
individuals served, or society.

Keywords: Return on investment (ROI), cost-benefit analysis, discount rates, present value, net present
value, vocational rehabilitation, multiple perspectives about ROI

HollenbeckWhat exactly is this entity that is referred to as return on
investment (ROI)? Let’s take the last word first. An in-
vestment is a transaction in which an investor exchanges
resources that the investor owns or controls for an asset
that is expected to have value in the future. The transac-
tion may be financial, in which an investor exchanges
money in return for the right of ownership to an asset
that is expected to increase in value in the future. The
transaction may involve time, such as an individual
spending the time to listen to his or her friend’s issues
with the expectation that the time and interest will help
the friend resolve the issue. The transaction may in-
volve program services such as a rehabilitation agency
providing an individual with services, with the expecta-
tion that the individual will experience positive labor
market or other lifestyle outcomes. Financial invest-
ments usually involve the exchange of one asset for an-
other. The investment occurs at a point in time (when
the rights of ownership are transferred), and the com-
modities that are exchanged are stock variables. The
other types of investments mentioned in this paragraph
involve the exchange of flow variables (time spent or
provision of services to customers). The costs of flow
variables require an accounting period. Note that the in-
vestor can be an individual, a group of individuals, a
corporation or firm, a government agency, or even soci-
ety as a whole.

The first word in ROI, i.e., return, is calculated
from the net payoff (benefit minus cost) that occurs
sometime after the investment is made. The expec-
tation of a positive payoff is usually the raison
d’être for the investment. As with the investment
itself, the payoff may be financial or nonfinancial.
An example of the former would be proceeds from
the sale of a financial asset that appreciated in
value. An example of the latter would be the im-
proved self-confidence and functioning of an indi-
vidual who has participated in a rehabilitation pro-
gram.

Calculation of ROI requires two elements, each of
which involve time. These are (1) the costs of the
investment and when they occur and (2) the bene-
fits to be received from the investment and when
they accrue to the investor.

In general, cost is defined as the value of the re-
sources that are given up in the investment transac-
tion. Calculation of an ROI requires monetization of
these costs. For financial investments, monetization
is often an easy matter of knowing the price of the
asset that is purchased. Of course, an investor may
need to make a financial arrangement in order to
make the transaction. The “cost” of any such ar-
rangement (present value of the payments made to
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obtain the finances necessary for the investment minus
the value of the commodity that was received) is part
of the cost of the investment. For investments of time
or services offered, monetization of the cost requires
assumptions about the value of those entities over the
period of time when the time was invested or services
were rendered; that is, the accounting period.

Receiving benefits is generally the purpose of the in-
vestment. As is true from the cost side, calculation of
an ROI requires monetization of the benefits. For fi-
nancial investments, monetization is accomplished
by knowing (or estimating) the price of the purchased
asset at the particular time when the ROI is to be cal-
culated. When benefits include nonfinancial charac-
teristics, monetization requires assumptions about
the value of the benefits received at that point in time.

In general, benefits or costs that occur in the future
are considered stochastic (have an element of statisti-
cal uncertainty), and assuming that a reasonable set
of probabilities can be assigned, ROI calculations
will use the expected values of the benefits and costs.
An ROI that is calculated at the time when the invest-
ment is being contemplated or taking place is re-
ferred to as an ex ante ROI. If it were to be calculated
after all of the benefits and costs have occurred, then
it would be an ex post ROI. If an investor contem-
plates buying a lottery ticket, the ex ante ROI might
be $.49 on the dollar. From the lottery winner’s view-
point, the ex post ROI might be $1 million on the dol-
lar. The ex ante ROI is useful in the decision-making
process for the investment. The ex post ROI may be
of use in gauging the success of an investment or for
accountability reasons.

Oftentimes it will be the case that an investor will
want an estimate of the ROI sometime after the in-
vestment has been made, but before all of the benefits
or costs have occurred. In that case, the investor
needs to specify whether to use only realized values
of benefits and costs or to extrapolate benefits and
costs beyond the data.

We typically think of investments being made in a
current period and the returns on those investments
accruing to the investors at a later time period. But, in
general, a dollar in the future is worth less than a dol-
lar today. This is because a dollar today can be saved
and earn interest, and because the purchasing power
of a dollar today is greater than a dollar in the future,
assuming that there is some inflation. For a financial
investment, we use interest rates to adjust for the
changing time value of money. To make a fair and
even comparison of the benefits and costs of an in-

vestment, we adjust the future returns with an interest
rate.

In the mathematical terms displayed in the next few
paragraphs, a vector is italicized and a scalar is in Ro-
man typeface. For example, let I be an investment
made in 2018 and suppose R, the return to that invest-
ment, will be received in 2019. To calculate the ROI
of this investment, we need to compute a ratio that in-
volves both R and I. But even though they are both
measured in dollars, we cannot directly compute the
ratio because a 2018 dollar is worth more than a 2019
dollar. In particular, the 2018 dollar is worth (1 + r)
times the 2019 dollar, where r > 0 and represents the
interest rate that would be earned if the dollar were
saved. Consequently, if we were to calculate the ratio
of benefits to costs, i.e., R/I, from the perspective of
2018, we need to put both values in 2018 dollars by
deflating R by 1/(1 + r). This deflation of R yields the
present Replace with “the equation” that return by [1
/(1 + r)2] because the investment in 2018 would have
2 years of interest and purchasing power.

The general formula for the present value of flow of
monetary returns that will be received in the future
that are adjusted with an interest rate r is as follows:

(1) PV (R) = R1/(1 + r) + R2/(1 + r)
2

+ R3/(1 + r)
3

+ . . . + Rt/(1 + r)
t

where

R= vector of future returns to be received in future
periods 1 through t

Rt = return that is received in period t

r = interest rate

A more general version of this formula would allow
the interest rate to vary across time periods. Because
in practice, this is usually not done, and for ease of
exposition, we present the less general version. If the
costs of an investment—not just the benefits—flow
into the future, the returns in equation (1) should be
net returns, i.e., benefits minus costs. Within this
framework, r is often referred to as the “discount
rate” because future returns are discounted back to
lower present values. An important consideration in
calculating present value is the precise definition of
the time period. In practice, time periods are usually
monthly, quarterly, or annual.

The net present value of an investment, I, that gener-
ates a stream of future net benefits, R, is simply the
present value of R minus I. The usual decision rule is
that an investment is rational if its net present value is
greater than or equal to 0. It is irrational to invest if
the net present value is negative, a sign that the in-
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vestment does not even result in a payoff that is as
large as the investment.

Related to the concept of an ROI is the internal rate of
return (IRR) of an investment. The IRR is the rate of
interest that equilibrates the present value of the re-
turns from an investment to the cost of the invest-
ment. In Equation (1), it is the r that would make the
present value equal to the investment cost. In other
words, it is the discount rate that makes the net pres-
ent value equal to 0.

In general terms, the ROI at time t for an investment I
is equal to the ratio of the present value of the net re-
turns received or expected to be received in every pe-
riod up until t to the investment. Note that embedded
in the present value of the net returns is an assumed
interest or discount rate. Equation (2) shows this gen-
eral ratio:

(2) ROIt = PVt (R) / I

where

R = flow of actual or expected net returns from the
investment

PVt (R) = present value of R through period t,

ROIt = return or expected return on investment per
period as calculated at time t

The investment’s ROI would be calculated from
equation (2) using a t that is sufficiently large that the
net returns to be accrued from the investment after t
are negligible. The ROI that results from equation (2)
will be a decimal. It provides the investor with a net
return in dollars per dollar invested. It can be ex-
pressed as a percentage by multiplying by 100. If the
period used is not a year, the ROI can be converted to
an annual rate. For example, if the time period is a
quarter, then the annualized ROI will equal (1 +
ROI)4 – 1.00. Finally, it can be expressed as a pay-
back period, i.e., the length of time it will take for the
numerator to equal the denominator.

The next section of this article enumerates the unique
circumstances that arise when attempting to estimate
an ROI for any workforce development program, but
especially vocational rehabilitation (VR). Programs
typically have multiple stakeholders, and the final
section discusses how ROIs may be calculated for
each stakeholder group.

ROI in the VR Context

VR may be thought of as a type of capital investment,
in particular, human capital investment. Individuals

receive services from VR agencies that are intended
to increase the individuals’ human capital, i.e., skills
and knowledge that are productive in the workforce.
This article assumes that any resources spent by VR
agencies on job development or other services to em-
ployers as dual customers would be appropriately ap-
portioned to individual customers as the goal of those
services is assumed to be improved labor market out-
comes for individuals. The financial payoff for the
individual comes from higher levels of earnings
(through employment, hours, or wage rates), and in
addition to financial payoffs, there are generally sub-
stantial nonfinancial or intangible benefits as well.

Calculating the ROI for VR programs is more com-
plicated than calculating an ROI for a financial asset.
That is because the VR agency is the primary inves-
tor, but the agencies’ clients are the recipients of most
of the benefits. That is, the beneficiaries of the invest-
ment are for the most part different from the investor.
This complication results in the possibility of three
separate ROIs – one for the VR agency, one for cli-
ents, and one for society as a whole. The next section
discusses the issue of multiple perspectives and how
these three are interrelated.

Program administrators are interested in agency
ROIs because of the widespread interest in reducing
government spending at all levels—federal, state,
and local. In theory, a prudent investor or a
policymaker focusing on their fiduciary responsibil-
ity for taxpayer funds should use ROIs to guide in-
vestment/budgetary decisions. Their marginal dol-
lars should be invested in assets or programs that
have the greatest ROI. Of course, policymakers may
need to balance their fiduciary responsibilities with
the goals of serving the broad interests of society.
Thus, program advocates want to be able to show
high ROIs in order to maintain or grow their pro-
grams.

The U.S. Department of Education noted: “Projects,
initiatives and efforts should be prioritized based on
the lifecycle return on investment to the agency while
taking into account economic, environmental, social,
and mission related costs and benefits” (U.S. Depart-
ment of Education, 2011, p. 9). From the agency per-
spective, the costs of serving individuals represent an
investment of taxpayers’ funds. The return to that in-
vestment for the agency (taxpayers) comes from the
taxes and other revenue generated from the addi-
tional earnings of clients who have increased their
human capital and from the additional economic ac-
tivity generated by those clients plus reduced social
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insurance costs. Hollenbeck and Huang (2003, 2006,
2014, 2016) have shown that these ROIs are usually
negative.

For the individual, the investment is typically the
time that is spent in interacting with the VR agency
and in training. VR statutory and regulatory provi-
sions allow state agencies to establish criteria for fi-
nancial participation by individuals with disabilities
in the cost of some services. So in some cases, indi-
viduals are financing their investment out of their
own pocket. In general, however, these costs are not
captured in state agency data, and generally have the
effect of understating the total cost of purchased ser-
vices data for that individual. Economists typically
value this time as forgone earnings. The return to in-
dividuals, as noted above, comes in the form of in-
creased earnings. Hollenbeck and Huang (2003,
2006, 2014, 2016) have estimated the individuals’
ROIs to be positive and quite large.

The remainder of this section will examine ROI from
society’s viewpoint. The investment is made by tax-
payers and the returns are, for the most part, garnered
by clients served. The benefits that accrue to clients
who receive VR services are manifold. They poten-
tially include improved self-esteem, improved labor
market outcomes, improved health outcomes, and
improved quality of life. For the sake of argument,
suppose these benefits could be monetized and that
we call them B. To calculate the present value of the
benefits, we slightly change equation (1) as follows:

(3) PV(B) = B1/(1 + d) + B2/(1 + d)
2

+ B3/(1 + d)
3

+ . . . + Bt/(1 + d)
t

where

PV(B) = present value of benefits received by client

Bt = client’s benefit from the VR services received in
period t

d = discount rate

Note that equation (3) is intended to show that the
present value calculation for the receipt of benefits
from program services is analogous to the present
value calculation for a financial investment. The Bt

terms are the monetized value of benefits received in
period t. The “art” of an ROI calculation is to esti-
mate the value of benefits, especially when intangi-
ble benefits are included. However it should be noted
that a conservative approach is to use increased earn-
ings as the Bt terms. If the ROI is positive with earn-
ings as the only benefit received, then it would be
even larger if other benefits could be monetized.

In equation (3), future benefits from the VR services
provided are discounted at rate d, rather than adjusted
by an interest rate r. The principle is exactly the
same, however. Benefits are not worth as much in the
future as they would be worth today. However, deter-
mining what discount rate to use in calculating an
ROI is not as easy as looking up an interest rate. The
discount rate d reflects customers’ time preferences
(for money). If a customer has immediate, dramatic
financial concerns, then his or her discount rate will
be high (he or she prefers receiving the financial ben-
efits sooner). On the other hand, if the customer has
more of a long-term perspective, then his or her dis-
count rate will be lower. Typically ROI studies will
use discount rates in the 0.03 to 0.05 range.

Suppose that a VR program in a state spends $10,000
to provide services to a customer, and then the cus-
tomer earns $3,000 more than if he or she had not re-
ceived the services, every year for 5 years. Further
suppose that this customer’s discount rate is 0.05.
The present value of these services using earnings as
the only monetized benefit would be $12,988.43. The
net present value of the services would be $2,988.43.
The ROI of the services would be 29.88% for a
5-year period, or 5.37% annually. Calculations are as
follows: PV = $3000 * (1/(1 + 0.05) + 1/(1 + 0.05)2 +
1/(1 + 0.05)3 + 1/(1 + 0.05)4 + 1/(1 + 0.05)5) =
$12,988.43. NPV = $12,988.43 - $10,000 = $2,988.43.
ROI for 5 years = $2,988.43 / $10,000 = 29.88%. An-
nual ROI = 1.2988.2 = 1.0537. The IRR for this in-
vestment is 15.24% annually. This means that the in-
vestment is rational for taxpayers as long as the dis-
count rate is less than or equal to 15.24%.

Multiple Perspectives

As noted, VR can be thought of as a co-investment
between the customer and the agency. The costs of
providing services are generally borne by the agency,
although in some cases, the customer may bear part
of the financial costs. Again, this article assumes that
resources spent by VR agencies on job development
or other services to employers as dual customers
would be appropriately apportioned to individual
customers as the goal of those services is assumed to
be improved labor market outcomes for individuals.
More generally, participants are investing their time
and effort when they receive services, which is val-
ued by using forgone earnings, using the individuals’
actual wages if they are employed or imputed wages
based on education and other characteristics. As
noted above, the benefits to the customer may in-
clude increases in earnings as well as other intangible
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benefits. The benefits to the state agency are the po-
tential of increased tax receipts or reduced social in-
surance costs. With two investors, it is possible to es-
timate two separate ROIs (as well as a single ROI that
combines the two investors.)

Table 1 summarizes the costs and benefits of VR ser-
vices for customers and the government. Note that
the government column is labeled as being the agent
for taxpayers. So government expenditures are as-
sumed to be financed by taxpayers and thus are costs
to them; government revenues are assumed to benefit
taxpayers. In addition, the table has a column that
adds the first two. The final row of the table shows
the net benefits to each of the parties and is derived
by summing the columns. The entries in the table
represent the expected monetary costs (-) or benefits
(+) to the group.

The top two rows of the table show the investment
costs for the entities. The costs of direct program ser-
vices, including purchased services, and stipends are
in the first row of the table. Stipends are a benefit for
participants, although they may be lessened by any
payments as noted in footnote 8. The program ser-
vices are beneficial for customers, but their monetary
value comes from any labor market or intangible out-
comes that result from the services. So the plus in that
entry are relatively small. These services and sti-

pends are unambiguously a large investment cost for
the government and taxpayers. So the first row’s en-
try for the second and third columns are negative.
The second row of the table shows that participants
are investing their time and effort in receiving educa-
tion and training or other services. This opportunity
cost does not affect the government (or taxpayers).

Rows 3-8 of the table show the potential benefits to
customers and the government. Receiving program
services increases the human capital of customers and
leads to better labor market outcomes. When individu-
als become employed, they become productive mem-
bers of the workforce. If program participants are in-
cumbent workers, then program activities will im-
prove their productivity. In rows 3 and 4, we show that
rehabilitated/ rehabilitating workers receive higher
earnings (through increased employment, wages, or
hours) as well as higher fringe benefits.

In the fifth row, we show that increased levels of em-
ployment and turnover due to skills learned or ac-
commodations received. We indicate that this is a
cost to program participants because they are losing
nonwork or leisure time, although it is likely to be a
small cost that customers don’t even recognize. The
sixth row shows that customers may lose unemploy-
ment compensation benefits or lower social insur-
ance or disability program benefits (DI, SSI,
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Table 1

Components of an ROI Analysis

Benefit or cost Customers Governmenta Societyb

Investment

1. Direct and purchased services/stipends + - -

2. Time spent in education/training or - 0 -
receiving other services

3. Higher earnings + 0 +

4. Fringe benefits + 0 +

5. Less leisure time with increased employment - 0 -
6. Lower unemployment/Social insurance/ - + 0

disability payments

7. Income/payroll taxes - + 0

8. Value of intangible + 0 +

Net returns

9. Total + - +/0/-

Note. a including VR, acting as agent of taxpayers; b Sum of columns 1 and 2



Medicaid, SNAP, TANF, and others). The reduction
in these benefits is a positive for government agen-
cies. In general, we assume that transfers such as
these net out to be zero.

With higher levels of earnings and employment
come higher tax liabilities. These are denoted in row
7. Workers will pay higher payroll taxes, which is a
cost to them. The government receives the tax reve-
nue, which is a plus for it. As with the transfers in the
sixth row, these additional tax payments are assumed
to offset.

The eighth row, which is often ignored in cost-bene-
fit or ROI analyses shows that customers receive
benefits that are not easily valued such as improved
self-esteem, improved health, improved housing sit-
uations, or others. As noted, the conservative ap-
proach to calculating ROIs is to ignore this row (or
equivalently assume it is zero). This will underesti-
mate the true ROI.

The table shows that the expected net benefits, and
thus ROIs, for VR participants are positive. The sti-
pends that they receive and their increased earnings
(net of taxes) will exceed their time costs and reduced
social insurance benefits. The expected net benefits,
and thus ROIs, for the government are negative,
however. The direct cost of providing services is un-
likely to be totally offset by eventual increased pay-
roll taxes, or reductions in social insurance benefits.

When one looks at the ROI for the third column, i.e.,
the government is the investor and the customers are
the beneficiaries of the investment, the result cannot
be unambiguously predicted. The ROI will be posi-
tive if the sum of the after-tax labor market outcomes
and value of the intangibles exceed the costs of pro-
viding rehabilitation services and stipends.
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Social Return on Investment: An Important
Consideration for State Vocational Rehabilitation

Programs

Betsy Hopkins
National Disability Institute

Abstract. A more traditional method of estimating the ratio of net benefits and costs or a
return on investment (ROI) is one way for agencies to indicate the financial benefits that
these programs realize. In contrast, social return on investment (SROI) is a relatively new
approach that can be used to help determine the value of social benefits gained by
individuals with disabilities who obtain competitive integrated employment (CIE). This
paper will discuss and give examples of the benefits of specific SROI methods in assessing
employment outcomes for individuals with disabilities, which may be particularly
important in estimating the overall value of the public vocational rehabilitation (VR)
program.

Keywords: Return on investment (ROI), social return on investment (SROI), cost benefit analysis,
vocational rehabilitation, competitive integrated employment, social value

HopkinsIn a time of dwindling resources, federal and state
agency administrators, along with the taxpayers who
fund those agencies, want to ensure that funding is pro-
vided to entities that will minimally meet or preferably
exceed program expectations and outcomes while stay-
ing within their budgets. One way for agencies to show
how they are doing this is to estimate the ratio of the net
benefits and costs involved with these programs, often
called the return (benefits) on investment (costs) or
ROI. Extant ROI analyses typically limit the estimation
of benefits to items or activities that are measured finan-
cially. This paper will discuss the relationship between
and importance of including social as well as financial
benefits in estimating the value of the public vocational
rehabilitation (VR) program.

As someone who has worked in the field of rehabilita-
tion for over 25 years, and most recently as the director
for the Maine general VR agency, I have firsthand expe-
rience with the need to be able to show taxpayers, legis-
lators, and others that the program had a positive im-
pact. While Maine VR never developed formal ROI es-
timates, we were able to show positive results. For
example, the 758 individuals who exited our program in

CIE during federal fiscal year 2017 collectively
earned over $13,500,000 in annual wages, with
their weekly wages from application to closure in-
creasing an average of $215 (Maine Department of
Labor, 2017).

This kind of information, while important in dem-
onstrating the benefits of the public VR program to
participants, does not include consideration of the
costs associated with serving those individuals.
When speaking to individuals, family members, or
providers of services of individuals with disabili-
ties, particularly those with the most significant
disabilities, it would be helpful to be able to show
the social as well as the financial benefits of work-
ing in CIE. Using both methods could help encour-
age individuals by raising expectations so they and
their families believe that they will succeed in CIE
the same as anyone else. Measuring and showing
positive social gains for individuals with signifi-
cant disabilities who work in CIE has mostly been
done to date by sharing individual success stories
of those who talk about the differences working in
CIE has made in their lives. These stories are im-
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portant; however, developing and using a more for-
mal approach to estimating the social return on in-
vestment (SROI) could help clearly measure social
gains to show another side of the effectiveness of the
public VR program.

Historical Perspective

In the United States, the passage of the Rehabilitation
Act of 1973 and subsequent amendments to the Act
in 1978, 1986, and 2014 ensured that the funding
streams and the majority of available resources and
services were to be funneled toward people with
more significant disabilities within the public VR
programs (Rubin & Roessler, 1987). Two important
pieces of civil rights legislation for people with dis-
abilities were the Americans with Disabilities Act of
1990 (ADA) and the Rehabilitation Act Amend-
ments of 1992. These critical pieces of legislation
represented the start of a philosophical and practical
view of people with disabilities as individuals valued
by society who should be able to realize full civil
rights under the law. Specifically, these Acts in-
cluded language that encouraged full participation
for individuals with significant disabilities in rehabil-
itation programs and access to employment in their
communities (Rubin & Roessler, 1987). Even with
the passage of these important pieces of legislation
and the increased focus of supports for people with
significant disabilities in employment, only 18.7 per-
cent of working age people with disabilities were em-
ployed in 2017. In contrast, the employment-popula-
tion ratio for those without a disability was 65.7 per-
cent (Bureau of Labor Statistics (BLS), 2018).

Return on Investment (ROI)

When estimating an ROI for a state agency such as a
public VR program, the “financial benefits or gains
when receiving services from VR often take the form
of increases in earnings that accrue because customers
become employed, change jobs, get increases in hours
of employment, increases in wage rates and/or in-
creases in benefits” (McGuire-Kuletz & Tomlinsen,
2015, p. 11). When considering the costs associated
with an individual going through a state VR program,
there is the investment cost, which is the resource cost
of initiating the investment, and then there are the on-
going costs that occur after the investment is made
(McGuire-Kuletz & Tomlinsen, 2015). Again, using
VR as an example, a participant may have received
training and time with a VR counselor to oversee their
program (investment cost), and then be referred to a

vendor for assistance in finding a job and job coaching
(ongoing costs).

One challenge with solely using financial cost bene-
fit analyses or strict ROI formulas may be that they
do not take into account the added social value that is
crucial to consider when evaluating an organization,
program, or strategy that supports the inclusion of in-
dividuals with the most significant disabilities in CIE
(Sturmey & Didden, 2014). Cimera (2000) points out
that on the benefit side of a cost benefit analysis
(CBA), some of the benefits will have “obvious dol-
lar values (e.g., wages earned); others will not (e.g.
increased self-worth). In a CBA, program outcomes
that do not translate into monetary values are not in-
cluded and this is often cited as a weakness of this
type of evaluation” (Cimera, 2000, p. 146).

Social Return on Investment (SROI)

The concept of SROI has developed over the last 20
years. It was first articulated in the United States in
1996 by Jed Emerson at the Roberts Enterprise De-
velopment Foundation (REDF) (Nicholls, 2016).
Some reasons given by REDF for the development of
SROI concepts and methods included the need to an-
swer questions such as: “how do we as practitioners
and philanthropists know whether we are accom-
plishing the goals we set for ourselves, how can we
continue to make informed decisions about the
on-going use of our resources, and how can we deter-
mine that funding is truly having an impact that re-
sults in quantifiable benefits to individuals and to so-
ciety?” (Nicholls, 2016, p. 128). REDF felt the need
to think about measurement of their programs be-
yond the use of a more traditional CBA to address
these questions.

In 2004, with a grant from the Hewlett Foundation, a
small working group of SROI practitioners in the
United States and Europe broadened the scope of
SROI and developed a number of standards for ac-
countability, including the Principles Standard and
Stakeholder Engagement Standard. These standards
helped SROI methods move away from the more tra-
ditional CBA and ROI in that they incorporated the
importance of stakeholder involvement in determin-
ing the pertinent issues related to specific social gains
to be measured (Nicholls, 2016). this ultimately re-
sulted in new guidance where SROI was defined as
“a process of understanding, measuring and report-
ing on the social, environmental and economic value
created by an organization” (Scholten, 2006, p. 12).
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In determining a simple SROI today, one would at-
tempt to account for the nonfinancial benefits and
costs not often included in a traditional ROI estimate.
“An SROI puts those affected at the heart of the pro-
cess and uses a mix of qualitative and quantitative
data. SROI is seen as an approach that monetizes out-
comes, which can then be aggregated to create a mea-
sure of efficiency with which resources are turned in
to value” (Nicholls, 2016, p. 127). Some examples of
nonfinancial benefits might include the areas found
in the eight life domains for considering quality of
life developed by R. Schalock (Brown, Hatton, &
Emerson, 2013): emotional well-being, interpersonal
relations, material well-being, personal develop-
ment, physical well-being, self-determination, social
inclusion and rights.

There are no current SROI methods created specifi-
cally to measure the social returns for people with
disabilities served by the public VR program. How-
ever, there is a SROI guide which came out of the
work of the new economics foundation (NEF) and
the development of the European SROI Network,
formed in 2006 to help practitioners share their expe-
riences (Nicholls, 2016). This guide, developed by
the Scottish Government (Social Value UK, 2012),
lays out a step-by-step method which could conceiv-
ably be applied to measuring a variety of social re-
turns. This guide sets out six stages with a chapter de-
voted to each stage for conducting an SROI analysis:

• Establish scope of analysis and identify key stake-
holders

• Map inputs, outputs and outcomes

• Identify outcome indicators and give them a value

• Establish impact of the program/activity

• Calculate the SROI

• Report and share findings with stakeholders and
embed outcome processes in order to verify the re-
port

In addition to the stages listed above, this guide uses
a set of core principles when developing and carrying
out an SROI: Involve stakeholders, understand what
changes, do not over-claim, only include what is ma-
terial or relevant, value the things that matter, be
transparent and verify the result (Cabinet Office,
2009). Based on the work of Nicholls (2016), Table 1
compares these principles to those of CBA or ROI.

Valuing Social Benefits

Perhaps the most difficult part of conducting an
SROI is doing the valuation of social benefits. A

promising technique that has the added advantage of
involving stakeholders is contingent valuation. Used
widely in environmental economics and real estate
appraisals (see, for example, Carson, 2012; Hoehn &
Randall, 1987; Schkade & Payne, 1994), contingent
valuation is a survey-based approach to determining
willingness to pay or willingness to accept certain
non-market situations. Essentially, individuals are
surveyed and asked to place a value on a certain
events or situations (e.g., avoidance of environmen-
tal degradation). What is suggested here is that stake-
holders could be asked to value social benefits such
as the feelings of self-worth that might be accom-
plished with competitive integrated employment.
The use of contingent valuation relies on appropriate
survey techniques: avoidance of strategic response
behavior and constraining responses to realistic val-
ues. This approach, while promising, has not yet been
used to estimate the value of potential social returns
for the public VR program.

Conclusions

The overarching themes of a recent review of the liter-
ature on employment services for individuals with dis-
abilities (Gidugu & Rogers, 2012), and the continued
significant underemployment of people with disabili-
ties across the country (BLS, 2018), point to the need
to improve employment services, opportunities, and
outcomes for individuals with disabilities. There are
discrepancies in the field about how best to do that.
Overall, it appears that the financial and social benefits
(for individuals, their families and society) outweigh
the alternatives, when individuals with significant dis-
abilities are working in their communities.

Reliable ROI methods can show how quality em-
ployment for individuals with significant disabilities
benefit consumers, families, taxpayers and society as
a whole. In addition to ROI methods, SROI methods
can also be used to measure and support social gains
that are made by individuals with significant disabili-
ties working in competitive integrated settings. There
is some concern that public policy makers, state and
federal agencies may use a financial ROI method to
ascertain that the financial investment in helping in-
dividuals with the most significant disabilities gain
independence does not produce a good enough finan-
cial return to warrant funding agencies to do this type
of work.

Research has shown a clear connection between em-
ployment, economic self-sufficiency, and better
health. In addition, there is a connection between em-
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ployment and community integration for people with
disabilities (Miller, Molina, Grossman, & Golonka,
2004). Furthermore, community integration is
strongly tied to increased quality of life, (Brown et
al., 2013) and employment services are more benefi-
cial than any other service in supporting community
integration (Brown & Brown, 2009). This is another
reason to consider the broader social benefits by us-
ing SROI methodology in addition to ROI methodol-
ogy to show how both financial and social gains posi-
tively impact individuals with significant disabilities,

their families, communities and employers when work
in competitive integrated work settings is encouraged
and supported.

The Rehabilitation Act of 1973 states “disability is a
natural part of the human experience and in no way
diminishes the right of individuals to live independ-
ently, enjoy self-determination, make choices, con-
tribute to society, pursue meaningful careers, and en-
joy full inclusion and integration in the economic,
political, social, cultural, and educational main-
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Table 1

Comparison of Principles for SROI to CBA/ROI

Social Value Principles CBA/ROI SROI

Involve stakeholders No stakeholder involvement required in
determining value, although stakeholders may
be consulted

Stakeholder involvement is key to help
in determining which activities will be
measured and how much value to place
on each

Understand what
changes

Focus on impact of change on financial
wellbeing.

Also focuses on changes in financial
well-being, however it goes a step
further by giving value to things that are
routinely left out of more traditional
economic appraisals

Do not over claim Documents sources and assumptions made in
valuing benefits and costs; often conservatively
overestimates costs and underestimates benefit

Once the activities are chosen that will
be measured, then a monetary value is
attached. This monetary value can be
somewhat subjective. As much as
possible, it is important to choose
credible financial proxies for different
indicators and only count them once.

Only include what is
material

Documentation of sources and assumptions
rationalizes materiality and relevance.

Clearly outlining the initial scope of the
project and then consulting with
stakeholders help to ensure material/
relevant factors are considered

Value what matters Money is used as a measure of the relative
value of outcome

It is important to choose the activities
that matter the most to the stakeholders
impacted by the change rather than those
easiest to measure

Be transparent Requires transparency in order to be
considered accurate - financial information
used in CBA and ROI formulas must be
backed up by agency audit and fiscal reporting
requirements

All decisions (regarding identification
and involvement of stakeholders, sources
and methods of data collection,
indicators and benchmarks, outcomes,
and communication of results) must be
explained and documented.

Verify the result Estimate usually uses verifiable information
(e.g., costs of services), although sometimes
includes projections of economic or
employment benefits into the future (which
may not be readily verifiable)

There must be appropriate independent
assurance of an SROI analysis by
checking that the principles of good
practice (including how data was
collected and assessed) in SROI were
followed



stream of American society” (Rehabilitation Act of
1973, Section 701 (a) (3)). Under this act, public VR
programs are tasked with providing services that help
individuals with disabilities enjoy and gain “full in-
clusion and integration” into society. In order to
show that these programs are successful, further ex-
ploration and study into the use of SROI methods
will help create sustainable evidence-based
practices.

Regardless of whether people have disabilities, the
social benefits of work are similar. Working in a job
that has meaning can provide a sense of self-worth, of
belonging by being included in a community of oth-
ers who have the same or similar goals, and can pro-
vide an opportunity for growth, learning, and chal-
lenge that improves connections in society and com-
munity that one may not otherwise have (Canadian
Association for Community Living, 2014). Even if
one’s current job is not the ultimate career goal, earn-
ing wages in the right job can give people a sense of
pride, purpose, and goals and set them on a path to
maintaining self-sufficiency (Brown et al., 2013).
With the continued movement toward integration of
people with disabilities in communities and employ-
ment settings, in addition to understanding the finan-
cial benefits that inclusion can bring, measuring so-
cial benefits can help policy makers, family mem-
bers, agency providers and others more clearly
understand why individuals with significant
disabilities can benefit from being included in
competitive integrated employment.
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Abstract. Ethical codes and principles guide research and practice. From the feedback
provided by its Advisory Council, the Vocational Rehabilitation Return on Investment
(VR-ROI) Project recommends eight ethical considerations to guide the analysis,
interpretation, and application of ROI data. These considerations are grounded in various
principles and sections of the Commission on Rehabilitation Counselor Certification’s
(CRCC) Code of Professional Ethics for Rehabilitation Counselors. The CRCC Code and
suggested ethical decision-making tools provide a framework for Vocational
Rehabilitation administrators and decision-makers.
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Return on investment (ROI) is a term that has been used
in both the private and public sector to describe the
eventual payoff for spending money (McGuire-Kuletz
& Tomlinson, 2015). The public vocational rehabilita-
tion (VR) program is an integral part of the statewide
workforce development system that provides a financial
ROI and other benefits to the individuals it serves as
well as to society at large (United States Department of
Education, 2017). With the implementation of the 2014
Workforce Innovation and Opportunity Act (WIOA)
and its expanded common performance measures, there
is a greater focus on evaluating program efficacy, par-
ticularly regarding the cost of such programs relative to
their benefits (United States Department of Education,
2014).

In response to WIOA and the growing emphasis on pro-
gram evaluation as a way of showing a financial benefit,
ROI methods are applied to illustrate the monetary

value of programs like VR. As discussed elsewhere
in this special issue, the Vocational Rehabilitation
Return on Investment (VR-ROI) Project has devel-
oped rigorous methods for estimating ROI based
on readily available administrative data from mul-
tiple sources. Discussions with participating state
VR agencies and the VR-ROI Project Advisory
Council regarding the project’s approach to esti-
mating ROI, and appropriate uses of the estimates,
led the project team to recognize the importance of
explicitly addressing various ethical considerations
associated with this type of program evaluation.
This article describes the VR-ROI Project’s recom-
mendations relative to the ethics of analysis, inter-
pretation, and application of ROI data for VR ad-
ministrators and decision-makers.
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Ethical Codes

Successful VR brings individuals with disabilities
into a collaborative relationship with an interdisci-
plinary team which can be comprised of counseling,
medical, school, and allied health professionals.
Business sector information and services (career de-
velopment, employment issues, and labor market in-
formation) must be considered by these professionals
when providing services. Most professions and orga-
nizations within academia, the private sector, gov-
ernment, and nonprofit sectors have individual codes
of ethics, but the purpose of the codes remains the
same. A code of ethics establishes a set of standards
and principles for a profession or organization. Ethi-
cal codes are important in any profession because
they inform decision-making processes and provide
guidance and safeguard a profession by outlining re-
sponsibilities, values, and standards for individuals
and organizations (Jamnik, 2011). Since the VR-ROI
Project integrates various disciplines, multiple codes
are relevant to the ethical considerations of the Pro-
ject including those from the business, evaluation,
and counseling disciplines.

Ethical codes vary by organization, and wider dis-
semination of the benefits of adopting these codes is
necessary to increase acceptance of business ethics
(Boda & Zsolnai, 2016). Financially based organiza-
tions have policies and procedures regulating ethical
business. All employees of the United States Food
and Drug Administration (FDA) are expected to fol-
low the Code of Ethics for Government Service
which was adopted by Congress in July 1958 (United
States Department of Health and Human Services,
2017). Some relevant business and evaluation-based
codes include the American Economic Association,
the American Evaluation Association, the American
Institute of Certified Public Accountants (AICPA),
the Certified Financial Planner Board (CFPB), the
International Economic Development Council
(IEDC), and the International Federation of Accoun-
tants (IFAC) with its’ International Ethics Standards
Board for Accountants (IESBA). Among these busi-
ness and evaluation-based codes, integrity is a com-
mon principle listed (American Economic Associa-
tion, 2018; American Evaluation Association, 2018;
AICPA, 2014; CFPB, 2018; IEDC, 2015; IESBA,
2016). Other guiding principles listed by most orga-
nizations include professionalism, objectivity, fair-
ness, trust, and honesty (American Economic Asso-
ciation, 2018; CFPB, 2018; IESBA, 2016). Confi-
dentiality and protecting the public interest are listed

as important by several organizations (CFPB, 2018;
IEDC, 2015; IESBA, 2016).

Multiple professional codes of ethics are also avail-
able for counseling and related professionals. These
include: American Counseling Association, Ameri-
can Psychological Association, Commission on Re-
habilitation Counselor Certification (CRCC), and
National Association of Social Workers (Ivey, Ivey,
& Zalaquett, 2018). The CRCC Code of Professional
Ethics for Rehabilitation Counselors (CRCC Code)
is most directly related to the operation of the VR
program. The CRCC Code addresses issues likely to
arise for VR professionals when applying employ-
ment-related techniques in their work with individu-
als with disabilities. These techniques include career
counseling, adjustment to the medical and psycho-
social impact of disability, program evaluation and
research, and employment-related tasks such as job
analysis, development, and placement services, job
accommodations, and rehabilitation technology
(CRCC, 2017).

Application of CRCC Code and Ethical
Principles to ROI

When an ROI approach is used, rehabilitation profes-
sionals should consider some essential concepts in-
cluding the ethical principles that form the foundation
of the CRCC Code. The principles include autonomy,
beneficence, fidelity, justice, nonmaleficence, and ve-
racity. The Code’s core principles echo and elaborate
on principles found in codes used in the business and
evaluation sectors. Autonomy refers to respecting the
client’s choice. Beneficence means prioritizing client
interests above all. Fidelity refers to trustworthiness
and being faithful. Justice refers to the equitable use of
available resources. Nonmaleficence ensures that re-
sults are not used in a manner that is harmful to clients,
and veracity refers to being honest (CRCC, 2017). The
codes and underlying principles are helpful tools when
making decisions relative to scarcity of resources,
confidentiality, evaluation and model selection and
development, communication with other profession-
als, and documentation. When conducting ROI evalu-
ations, it is important to utilize ethical decision-mak-
ing models, and to consider various sections of the
CRCC Code.

The analysis, interpretation, and application of
VR-ROI estimates require ongoing and discerning
feedback from multiple stakeholders. The VR-ROI
Project approach relies heavily on feedback from
multiple project constituencies in order to gain ac-
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cess to data, analyze that data in the correct context,
and present the estimates using dissemination prac-
tices grounded in the Code’s six core ethical princi-
ples. One important feedback mechanism is the
VR-ROI Advisory Council, a group consisting of
constituents with disabilities, administrators of VR
Programs, State Rehabilitation Council members,
economists, and policy experts. Throughout the life
of the project, the Advisory Council has provided
feedback on the ethical use and application of ROI
data and estimates. Educating others about the
VR-ROI approach can help guide future projects.
Some ethical considerations can be found below. It is
important to be aware that these ethical consider-
ations not only apply to ROI estimates; they should
be explored with any research/evaluation findings.

Do not use ROI to Screen Out Individuals

ROI estimates should not be used as a screening tool
for services. While estimates can be analyzed to iden-
tify a potential profile of services based on a certain
set of variables, this profile should not be considered
a recipe for all service recipients. Consistent with the
ethical principle of justice, ROI estimates are in-
tended to best direct resources toward effective reha-
bilitation options. As outlined in Section A.1 of the
CRCC Code, results should be applied in a manner
that is respectful of clients and promotes their best in-
terests. Diversity and the avoidance of bias should be
prioritized in rehabilitation counseling research
(CRCC, 2017). ROI estimates can be a powerful tool
for justifying services so it is important they are ap-
plied in an ethical manner.

Use Must be Compatible With the
Individualized Nature of VR Services

Rehabilitation outcomes are achieved and considered
successful when an individualized approach is used,
incorporating strengths and accommodations, and
addressing barriers and functional limitations, as out-
lined in Section A.1.b of the CRCC Code. This ap-
proach keeps to the principle of autonomy by re-
specting a consumer’s right to influence the develop-
ment of their counseling plan (CRCC, 2017). Using a
lock-step type of recipe or formula for identifying a
combination of services is not an effective use of ROI
estimates and tools. Rather than using a standardized
approach, it is important to consider the characteris-
tics of the consumer. Theories and assessments based
upon observations are most effective relative to gen-
erating discussion about options. ROI estimates are

no different. Any profile of services should meet the
needs of the consumers.

Report Findings Accurately to Ensure
Credibility

ROI estimates are calculated to tell the entire story
behind observed occurrences. They must be reported
even in instances where negative rates of return are
observed. Identifying the reasons behind positive and
negative returns meets the ethical principles of be-
neficence and nonmaleficence (CRCC, 2017). The
CRCC Code recommends that results not be mis-
used, and are reported accurately even if they are not
favorable (2017; Sections G.2.a, I.3.a, and I.3.b). If it
is determined that mistakes have been made, steps
must be taken to correct them (Section I.3.c).

Obtain Feedback From Key Stakeholders

Key stakeholders play a significant role in providing
feedback for a project. The VR-ROI Project seeks
feedback and consultation with multiple entities, in-
cluding economists, evaluation experts, legislators,
administrators, field staff supervisors, direct service
providers, consumers, and family members. The
CRCC Code recommends that researchers who do
not have oversight from an Institutional Review
Board (IRB) should seek consultation (CRCC, 2017;
Section I.1.e). Because IRB membership typically
does not represent the full range of stakeholders for
any given research project, we believe that such con-
sultation should be sought even when one or more
IRBs are involved, especially since the focus of IRBs
is on protecting the rights and welfare of human par-
ticipants in research. Involving stakeholders is con-
sistent with the commitment to upholding values out-
lined in the CRCC Code, including “enhancing the
quality of professional knowledge and its application
to increase professional and personal effectiveness”
(CRCC, 2017, p. 5). Section E.2 of the CRCC Code
provides guidelines for organization and team rela-
tionships including the use of interdisciplinary
teams, decision-making, documentation, and the in-
clusion of consumers as team members. Involving
stakeholders is also consistent with multiple ethical
decision-making models that indicate the importance
of gathering external feedback or consultation
(Corey, Corey, Corey, & Callahan, 2014; Cottone,
2001; Herlihy & Watson, 2007).

Journal of Rehabilitation Administration, 40(1), 2019

Ethical Considerations for VR ROI Page 19



Select ROI Method Carefully Based Upon
Needs

There is a need for continuous dialogue and consulta-
tion when reviewing and presenting estimates. Selec-
tion of ROI methods differs depending on the topic
and variables. Careful consideration is needed when
choosing a specific ROI method. A quicker calcula-
tion for some trends might be appropriate (for exam-
ple an initial exploration or evaluation of a service or
topic), or a more rigorous approach might be neces-
sary (to make a more definitive statement about a
trend). It is important to acknowledge limitations as-
sociated with the chosen method. Researchers or
evaluators must be competent in understanding and
applying the chosen method as supported by the ethi-
cal principles of justice, fidelity, and veracity out-
lined in Section D.1 of the CRCC Code (2017).

Evaluate Results to Avoid Broad
Generalizations

The generalizability of estimates needs to be ex-
plored. For example, if the data suggest that there is a
much lower rate of return for males receiving educa-
tion services than for females, it would be inappropri-
ate to decide to no longer provide such services to
men. Gender may be related, however other plausible
factors may include differences in regional public
school, pre-application earnings, or other regional la-
bor market issues. Before implementing policy
changes, thoughtful consideration of all factors and
findings need to be examined. There are a variety of
methods for avoiding broad generalizations includ-
ing considering the impact of applying any ROI find-
ing to a population, and carefully communicating re-
sults. All six ethical principles apply to this consider-
ation because they promote “the fundamental spirit
of caring and respect” of all individuals (CRCC,
2017, p.5).

Develop Safeguards to Investigate
Unanticipated Results

When results from analyses seem to not make sense,
it is important to investigate the underlying meaning.
ROI estimates may highlight a trend that a program is
meeting a need unrelated to the original charge. For
instance, a state VR agency may be providing dispro-
portionate funding for a medical need (for instance
hearing aids or eyeglasses) that cannot be covered by
other social service and allied health agencies. In or-
der to avoid inaccurate assumptions, it is important to
identify the context of such trends and engage in dia-

logue with decision-makers. This is consistent with
the ethical principles of nonmaleficence and verac-
ity, and Sections C.1, D.1.d, and I.3.a of the CRCC
Code addressing advocacy, avoiding harm, and re-
porting accurate results.

Do not Confuse Settings

Failure to acknowledge a false equivalence between
ROI for business investments versus workforce
training programs can lead to a misuse of ROI esti-
mates. For example, VR provides important services
that can greatly increase a person’s quality of life. In
such cases, the financial cost of providing the ser-
vices may outweigh the financial benefits to individ-
uals or to society at large. Failing to consider the
value of non-monetary positive outcomes associated
with VR programs, such as quality of life and in-
creased independence, ignores the fact that such pro-
grams are not meant to serve a sole business invest-
ment function. To ignore positive outcomes that are
difficult to measure is incongruent with CRCC Code
Section C: Advocacy and Accessibility. Applying
such a false equivalence contradicts Section C imper-
atives such as “promote opportunity and access, im-
prove the quality of life of individuals with disabili-
ties, and remove potential barriers to the provision of
or access to services” (CRCC, 2017, p. 12).

Use of Ethical Tests

There are several resources to aid in the ethical deci-
sion-making process. Professionals should consult
their relevant codes of ethics and seek consultation
when encountering ethical dilemmas. Ethical deci-
sion-making models and ethical tests can be utilized
to provide guidance. Questions include “Is the choice
I propose legal?” and “Does this choice comply with
our agency’s values?” There are various ethical tests
(Stadler, 1986); these include universality (Would
you recommend the chosen course of action to some-
one else?); publicity (How would you feel if the cho-
sen course of action was reported in your local news-
paper?); and justice (Would you want to see every-
one treated in the same manner as you selected?).
When making decisions, it is important to be guided by
an ethical decision-making tool. More information can
be found on the CRCC website at https://www. crccertif-
ication.com/decision-making-models.

Conclusion

Ethical codes are important, and can provide a frame-
work for decision-making. The VR-ROI Project
identified ethical considerations after engaging in
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conversations with Advisory Council members on
the application of findings. The CRCC Code pro-
vides guidance for understanding and applying the
ROI findings in accurate and responsible manner.
The proposed ethical considerations focus on the
goals of promoting and protecting consumers’ best
interests. The VR-ROI Project puts forth these ethi-
cal considerations to help VR professionals under-
stand the power of ROI findings and the need for eth-
ically applying information.
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Abstract. We provide an overview of the basic conceptual issues involved in estimating the
return on investment (ROI) of state vocational rehabilitation (VR) programs. Our aim is to
highlight some of the key issues in ROI evaluations, especially those associated with
estimating the benefits and costs of VR. Finally, we discuss different ways of implementing
ROI calculations and suggest that rate-of-return type analysis is appealing for VR
evaluations where there is no widely accepted discount rate.
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Clapp et al.Each year, over 1.3 million disabled adults receive ser-
vices from public-sector vocational rehabilitation (VR)
programs at a cost of around $3 billion per year. These
federally mandated state programs are administered by
80 different state-level VR agencies that work to ensure
that clients “achieve high-quality employment out-
comes” (U.S. Department of Education, 2018). In the
last decade, there has been heightened interest in pro-
ducing credible evaluations of whether these VR pro-
grams have been effective in meeting that goal. Several
recent reports from the U.S. Government Accountabil-
ity Office (2005, 2007, 2012) highlight the need for im-
proved data and evaluation methodologies. Addition-
ally, the 2014 Workforce Innovation and Opportunity

Act (WIOA), which requires formal reports on VR
clients’ post-program employment and earnings,
has further increased the need for updated and
credible data and evaluations. To do this, research-
ers often turn to a return on investment (ROI) anal-
ysis.

Return on investment analyses of state VR pro-
grams provide a succinct and useful measure of
program efficacy. ROI is a measure of investment
performance that compares the amount of financial
return or benefit relative to program cost
(Hollenbeck, 2019; McGuire-Kuletz & Tomlinson,
2015). For example, one commonly used ROI mea-
sure is the benefit cost ratio (BCR) which is the ra-
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tio of the present value of selected monetizable pro-
gram benefits to the present value (PV) of costs:

PV of Benefits
PV of Costs

For every dollar spent on a VR client, the BCR shows
how many extra dollars (in present value terms) the
client earns as a result. Therefore, if the BCR exceeds
one, the ROI is positive This BCR may vary across
individual VR clients. One may compute the BCR
for each individual or provide a summary measure
such as the mean, median, or some other quantile.

Another related ROI measure called the rate of return
is discussed in Section IV.

While the idea is straightforward, developing a credi-
ble ROI estimate is a difficult undertaking. Given the
available data, one must first estimate and monetize
the present value of the benefits and costs of VR ser-
vices and then, using basic mathematical formulas
such as the BCR, determine the ROI.

In this paper, we provide an overview of the basic
conceptual issues involved in estimating the ROI of
VR programs. McGuire-Kuletz and Tomlinson
(2015), and Hollenbeck (2019) provide a more de-
tailed and technical guide to VR-ROI analyses. Our
aim is to highlight some of the key issues in ROI
evaluations, not to provide an exhaustive how-to
guide. As such, this paper should help VR adminis-
trators, state program evaluators, policymakers, and
others appreciate the complexities involved in devel-
oping a credible analysis and interpreting ROI re-
sults. Much of this paper focuses on the central issues
involved in estimating the benefits of VR. This is the
most critical and demanding part of the ROI analy-
ses. After reviewing the issues involved in estimating
the benefits of VR in the first section, we then turn to
the more mundane albeit important issues involved
in determining the costs of VR and the ROI estimates
in the third and fourth sections, respectively. The last
section draws conclusions.

Estimating the Benefits of VR on Labor
Market Outcomes

As discussed in Stern, Clapp, Pepper, and Schmidt
(2019), impact evaluations of VR typically focus on
labor market outcomes (i.e., employment, wages and
earnings). Employment outcomes are of interest to
policymakers, and the primary objective of VR pro-
grams is to improve labor market outcomes (U.S. De-
partment of Education, 2018). Moreover, labor mar-
ket outcomes are easily quantified because they are
monetized. VR may also have important effects on

other outcomes such as self-esteem and independent
living skills but these outcomes are difficult to mea-
sure and quantify.

The basic idea of an impact evaluation is simple and
appealing. Program outcomes – for example, em-
ployment and earnings/wages – are measured and
compared to the outcomes that would have resulted
in the absence of the program. In practice, however, it
is difficult to design a credible evaluation where this
comparison can be made. The fundamental difficulty
is that client outcomes in the absence of the program
are counterfactual and not observable. What would
have happened to VR recipients had they not re-
ceived services?

The data alone cannot answer this question. This fun-
damental methodological problem, labeled the coun-
terfactual outcomes or selection problem, requires
that the evaluation design provide some basis for
constructing a credible estimate of the counterfactual
outcome. This is difficult in practice because VR cli-
ents (or their counselors) choose services based on
unobservable confounding characteristics that may
bias the counterfactual estimate. For instance, highly
motivated individuals may seek out and take full ad-
vantage of multiple VR services, then find success in
the labor market because of both that training and
their motivated attitudes. Had the individuals not re-
ceived VR services, they still might have enjoyed a
good deal of job-market success because of their
hard-working ways. In this scenario, the researcher
has no way of knowing whether positive labor mar-
ket outcomes are due to VR services or unobserved
client motivation because the counterfactual scenario
without VR assistance is unobservable. A positive
association between VR services and labor market
outcomes may reflect unobserved client attitudes and
motivation. This would result in an overstatement of
VR benefits (positive selection bias). Alternatively,
clients with significant impairments that limit their
potential returns in the labor market may attempt to
overcome the significance of their disabilities by
making use of multiple VR services. If the clients’
disabilities would have resulted in poorer than aver-
age labor market outcomes in the absence of VR ser-
vices, the effects of those services will be understated
(negative selection bias).

More generally, unobserved characteristics such as
ability, attitude towards work (e.g., motivation),
health status, family support, local labor market con-
ditions, access to transportation, and support from
other related programs may affect both the decision
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to receive substantial VR services and labor market
outcomes. Thus, any observed relationships between
VR service receipt and labor market outcomes could
be spurious. A selection problem results from the
facts that a) individuals may select themselves into a
treated group that receives substantial VR services or
an untreated group that does not receive substantial
services based on their expectation of the resulting
labor market outcome and b) the data alone cannot
reveal what the counterfactual labor market out-
comes would have been.

In a randomized controlled trial (RCT) research de-
sign, concerns about selection are negated by ran-
domly assigning subjects into either a treatment
group that receives substantial VR services or a con-
trol group that does not receive substantial services.
In this setting, the decision to assign services is exog-
enous or unrelated to the labor market outcomes. In
practice, selection bias may also impact an RCT if
some individuals assigned to the treatment group do
not follow through on treatment (dropout bias)
and/or individuals assigned to the control group ob-
tain similar treatment outside of the program (con-
tamination bias). Although a useful benchmark to
keep in mind, the RCT design is infeasible in most
VR settings where counselors and agencies are reluc-
tant to, or possibly even prohibited from, randomly
assigning different VR services to clients.

With administrative data on VR clients (see Stern et
al., 2019), conclusions about the counterfactual out-
comes depend critically on what data are available
and what assumptions the evaluator brings to bear.
Although this problem can be resolved if the employ-
ment data are combined with sufficiently strong as-
sumptions, there is no established solution to the
counterfactual outcomes problem that is valid in all
settings. Labor economists have long recognized this
as the central problem in addressing the impact of job
training programs (Friedlander, Greenberg, & Rob-
ins, 1997; LaLonde, 1995). Hotz (1992) provided a
framework for the Governmental Accountability Of-
fice that laid out several options for evaluation of the
public-sector VR program in a non-experimental set-
ting that presents a variety of techniques to control
for the problem of selection bias inherent in such vol-
untary programs. Imbens and Wooldridge (2009)
provide a summary of some of the recent develop-
ments in program evaluation methodologies. As
such, establishing credible estimates of what the out-
comes would have been without the program is the
most critical and demanding part of an impact evalu-
ation. When those estimates are convincing, the ef-

fects found in the evaluation can be attributed to the
program rather than to any of the many other possible
influences on the outcomes (e.g., unobserved moti-
vation, health issues or functional limitations, imper-
fect controls for local economic conditions, or unob-
served support from other programs). Otherwise, the
evaluation may be misleading. For example, a simple
comparison of the employment outcomes of treated
and untreated clients may not estimate the true im-
pact of VR services. Any differences in labor market
outcomes could be due easily to one or more of the
aforementioned preexisting differences between the
groups. The job of a good impact evaluation design is
to neutralize or rule out such problems.

Three Simple Evaluation Designs

To illustrate the counterfactual outcomes problem in
a relatively simple setting, we reexamine the data
from Dean, Pepper, Schmidt, and Stern’s (2018)
analysis of the Virginia General VR program on cli-
ents diagnosed with physical impairments. Since cli-
ents receive services for an average of about two
years, we focus on employment outcomes three years
after the application quarter. This analysis is based on
a pre-WIOA period and uses pre-WIOA data.

Table 1 displays the quarterly employment rates one
year before and three years after the application for
VR services in state fiscal year (SFY) 2000 for cli-
ents who received substantial VR services and those
who did not receive substantial services. Manski and
Pepper (2018) provide a similar illustration in their
analysis of right-to-carry gun laws. Following the lit-
erature, we refer to these two groups as the treated
and untreated, respectively.

These data may be used to compute three simple esti-
mates of the effect of VR services on employment
rates. A “before-and-after” analysis compares em-
ployment rates for treated clients, yielding the esti-
mate -0.11 (0.41 – 0.52). This estimate suggests VR
reduces the employment probability by 11 percentage
points. Contemporaneous comparison of the treated
and untreated yields the estimate 0.13 (0.41 – 0.28),
suggesting VR increases the employment probability
by 13 percentage points. The difference-in-difference
(DID) estimate compares the time-series changes in
employment rates for the treated and untreated, yield-
ing the estimate 0.14 [(0.41-0.52) - (0.28 – 0.53)]. This
estimate suggests VR increases the employment prob-
ability by 14 percentage points.

These three estimates yield different empirical find-
ings. Given the validity of certain assumptions, each
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might appropriately measure the effect of VR on the
employment rate of Virginia’s clients with physical
impairments in SFY 2000. However, the assump-
tions that justify the interpretations differ across esti-
mates, and there is no guarantee that any of the requi-
site assumptions are valid. Moreover, even if the un-
derlying assumptions are valid, there are several
reasons this type of analysis may not reflect the true
social benefits of VR services (Dean et al., 2017).
First, these estimates do not account for the potential
displacement of non-VR participants, particularly if
VR services do not improve the VR participant skills
or the job matching process. Second, VR services
may lead to improved self-esteem and other social
benefits associated with increased attachment to the
labor market as well as a resulting reduction in use of
the social welfare system. While society does not
benefit from reduced transfer payments or increased
tax revenues – taxpayer gains exactly offset VR par-
ticipant losses (except for changes in deadweight
loss) – social benefits may result from reduced ad-
ministrative cost associated with welfare programs
and increased VR participant utility due to reduced
welfare dependence, improved health status, and ac-
cess to health care insurance (LaLonde, 1995). At the
same time, the deadweight costs of taxation may
change if welfare receipt and tax payments change.

The “before-after” analysis is correct if one can cred-
ibly assume that no determinant of employment, in-
cluding health status or the local labor market,
changed over the four-years between the pre- and
post-application periods except for receipt of sub-
stantial VR services. In this illustration, the assump-
tion does not appear to hold, at least for the untreated.

The employment rate for the untreated fell from 0.53
one year prior to the application quarter to 0.28 three
years after the application quarter. Since the un-
treated group did not receive substantive VR ser-
vices, something else must have changed, possibly
their health and/or local labor market conditions.
This casts doubt on the validity of the “before-after”
assumption and analysis.

The contemporaneous comparison of employment
rates is correct under the assumption that the treated
and untreated had the same employment propensities
and faced the same labor market environments ex-
cept for the fact that the treated received substantial
VR services. This is commonly referred to as the ex-
ogenous or random selection assumption that is cred-
ible in RCTs, but it is not generally credible in obser-
vational studies where treatments (i.e., VR service re-
ceipt) are self-selected. A particular concern is that
the collaboration between counselors and clients in
determining a plan for services (i.e., the Individual-
ized Plan for Employment) may be influenced by a
client’s propensity to find employment. In this case,
the observed association would be spurious: treated
clients would have higher or lower employment rates
regardless, depending on whether the selection bias is
positive or negative.

Finally, the DID finding is correct if one can plausi-
bly make the assumption that, in the absence of VR
services, the treated and untreated would have expe-
rienced the same change in employment rates. As
with the before-after analysis, the DID model alone
only estimates the effect of VR for treated clients. To
use this model to estimate the effect for the full popu-
lation of clients, one needs to combine the DID as-
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Table 1

Quarterly Employment Rates by Application Quarter and Treatment Status, SFY 2000 Virginia General
VR Agency Clients with Physical Impairments

Group2

Period1 Untreated Treated

Pre-Application 0.53 0.52

Post-Application 0.28 0.41

Note:

1. The period is four quarters before (pre) or twelve quarters after (post) the date when the VR clients ap-
plied for services in SFY 2000.

2. The treated group received substantial VR purchased services. The untreated group did not.



sumptions with a homogeneity assumption that the
effect of VR on employment is the same for the
treated and untreated clients. This often is formalized
using a linear mean regression model that assumes
the effect is the same for all clients.

Clearly, the credibility of this approach depends on
whether the “untreated” are a reasonable comparison
group – that is, do the untreated clients provide infor-
mation on the counterfactual trends in the employ-
ment rates for the treated clients? To proxy for those
trends, researchers have used a number of different
internal comparison groups in practice. Those groups
include individuals who apply but drop out of the
program after being determined eligible and appli-
cants who are ‘’screened-out’’ (e.g., persons whose
disabilities are too significant for them to benefit
from VR services or those whose disabilities do not
constitute or result in a substantial barrier to employ-
ment). As with the contemporaneous comparison
analysis, a common concern with this approach is
that the treatment decision – whether it is made by the
client deciding to drop out or the VR counselor who
screens out – may, in part, be based upon beliefs
about either a client’s propensity to find employment
or the efficacy of services for that client.

All three of these research designs are commonly used
in the literature on the impact of VR programs, fre-
quently in the same evaluations. To determine the im-
pact of workforce development programs in Texas,
King, Tang, Smith, Schroeder, and Barnow (2008),
and Smith, Christensen, and Cumpton (2015) use a be-
fore-after design to evaluate the effects of low-inten-
sity services and contemporaneous comparison to
evaluate the effects of high intensity services (relative
to low intensity services). Hollenbeck and Huang
(2006), and Maryns and Robertson (2015) use both
contemporaneous comparison and DID methods to
evaluate Washington state’s and Minnesota’s workforce
programs, respectively, while Uvin, Karaaslani, and
White (2004), and Wilhelm and Robinson (2013) use
all three methods to evaluate the VR programs in Mas-
sachusetts and Utah.

While these three approaches are widely used, it may
be difficult to credibly address the selection problem
using the internal comparison groups they are all
based on. VR services are not likely to be randomly
assigned, and any imaginable control group is likely
to differ in ways that may lead to spurious correla-
tions in the observed data and biased employment
impacts.

One common but potentially problematic approach
for addressing this concern is to statistically account
for observed factors such as age, gender, disability
status and severity, and so forth. In this case, re-
searchers assume that VR service receipt is exoge-
nously or randomly assigned conditional on the set of
observed covariates even if it may not be exogenous
when excluding such control variables from the anal-
ysis. A related approach statistically matches clients
to untreated individuals based on observable charac-
teristics to construct the most similar counterfactual
group (Hollenbeck & Huang, 2006). Yet, the fact that
clients with the same covariates receive different ser-
vices suggests that confounding unobserved factors
may play a role in the selection process.

Other Evaluation Designs

Given concerns that VR services are generally not
randomly assigned, other model-based evaluation
designs have been applied in the literature assessing
VR programs. Dean and Schmidt (2005a), for exam-
ple, address the selection problem by modeling the
joint relationship between earnings and VR service
receipt using the Heckman (1979) two-stage selection
model. Aakvik, Heckman, and Vytlacil (2005) use
similar statistical modelling approaches to evaluate
VR programs in Norway. More recently, Dean et al.
(2015, 2017, 2018, 2019) combine the basic structure
of the DID model of labor market outcomes with a
model of VR service receipt decisions. By formaliz-
ing and estimating a model jointly describing how
treatments are selected and outcomes determined,
these studies can evaluate the impact of VR services
in the presence of the selection problem. While these
nonlinear simultaneous equations models allow re-
searchers to formally model the selection problem,
they are theoretically, statistically, and computationally
complex. This makes them difficult to estimate and
evaluate. In contrast, the before-after, contemporane-
ous comparison, and DID models in the previous sec-
tion that take realized treatments as given and only
model outcomes are relatively more straightforward.
For example, Dean et al. (2015, 2017, 2018, 2019) in-
clude three jointly determined equations to reflect the
mix of services provided, clients’ choices to work,
and their earnings conditional on working. Since the
selection problem occurs because unobserved char-
acteristics may affect both service and labor market
outcomes, the researchers model all three relation-
ships as a function of random, unobserved compo-
nents or error terms. Using this model, they allow
services to be assigned based in part on expected la-
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bor market outcomes through those unobserved com-
ponents.

Finally, a well-established approach to address the
selection problem exploits some observed covariate,
termed an instrumental variable (IV), which has no
direct effect on employment outcomes but does in-
fluence VR service receipt. In statistical terminology,
the IV is said to be independent of employment out-
comes but not service receipt. This type of exogenous
variation has been shown to help estimate the impact
of the treatment. A number of possible observed vari-
ables might serve as credible instruments for evaluat-
ing the impact of VR services. For example, a client’s
distance to a VR field office and service provider ca-
pacity in a specific geographic area might be related
to whether a VR applicant receives services but unre-
lated to labor market outcomes. Likewise, an order of
selection regime may serve as an instrument that is
correlated with service receipt but not labor market
outcomes.

Dean et al. (2015, 2017, 2018, 2019) use the propen-
sity of a client’s VR counselor to assign specific ser-
vices as an instrument, arguing that counselor ten-
dencies impact VR service receipt but are not directly
related to labor market outcomes. As a simplified but
intuitive example to illustrate how this IV addresses
the selection problem, one can think of there being
two types of counselors with respect to a particular
service type: high and low propensity. High-propen-
sity counselors decide that every client requires sub-
stantial VR services of that type, and low-propensity
counselors decide that no client should receive sub-
stantial services of that type. If counselors are ran-
domly assigned to clients, or at least if the assignment
is unrelated to future labor market outcomes as the
researchers argue, then the unobserved factors asso-
ciated with the assignment to VR services are effec-
tively exogenous, just as in a RCT (Dean et al., 2015,
2017, 2018, 2019).

Two Other Issues

We highlight two other issues related to impact eval-
uations that are particularly salient for ROI analyses.
First, it is important to recognize there is variation in
the types of VR services and the types of impair-
ments of VR clients. Second, there may be differ-
ences between the short- and long-run impact of VR.

Accounting for heterogeneity in VR services and
in the client population. VR agencies provide a
wide range of different services to clients with a wide
range of disabilities and other characteristics. The de-

cision of how to account for this variation, or hetero-
geneity, in services and client circumstances is a key
issue in designing an impact evaluation. If the esti-
mated impacts differ by type(s) of service received
and the type of limitation, the ROI is likely to vary
across services and individuals.

Most evaluations classify clients as either receiving
or not receiving substantial VR services. Dean et al.
(2002) and Dean et al. (2015, 2017, 2018, 2019) ag-
gregate VR services into six types: (1) diagnosis and
evaluation, (2) training, (3) education, (4) restora-
tion, (5) maintenance, and (6) other; and allow these
six services to have different labor market effects.
Moreover, the authors evaluate the impact of VR ser-
vices on clients with specific types of impairments
(e.g., mental illness, cognitive impairments, and
physical impairments) rather than the entire case-
load, and account for a number of different observed
factors, including age, race, gender, years of school-
ing, and the severity of the disability. Except for
Dean and Dolan (1991), and Dean et al. (2015, 2017,
2018, 2019), the existing state-level evaluations of
VR services either ignore differences in limitations
entirely (Bua-Iam & Bias, 2011; King et al., 2008;
Maryns & Robertson, 2015; Wilhelm & Robinson,
2010) or distinguish among clients with different dis-
abilities only by including dummy variables for type
of impairment in regression models (Hollenbeck &
Huang, 2006; Uvin et al., 2004).

Measuring long run benefits. VR services are
thought to have long-run labor market benefits that
may be important to account for in an ROI calcula-
tion. Dean and Schmidt (2005b), for example, argue
that the 10-year ROI is too conservative since earn-
ings gains may be incurred many years after the pro-
gram. The problem with conducting a lifetime ROI
estimate is that the data used to evaluate VR pro-
grams do not include lifetime labor market profiles.
The longest panel used in the literature evaluating
VR programs is the Dean et al. (2015, 2017, 2018,
2019) analysis of applicants to the Virginia general
VR agency in SFY 2000 which uses the quarterly la-
bor market outcomes of clients for ten years post-ap-
plication. Mann, Honeycutt, Bailey, and O’Neill
(2017) track VR client outcomes for up to seven
years after service receipt. Without the full lifetime
labor market profile, which may be too time consum-
ing and costly to assemble, analysts face the problem
of trying to use near-term, observed labor market
data to draw conclusions about lifetime, unobserved
labor market outcomes. To resolve this problem, re-
searchers impute the longer-run benefits from the

Journal of Rehabilitation Administration, 40(1), 2019

Page 28 Clapp et al.



shorter-run outcome data. Imputing long-run bene-
fits requires assumptions mapping observed data and
benefit estimates to future benefit forecasts. The
problem is that there is not a single set of assumptions
for the extrapolation problem that credibly applies in
all settings (Manski, Newman, & Pepper, 2002). This
problem may be mitigated in cases where short- and
intermediate-run outcomes imply a high rate of re-
turn. In such cases, the discounted longer run out-
comes may not matter enough to change the basic
qualitative conclusion.

Estimating the Costs of VR

Relative to estimating the impact that VR services
have on client outcomes, determining the cost of pro-
viding VR is straightforward. ROI studies of VR
generally ignore the counterfactual outcomes prob-
lem when assessing costs. In this case, one merely as-
sembles the realized costs data on VR services and
administration. (Yet, there could be a selection prob-
lem if there is heterogeneity in costs related to unob-
served client characteristics.) Data from the state
agency’s client data system and from the Rehabilita-
tion Service Administration’s Annual Vocational
Rehabilitation Program/Cost Report (also known as
the RSA-2) provide the necessary information on the
costs of services and administrative costs.

Services are provided to clients in any combination
of three ways: (1) as a “purchased service” through
an outside vendor using agency funds, (2) as a “simi-
lar benefit” purchased or provided by another gov-
ernmental agency or not-for-profit organization with
no charge to the VR agency, and/or (3) internally by
agency personnel (“in-house benefits”). The section
entitled, “Data on Purchased Services and In-House
Services,” in Stern et al., 2019, provides more detail.
VR administrative data provide actual purchased ser-
vice costs but may not contain the same detailed in-
formation for in-house services or similar benefits.
Instead, Dean et al. (2015, 2017, 2018, 2019) mea-
sure non-purchased service provision costs and ad-
ministrative costs using data from the RSA-2.

To be clear, there is some uncertainty about the cost
estimates derived using the RSA reports, especially
for the costs of in-house and similar benefit services.
A more detailed analysis of these costs would be use-
ful. In the absence of these details, Dean, Pepper,
Schmidt, and Stern (2015, 2017, 2018, 2019) report a
range of ROI estimates under different costs esti-
mates.

Computing ROI

Given estimated benefits and costs of VR services,
one can then compute a ROI. The basic computations
are well-known and largely standardized. Still, there
are number of steps in the process that are worth re-
viewing.

The first step is to discount the dollar values of future
benefits and costs to a present value. Benefits and
possibly the costs of VR services may be accrued
over many years, and a dollar today is worth more
than a dollar tomorrow. Discounting is a way to stan-
dardize the units of future dollars so they are compa-
rable with current dollars. This allows for an ap-
ples-to-apples comparison that reflects the different
periods when benefits and costs may be realized. Im-
portantly, this is not an adjustment for inflation but
rather a way to account for the real gains that could
be realized by investing a dollar today.

Formally, the present value of money recieved in pe-
riods in the future equals

PV0 = F Vn/(1 + r)n

where PV0 is the present value in year 0 (i.e., the base
year), FVn is the value n periods into the future (i.e.,
the future value of benefits), and r is the discount rate.
When future streams of money accrue over multiple
periods, one adds the discounted stream of money
from each period. See Hollenbeck (2019) for more
details.

To illustrate, suppose that, five years from today, one
will receive $15,000. How much is that $15,000
worth today? If the discount rate equals 0.05, then the
present value equals $11,753 (15,000/(1+.05)5). That
is, with a five-percent discount rate, $15,000 in five
years (future value of benefits) is worth $11,753 to-
day (present value of benefits). In other words, in-
vesting $11,753 compounded annually at five per-
cent would yield $15,000 in five years.

Figure 1 displays the present value of $15,000 five
years from today for a range of discount rates from
0.00 to 0.25. For instance, the figure shows that, with
a 0.02 discount rate, the present value of $15,000 in
five years is $13,586, and, for a discount rate of 0.10,
the present value is $9,314.

Clearly, the present value is sensitive to the choice of
the discount rate, r. The discount rate represents the
foregone value of money spent today. Stated another
way, it is the opportunity cost of not saving or invest-
ing capital in the current period. It is chosen by the re-
searcher and is often set to or at least centered on
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some basic interest rate (e.g., savings account interest
rate).

After discounting the stream of benefits and costs to
the present, a straightforward way to assess the ROI
is to compare the present value of benefits to costs. In
particular, as noted previously, the BCR equals

PV of Benefits
PV of Costs

If the present value of benefits exceeds the present
value of costs, the return to VR services is positive
and the BCR > 1. Otherwise, the return to VR ser-
vices is negative and the BCR < 1. The BCR can be
interpreted as the “bang per buck.” In the VR context,
this means that, for every dollar of VR service provi-
sion, the customer earns BCR extra dollars (in pres-
ent value terms). For example, suppose the present
value of the costs of VR services is $10,000 and the
present value of the benefits is $11,753. Then, the
BCR is 1.18, implying that a dollar of VR services re-
sults in $1.18 in additional earnings.

Although the BCR is easy to interpret, it is sensitive
to the choice of the discount rate. Lower values of the
discount rate make the investment look better, and
higher values make it look worse. To illustrate, note
that the previous hypothetical example calculates the
present value of benefits by assuming that VR results
in $15,000 in benefits in five years and the discount
rate is 0.05. Yet, if the discount rate is 0.084, then the
present value of benefits equals $10,000 and the BCR

= 1. If the discount rate is 0.10, then the present value
of benefits is $9,314, and the BCR is less than one.

The sensitivity of the BCR to the discount rate may
be problematic for evaluating workforce training
programs. Businesses typically use some measure of
their financing costs (i.e., “cost of capital”) as a dis-
count rate when evaluating an investment. By con-
trast, there is no widely accepted “cost of capital” or
discount rate for evaluating workforce training pro-
grams. Moore, Boardman, Vining, Weimer, and
Greenberg (2004) present a discussion of the issues
surrounding the use of discount rates in program
evaluation and guidance on how to choose an appro-
priate rate. The choice is largely arbitrary, and, given
the sensitivity of BCR to the discount rate, the rate
used can make a program look good or bad.

In this setting, the rate of return (ROR) provides an
alternative approach that may be preferred. The ROR
is the discount rate that equilibrates the returns from
an investment to the cost of the investment. That is,
the ROR is the interest rate where the BCR = 1 or the
present value of benefits equals the present value of
costs. This calculation does not require the choice of
an arbitrary discount rate. To illustrate, Figure 2
shows the ROR that results from a range of benefits
realized five years after $10,000 of costs were in-
curred. The figure shows that, if the $10,000 invest-
ment returns $15,000 in 5 years (see Figure 1), the
ROR is 0.084 (15,000/10,000)1/5-1). That is, for a
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Figure 1. Illustration of How Discount Rate Affects Present Value. For this example, we assume a future
value of $15,000 and a time horizon (n) of five years.



discount rate of 0.084, the present value of benefits
equals the present value of costs.

The ROR can be compared to that of other govern-
ment programs or well-known returns in the private
sector. For example, current annual returns on money
market accounts are 2% or less and the long-run an-
nual rate of return to the U.S. stock market is about
10%. Thinking of a discount rate as the “opportunity
cost of capital” and using the ROR of 8.4% from our
hypothetical example, purely profit maximizing indi-
viduals would choose to “invest” their money in VR
instead of a money market account, but would prefer
the long-run returns from the stock market to either
of the other two investments. Alternatively, the U.S.
Office of Management and Budget (OMB) sets
guidelines for evaluating public sector programs
(OMB, 1992). Those guidelines include discount
rates by time horizon that are updated each year. Ac-
cording to OMB (2018), current discount rates vary
from 1% for 3-year horizons to 2.6% for 30-year ho-
rizons.

Dean et al.’s (2015, 2017, 2018, 2019) recent analy-
ses of applicants to the Virginia general VR agency
in SFY 2000 estimate the long run ROR of VR ser-
vices for each client. They report a median annual-
ized rate of return of 20% for clients with mental ill-
ness, 19% for clients with cognitive impairments,
and 169% for clients with physical impairments.
Thus, by any conventional standard, the ROI of VR
services for this cohort is positive and substantial.

Schmidt, Clapp, Pepper, and Stern (2019) summarize
more recent ROI evaluations.

Conclusion

In this paper, we highlight key conceptual issues in-
volved in ROI evaluations of VR programs. Most no-
tably, we focus on estimating the benefits and costs
of VR in light of the counterfactual outcomes prob-
lems. This is the most critical and demanding part of
ROI analyses. We then discuss different ways of im-
plementing ROI calculations and suggest that the
ROR analysis is appealing for VR evaluations where
there is no widely accepted discount rate.

There are many other critical steps involved in under-
taking such an evaluation. For example, analysts
must decide whether to report returns at a client or
program level; what outcomes to monetize (e.g., la-
bor market, disability insurance, others); whether the
return should be measured for society, the taxpayer,
the client, or some other group; what the relevant
time period should be; and how to account for statis-
tical uncertainty. These and other issues shape the
details of an ROI analysis. Readers interested in a
more complete and in-depth analysis of VR-ROI
might turn to McGuire-Kuletz and Tomlinson
(2015), and Hollenbeck (2019).
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Abstract. This paper discusses issues associated with using readily available
administrative data in estimating ROI for vocational rehabilitation services. It starts with a
discussion of longitudinal outcomes data. The discussion is divided up into labor market
outcomes data, other types of outcomes data, necessary sample sizes (power analysis), and
ways to deal with people systematically excluded from the outcomes data. Next, the paper
focuses on services data. The topics covered include the need for control groups, using
service cohort data, different sources of service, and merging service data with outcomes
data. Finally, the paper moves to the need for other controlling explanatory variables
including discussions of inclusion of demographic explanatory variables and data from
local labor markets. Two online appendices to this paper provide additional details
through (a) an example of a power analysis to illustrate sample size issues and (b) a
discussion of Institutional Review Board issues associated with conducting empirical
investigations using administrative data.

Keywords: Return on investment (ROI), vocational rehabilitation, longitudinal data, unemployment in-
surance data, control group, VR service data, personally identifiable data, explanatory variables

Stern et al.An important step for return on investment/rate of re-
turn (ROI/ROR) analysis of state vocational rehabilita-
tion (VR) programs is constructing and cleaning data.
Significant time, care, and expense must go into plan-
ning for and execution of the process for collecting,
merging, and cleaning of the data. Unfortunately, data
construction is expensive, sometimes in acquisition
costs and always in time spent merging and cleaning.
There are no easy and appropriate ways to avoid the in-

vestment necessary to have good data. Further-
more, without good data, estimation and analysis
are meaningless. Therefore, it is important for any
administrator who is considering an ROI/ROR study
to make sure that there are adequate resources to
develop appropriate data.

ROI/ROR essentially involves a comparison of
benefits and costs of a proposed investment. For
state VR programs, the benefits are derived mainly
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from participants’ labor market outcomes, and the
costs are borne by the state agency providing services
to them. A key feature of VR services is that there are
many different types of investments. The first section
discusses one of the two key data pieces necessary
for estimation: longitudinal outcomes data. The sec-
tion is divided up into discussions of labor market
outcomes data, other types of outcomes data, neces-
sary sample sizes (power analysis), and ways to deal
with people systematically excluded from the out-
comes data. The second section discusses the other
key data piece, services data. The section is divided
up into discussions of the need for control groups, us-
ing service cohort data, different sources of service,
and merging service data with outcomes data. The
third section discusses the need for other controlling
explanatory variables. This includes discussions of
inclusion of demographic explanatory variables and
data from local labor markets. Measuring cost is out-
side the scope of this article; however, one can see
Clapp, Pepper, Schmidt, and Stern (2019) for a dis-
cussion of necessary cost measurement issues.

Longitudinal Outcomes Data

One of the two key data components for an empirical
analysis of the effectiveness of a VR program is data
on outcomes that are potentially influenced by that
program. These data must be linked or merged with
data on VR services received by each person. Once
merged, the combined data can be used to estimate
how receipt of VR services affects the outcomes of
interest over a long enough period to produce solid
ROI/ROR estimates. Without longitudinal data, one
must assume that the labor market effects are con-
stant over time, and this assumption is rejected by the
data. In the next section, entitled “Service Receipt
Data,” we discuss the necessary characteristics of
service data and issues concerning merging. In this
section, we limit our discussion to issues associated
with the outcomes data.

Labor Market Outcomes

A key set of outcomes for policy makers is labor mar-
ket outcomes. This arises partially because the stated
goal of VR services is to help people with disabilities
prepare for, develop skills for, and gain access to the
labor market. Four important labor market outcomes
are employment, hours worked, wage, and earnings.
Employment is a binary measure of involvement in
the labor market; one is either employed or not.
Hours worked per week, per quarter, or per year pro-
vide information on intensity of involvement in the

labor market. Wage is a measure of how much one is
paid for each fixed unit of time worked. Labor econo-
mists argue that wage is a measure of productivity in
the labor market (e.g., Ehrenberg & Smith, 2012,
chapter 3). One of the goals of a VR program might
be to help participants become more productive and
therefore increase their wage. Earnings, defined as
the wage multiplied by the units of time working, are
the outcome that policymakers tend to focus on the
most.

Maybe the best available source of data on labor mar-
ket outcomes that can be merged with information on
service receipt is unemployment insurance earnings
(UI) data. Each state’s UI program collects data from
most business establishments on the quarterly earn-
ings of each of their employees. The main purpose of
the collection is to determine eligibility and benefit
amounts for unemployment insurance benefits.
However, as has been recognized (Dean & Dolan,
1991; Dean, Pepper, Schmidt, & Stern, 2015, 2017,
2018, 2019; Hollenbeck & Huang 2006; Wilhelm &
Robinson, 2010), the data also can be used as a longi-
tudinal panel for all workers in the state who are eli-
gible for unemployment insurance benefits.

There are three prominent problems with UI data: a)
most state UI programs do not collect information on
wages or hours worked; b) a significant number of
people in each state are not covered by their state’s
UI program; and c) the researcher cannot distinguish
among exit from the labor market, exit from a cov-
ered job to an uncovered job, exit from the state, and
death. There are no good solutions to (a) and (c). Us-
ing only UI data for outcomes prevents the researcher
from saying anything about wages (and, therefore,
productivity) and hours worked. Both of these pieces
of information would be valuable to observe but are
not available in most states, nor can they be imputed
from the available data. In addition, when a person
disappears from the UI data, the researcher cannot
determine the reason. This is unfortunate as it would
be useful to know the circumstances leading to attri-
tion; different causes of attrition have very different
policy implications (e.g., Chang, Yang, Tang, &
Gianguli, 2009; de Graaf, Bijl, Smit, Ravelli, &
Vollebergh, 2000). For example, death would imply
a loss of the accumulated skills, while migration
would not. With respect to (b), there are two large
groups not covered in a single state’s UI data: (1) fed-
eral government workers; and (2) people who cross
state lines to work, who would be covered in the state
where they work but not in the state whose program
is being analyzed. The planned State Wage Inter-
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change System (U.S. Department of Labor
[USDOL], 2016), which will enable state VR agen-
cies to access other states’ UI data on their VR pro-
gram participants and largely alleviate the issue of
people crossing state lines for work. The Federal Em-
ployment Data Exchange System (FEDES; Jacob
France Institute, 2018) previously provided data on
federal employment to participating states to help
them meet their reporting requirements and could po-
tentially address the UI data gap for federal workers.
However, the FEDES was suspended in January
2018 (USDOL, 2017) while the U.S. Department of
Labor assesses its feasibility. In the section entitled,
“Dealing with People not Covered by Unemploy-
ment Insurance,” we discuss some alternative meth-
ods to adjust for these current data gaps.

The big advantages of the UI data are that i) the re-
searcher can observe multiple quarters of data both
before and after service receipt; and ii) the data are
high quality because it has an important administra-
tive purpose. With respect to (i), Dean et al. (2015,
2017, 2018) used three years of UI data prior to VR
service receipt and ten years after service receipt. As
seen in Table 1, the results in Dean et al. (2015, 2017,
2018) show that labor market outcomes right after
service receipt are not predictive about longer-term
effects of VR. The short-run estimates include the
first two years after service receipt, and the long-run

estimates are for quarters after two years. In almost
all cases, the short-run and long-run estimates, both
for employment and earnings, are quite different. For
example, for people with mental illness, quarterly
earnings (if employed) are 5.5% lower in the short
run than before service but 13.6% higher in the long
run.

Other potentially useful data sets that do not rely on
UI coverage have their own problems. One possibil-
ity is to use specially provided Social Security Ad-
ministration (SSA) earnings data (see, for example,
Honeycutt, Thompkins, Bardos, & Stern, 2015, 2017;
Schley, Weathers, Hemmeter, Hennessey, &
Burkhauser, 2011). However, gaining access to such
data is difficult and must be used under restrictive
rules. National surveys typically collect self-reported
earnings data that is known to be inaccurate. For ex-
ample, Bricker and Engelhardt (2007) report stan-
dard deviations of measurement error in reported
earnings data of 5.9% (for men) and 6.7% (for women)
in the Health and Retirement Survey. Kim and
Tamborini (2014) report systematic measurement er-
ror by gender and race in the Survey of Income and
Program Participation. Both of these used adminis-
trative data to assess the measurement error in earn-
ings. Kapteyn and Ypma (2006) provide a survey of
the research on this topic and suggest that administra-
tive data might have errors as well. However, overall,
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Table 1

Short-Run and Long-Run Changes in Employment and Earnings Due to Receipt of Training Services

Cognitive Impairment Mental Illness Physical Impairment

Change in Employment Rate

Short Run 10.3% 9.4% 5.0%

Long Run 6.8% 8.0% 6.4%

Change in Quarterly Earnings (if employed)

Short Run 20.9% -5.5% 0.9%

Long Run 28.5% 13.6% 17.2%

Notes:

1) Short-run numbers are for the first two years after service, and long run numbers are after two years

2) All numbers come from Dean et al. (2015, 2017, 2018). Employment Rate numbers translate the reported
results into rates.

3) Both short-run and long-run numbers above are the difference in estimates after service receipt minus esti-
mates prior to service receipt. The change in the outcome is the effect of the service.



administrative earnings data are usually taken as “the
truth.”

Other Outcomes

Besides labor market data, there might be other VR
outcomes of interest to policy makers, including
job-connected benefits, especially health benefits,
and receipt of SSI and SSDI (and other government
transfers). Job-connected health benefits are not ob-
servable in UI data. They are frequently observed in
other national data sets, but these data lack informa-
tion on receipt of VR services. Information on SSI
and SSDI receipt can be acquired from SSA, but at
very large cost with significant binding restrictions.
For example, Dean et al. (2017) used individual
SSI/SSDI data attained from SSA on Virginia VR
program participants. However, it took about eight
years to get the data after initial application, and we
were no longer allowed to use them about five years
later. Thus, while including such outcomes would
provide valuable information, getting meaningful es-
timates of the outcomes is difficult and expensive.

Other potential VR outcomes include independent
living skills, community integration, and emotional
health. These are all outcomes that both can be af-
fected by VR services and are of significant value to
individuals with disabilities. They should also be im-
portant to policy makers even if they are concerned
only with government fiscal health. For example, a
person with good independent living skills requires
less help from expensive government services. How-
ever, no administrative body collects data on any of
these non-labor market outcomes, and the cost and
effort to acquire them through expansion of adminis-
trative data systems or survey research would be pro-
hibitive. In addition, by their very nature, measures
of independent living skills, community integration,
and emotional health are not as objective as earnings
and employment and are difficult to monetize.

Necessary Sample Sizes

The first step in ROI/ROR analysis is to estimate sta-
tistically significant effects of services on outcomes
of interest. The bigger the sample, the more likely the
estimates will be statistically significant. A reason-
able rule of thumb is to require at least 1000 observa-
tions and have a strong preference for approximately
2000 observations. Online Appendix A (available at:
https://scholarship.richmond.edu/economics-fac-
ulty-publications/55/) provides some detail in a sim-
plified example of a power analysis. In some analy-

ses for people with small prevalence rates (e.g., peo-
ple who are blind or people with autism), the re-
searcher can increase sample size by using multiple
cohorts of service recipients (see the section entitled,
“Using a Service Receipt Cohort”).

Dealing with People not Covered by
Unemployment Insurance

As previously mentioned, there are two large groups
of employed people who are not covered by UI and
therefore not included in a given state’s UI data: a)
people who work for the federal government; and b)
people who commute across state lines to work. The
numbers of VR participants who are not included in
their state’s UI records can be substantial. Online
Appendix 7 for Dean et al. (2017) report on an analy-
sis of over 9,000 VR participants in Virginia with re-
cords in both the Virginia UI system and SSA earn-
ings files. In 12% of those cases, the SSA showed
earnings in 2001 when UI did not. Plausibly, the ma-
jority of these instances are due to federal employ-
ment and cross-state commuting. This proportion
may be larger than in most states because Virginia
has many military installations (leading to many jobs
with the federal government), and shares borders
with Washington, DC (leading to many jobs with the
federal government) and Maryland (leading to many
jobs in that state).

Both of these problems have two possible solutions.
The first (and best) solution, if possible, is to collect
labor market data for the missing people. Hollenbeck
and Huang (2006) used this approach, and Wilson
(2005) proposes using this approach. The second so-
lution is to use statistical techniques to control for the
missing data. One can use publicly available data
from the federal government on the number of people
in each county who work for the federal government
and on the number of people who commute across
state lines. These can be turned into per capita num-
bers and then used as regressors to control for varia-
tion in prevalence of federal government jobs and
across-state-lines commuting (Schmidt, Clapp, Pep-
per, & Stern, 2019).

Service Receipt Data

While having outcomes data is essential to estimat-
ing the effects of VR service receipt, so is having ser-
vice receipt data that vary across program partici-
pants. The service data should reflect the choices
made by VR participants and their counselors in a
parsimonious way without losing the sense of flexi-
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bility in state VR programs. In this section, we begin
by discussing why variation in service receipt is es-
sential. Then we discuss issues associated with
choosing the source of service data and merging the
service data with the outcomes data.

Need for a Control Group

In order to say anything about the effects of VR ser-
vices on labor market outcomes, one needs a control
group; a subset of people who did not receive the ser-
vices for which the effects are being estimated. It is
only through comparison of outcomes for people
who did and did not receive the service that the re-
searcher can make any statements about causation
(or even correlation). Without a control group, the re-
searcher has no information about the difference in
outcomes between those who received service and
those who did not; although Bua-Iam, Hampton,
Sink, and Snuffer (2013) argued in this journal that
features unique to state VR programs make it unrea-
sonable to use control groups. Bua-Iam and Bias
(2011) estimated effects of VR programs essentially
assuming that VR participants would have earned
nothing without the VR services. This is an extreme
assumption and certainly not as good as using a
flawed but reasonable control group such as those
constructed by Dean et al. (2015, 2017, 2018, 2019).

One of the interesting features of state VR programs
is that there are multiple types of services. The exis-
tence of people choosing from and sometimes using
multiple services allows the researcher to identify the
effect of each service even if there are no people us-
ing no services (see Clapp et al., 2019). For example,
Dean et al. (2015, 2017, 2018) aggregated the set of
services offered by the Virginia Department of Ag-
ing and Rehabilitative Services (DARS) into six sep-
arate service groups: diagnosis & evaluation, train-
ing, education, restoration, maintenance, and other
services. They modeled service choice as well as ser-
vice impact, allowing for any combination of service
categories including none at all. Other authors ac-
knowledge the existence of multiple services but sel-
dom address the issue directly. For example, Aakvik,
Heckman, and Vytlacil (2005) note that there are
multiple service types but do not model them. Rather,
they allow for heterogeneous treatment effects of an
observed binary treatment variable. Frolich,
Heshmati, and Lechner (2004) observe the existence
of multiple programs but only focus on comparing
them. By contrast, Hollenbeck and Huang (2006)
evaluate multiple services separately.

In fact, many VR applicants receive no VR services.
These people are either declared ineligible for ser-
vices or choose to withdraw. One might argue that
this group is not a good control group as their non-re-
ceipt of services is probably correlated with their la-
bor market outcomes (Dean & Dolan, 1991). The po-
tential correlation causes a bias in the estimate al-
though the direction of the bias is unclear. For
example, one might argue that the people who
choose to utilize a particular service are those who
would benefit most from it. If this were the case, then
the observed labor market outcomes for those who
used the service would provide an upwardly biased
estimate of the service’s effect for those who chose
not to use it (or for a randomly chosen person). Alter-
natively, one might argue that the people who choose
to utilize a particular service are at greatest need for
any service because they have poor market skills. If
this were the case, then the observed labor market
outcomes for those who used the service would pro-
vide a downwardly biased estimate of the service’s
effect for those who chose not to use it (or for a ran-
domly chosen person). These endogeneity concerns
(or “selection” issues) are almost surely valid and are
the concern behind much of the economic literature
on estimating treatment effects (Aakvik et al., 2005;
Dean & Dolan, 1991; Doyle, 2007; Heckman,
Ichimura, & Todd, 1998; Heckman, LaLonde, &
Smith, 1999). However, the same concern applies to
all recipients of any service as well, and the solution
is to find or construct instrumental variables (Aakvik
et al., 2005; Dean & Dolan, 1991; Doyle, 2007;
Heckman et al., 1999; Clapp et al., 2019). An instru-
mental variable is correlated with the likelihood of
VR service receipt but not with employment and
earnings, except through the effect of that service on
employment and earnings. For example, closing cer-
tain order-of-selection categories influences the like-
lihood of those individuals receiving services, but its
only impact on their employment is (1) if it precludes
them from getting VR service or (2) if order of selec-
tion is correlated with labor market conditions not al-
ready controlled for.

Using a Service Receipt Cohort

There are various ways to organize VR administra-
tive data. Dean et al. (2015, 2017, 2018, 2019) used
observations from the cohort of VR participants who
applied for VR services during the fiscal year (FY)
2000 disaggregated into three large disability groups:
people with (1) cognitive impairments, (2) mental ill-
ness, and (3) physical impairments. They further lim-
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ited their analysis to people whose first VR case was
in FY 2000, because Dean et al (2015) showed that
there was bias associated with using people who had
had prior cases (as one would expect).

There are two reasons a researcher might want to de-
viate from such a strategy. First, given changes in VR
priorities, the proportion of individuals who are
youth in transition has increased significantly. In
fact, the Workforce Innovation and Opportunity Act
(WIOA) of 2014 requires VR agencies (see section
419 of WIOA) to reserve at least 15% of their allotted
funds for pre-employment transition services to stu-
dents with disabilities. With such participants, using
only the first case results either in no labor market
outcomes (because they are too young) or deleting a
high proportion of them from the estimation sample
(because their first service case occurred while they
were in school). Thus, other statistical adjustments
must be used as an alternative to dealing with the bias
suggested in Dean et al. (2015).

Second, there are some disability groups with small
enough prevalence so that there would not be enough
observations if the researcher limited analysis to one
cohort year. One way to address this problem is to
use multiple year cohorts from the same state. An-
other is to use single year cohorts across multiple
states. For example, in on-going work, Clapp, Pep-
per, Schmidt, & Stern (2018a) use applicant cohorts
from FY 2007 from Maryland, Oklahoma, and Vir-
ginia to estimate the effect of VR service receipt on
labor market outcomes for people who are blind, and
Clapp, Pepper, Schmidt, & Stern (2018b) use appli-
cant cohorts from multiple fiscal years in Virginia
(FY 2000 - FY 2007) to estimate the effect of VR ser-
vice receipt on labor market outcomes for adults with
autism.

Another interesting possibility is to use available
data on multiple cases for each individual rather than
exclude individuals with prior cases as was done in
Dean et al. (2015, 2017, 2018). While including indi-
viduals with prior cases increases sample sizes, there
are serious data and statistical issues that need to be
addressed. First, and most importantly, the re-
searcher must think less in terms of discrete VR cases
that begin with application and end with closure, and
more in terms of “service spells,” each of which po-
tentially could encompass multiple VR cases. Thus,
one must take a stand on when a service spell begins
and ends. One approach is to use service receipt dates
to define a spell. However, our understanding is that
dates recorded for services suffer from serious mea-

surement error. Frequently, an authorization record
for a specific service includes the earliest date a ser-
vice can begin as well as the date when the service is
expected to be completed (which can be well after the
case closure date). Neither identifies the precise de-
livery date. A second approach is to use case applica-
tion and closure dates to define service stints. A ser-
vice stint could be defined as encompassing all cases
where a case’s application date is within a re-
searcher-defined period (e.g., within the same quar-
ter) of the prior case’s closure date. Also, there are in-
teresting econometric issues associated with using
this approach. Dean et al. (2015) found significantly
different service impacts for individuals with prior
case(s) versus those for whom the case was their first.
Thus, this heterogeneity must be accounted for when
including both in a single analysis. Additionally, one
might check, for example, Lancaster (1992) for a dis-
cussion of issues when using data with varying ser-
vice spell lengths.

Data on Purchased Services and In-House
Services

VR provides services to participants through any
combination of four sources — internally from their
VR counselors or other VR staff, through compara-
ble benefits, externally through purchased services,
and/or through a state-operated comprehensive reha-
bilitation facility. This section begins by considering
each in turn.

In the past, VR staff typically maintained written
case notes about the services they provided in lieu of
entering such information into VR administrative da-
tabases. Because ROI/ROR analyses tend to use ret-
rospective cohorts and readily available administra-
tive data, the extent and nature of in-house services
have rarely been included in such analyses. Simi-
larly, the provision of and precise nature of compara-
ble benefits have seldom been available to the re-
searcher for previous ROI analyses. However, as VR
data systems grow in sophistication, better informa-
tion on in-house services and comparable benefits
may become available.

By contrast, state VR agencies have long tracked
purchased services for both accounts payable and re-
quired federal reporting purposes. Agencies typically
record a rich array of information for every purchase,
including authorization date, date paid, vendor, ser-
vice type (generally, with hundreds of categories),
dollar amount, and so forth. From an ROI/ROR per-
spective, the key missing item in these records is the
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date of service delivery. Although agencies typically
record the beginning and ending dates for service de-
livery, these are set to provide flexibility in their pro-
vision and do not provide a clear indication of the ac-
tual service date. As a result, researchers must make
their own decision/assumption with respect to the pe-
riod during which services were provided. In the case
of Dean et al. (2015, 2017, 2018, 2019), services
were presumed to begin (potentially) at application.
When they ended was not important to determine and
was left as an open question.

Eight states also provide services through a state-op-
erated comprehensive rehabilitation facility (e.g., the
Maryland’s Workforce Technology Center and Vir-
ginia’s Wilson Workforce and Rehabilitation Cen-
ter). Generally, these facilities provide services as
part of an Individualized Plan for Employment and in
coordination with the participant’s counselor. In our
experience, all of the items recorded for purchased
services are also recorded for these facilities with one
exception that relates to the cost of the service rather
than its provision. For purchased services, the re-
corded dollar amount reflects the actual price paid by
the agency for the specific service. For services pro-
vided by these facilities, either no dollar amount is re-
corded for individual services, or a “charge” for the
service is recorded based on a schedule that identifies
either a blanket charge or a per-unit charge that is
coupled with the number of units provided to the par-
ticipant.

Service Aggregation

Dean et al. (2015, 2017, 2018, 2019) show that dif-
ferent types of VR services are likely to have very
different labor market effects. They classify services
into six types: diagnostic, training, education, resto-
ration, maintenance, and other. Schmidt et al. (2019)
reference recent work that replaces the “other” type
with two new types, placement and job supports. Ir-
respective of the service types chosen, mapping the
agency’s detailed service categories is one of the
most important tasks the researcher performs. The ra-
tionale by which ROI/ROR analyses group services
differs from that by which VR staff think about ser-
vice types. For example, consider the diagnostic cat-
egory. From a VR perspective, receipt of diagnostic
services suggests eligibility determination; from an
ROI/ROR perspective, receipt of diagnostic services
identifies other services that would improve func-
tioning in labor markets. Thus, diagnostic services
would include eligibility determination as well as
medical diagnostics and vocational evaluation. Per-

forming the crucial task of aggregating service cate-
gories well requires the combined efforts of VR staff
with agency knowledge and a researcher with an
ROI/ROR mindset.

An alternative source for identifying service provi-
sion is the standardized Case Service Report (also
known as the RSA-911) submitted by state VR agen-
cies to the federal Rehabilitation Services Adminis-
tration (RSA). Over time, RSA has required the re-
porting of increasing amounts of service-related data.
Conceptually, the use of the RSA-911 has an impor-
tant advantage over the above-described data
sources: it includes a code for provision of each ser-
vice type by agency personnel. As a practical matter,
however, if information on in-house services resides
strictly in case notes, then the validity of these data
relies upon VR counselors to enter this information
accurately. To use this source, the researcher must
also address how well the RSA-911 categories work
for an ROI/ROR analysis. For example, the RSA-911
combines both medical diagnostics and treatment
into a single category. However, as discussed above,
diagnostic services may have different labor market
effects than treatments.

Merging Process

UI data and VR administrative data are not useful for
estimating labor market outcomes of VR service re-
ceipt unless the researcher can merge the two data
sets together. In other words, for each person in the
VR administrative data, the researcher must find the
labor market earnings history of that person in the UI
data. The key to doing this involves merging by So-
cial Security number (SSN) since it is included in
both data sets. The level of complexity is increased
by the need for maximum possible anonymity re-
quired by VR agencies as well as Institutional Re-
view Board (IRB) rules (see online Appendix B,
available at: https://scholarship.richmond.edu/eco-
nomics-faculty-publications/55/) for a discussion of
IRB issues associated with conducting empirical in-
vestigations using state VR program data).

A good merging methodology used for SSA data
merger in Dean et al. (2017) is:

1. VR agency staff member draws one large-digit
random number (PIN) for each person in the VR
administrative data set, then creates and stores a
crosswalk table connecting each SSN in the VR
administrative data to the assigned PIN.
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2. VR agency staff member strips each VR admin-
istrative data observation of the SSN, replaces it
with the PIN for that observation (from step 1),
removes other personally identifiable informa-
tion (PII), and provides the amended data to the
researchers.

3. VR agency staff member provides SSA staff
member with the crosswalk connecting each
SSN in the VR administrative data to the as-
signed PIN for that observation (from step 1).

4. SSA staff member gathers the SSA administra-
tive data observations with the identified SSNs,
strips each SSA observation of its SSN and other
PII, replaces it with the PIN for that observation
(from step 1), and provides the constructed SSA
data to the researchers.

Note that no individual in this process sees every-
thing. The VR agency staff member sees none of the
SSA data, the SSA staff person sees none of the VR
data, and the researchers see no Social Security num-
bers. Other algorithms could be used, but an alterna-
tive algorithm should have the same features: maxi-
mum anonymity and minimum complexity with
merged, anonymous data going to the researcher at
the end of the process. For data needs in Dean et al.
(2015, 2017, 2018, 2019), a similar but less rigorous
method was used for merging DARS and UI data.
DARS sent SSNs to a UI staff member and got back
the quarterly UI earnings records. DARS then re-
placed the SSNs with the PINs provided to the re-
searcher in step 1. It is useful to note that, because of
the program performance reporting requirements of
WIOA, state VR agencies are increasingly coordinat-
ing with their UI agencies to get earnings data.

A question of increasing interest motivated by
WIOA is the possibility of merging VR data and UI
data with administrative data from other agencies
providing complementary services, such as the other
core WIOA programs. There has been a push to ac-
commodate such data merging partially because of
the large number of workforce-related programs ex-
isting in many states (e.g., Ganzglass, Reamer, Rob-
erts, Smith, & Unruh, 2010; Jenkins & Harmon,
2010). In principle, this can work as long as there is a
common merging identification code across such
agencies, the most obvious of which would be the
SSN. However, many agencies are cautious about
providing Social Security numbers in data available
to outside entities, and, in fact, many are moving
away from using SSNs even internally. Without such
a common merging code, it is impossible to combine

agency databases. With such a code, there remain
confidentiality issues that can be addressed using
carefully constructed merging algorithms as sug-
gested above.

Other Explanatory Variables

Individual Characteristics

It is important to control for other explanatory vari-
ables that might influence service choice or labor
market outcomes. The online Appendix 6 from Dean
et al. (2017) as well as Schmidt et al. (2019) show
that controlling for other explanatory variables is
critical for estimation and in particular, has a large ef-
fect on estimates of VR service effects. Fortunately,
VR administrative data sets provide a wealth of in-
formation about each individual. Using such data,
Dean et al. (2015, 2017, 2018) controlled for gender,
race, education, age, marital status, number of de-
pendents, measures of transportation availability, a
rich description of the person’s disabilities, and labor
market history prior to service receipt. Frolich,
Heshmati, and Lechner (2004) controlled for age,
gender, citizenship, occupation, some disability vari-
ables, and some local community characteristics.
Hollenbeck and Huang (2006) controlled for gender,
race, age, disability, education, veteran status, Eng-
lish proficiency, and labor market history prior to ser-
vice receipt.

Controlling for such explanatory variables reduces
omitted variables bias (e.g., Stock & Watson, 2007,
Chapter 6.1; Wooldridge, 2010, Chapter 4.3). It also
may help reduce bias caused by service receipt
choices being related to unobserved characteristics
directly affecting labor market outcomes. In much of
the literature, this is called using propensity scores
(Frolich et al., 2004; Heckman et al., 1998;
Hollenbeck & Huang, 2006), which help only if they
include an instrumental variable. Finally, it improves
the precision of parameter estimates associated with
the effect of service provision on labor market out-
comes as discussed in the section above entitled,
“Dealing with People not Covered by Unemploy-
ment Insurance.”

Local Labor Market Conditions

Another set of useful variables to collect, merge, and
use are measures of local economic activity. VR ad-
ministrative data provide information about the loca-
tion of residence of each program participant. This
information can be combined with county-level mea-
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sures of economic activity (primarily available
through federal government data sources) such as
employment rates, unemployment rates, levels of in-
come, and demographic composition. For example,
Dean et al. (2015, 2017, 2018) used information on
ratios of number of jobs to population in each county
from the Bureau of Economic Analysis, and Dean et
al. (2019) used Virginia data on the number of youth
with Individualized Education Programs (IEPs) by
county. Another example of such data is described in
the section above entitled, “Dealing with People not
Covered by Unemployment Insurance.”

Summary

Constructing quality data is a necessary step in any
good ROI/ROR analysis. Doing it well requires skill,
knowledge, and care. However, available data pro-
vide one with the opportunity to learn much about the
operation and effectiveness of the VR agency. Such
an analysis is useful both for providing evidence to
policy makers interested in the effectiveness of the
programs being funded and for use in informing deci-
sion-making and continuous improvement methods
by agency administration. Our experience is that ad-
ministrative VR agency data and UI earnings data are
very high quality. It is still the user’s responsibility to
ensure that data are collected in an ethical manner,
data elements are considered appropriately, and data
are protected.
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Abstract. The public vocational rehabilitation program (VR) has faced increasing demands
to demonstrate its effectiveness in recent decades. Consistent with these rising expectations,
the 2014 Workforce Innovation and Opportunity Act (WIOA) introduced new performance
accountability requirements, one of which extends agency tracking of employment from the
time of case closure to a full year after closure. The VR-ROI Project supplements these
requirements by developing and testing a model to address questions of long-term VR impacts
and cost-effectiveness. This paper provides an overview of the VR-ROI Project before
describing seven key features of the model. In the process, the paper illustrates why rigorous
ROI estimates require a partnership between researchers/evaluators well versed in
appropriate statistical procedures and VR agency personnel. Through that partnership, the
proposed approach offers methodologically sound and feasible strategies for state VR
programs to demonstrate their employment impacts and effectiveness for people with
disabilities.

Keywords: Return on investment, public vocational rehabilitation, program evaluation

Rowe et al.The public vocational rehabilitation (VR) program, as
well as other programs that support employment for peo-
ple with disabilities, have faced increasing scrutiny and
heightened expectations of credible, data-based evidence
of their effectiveness (Bua-Iam & Bias, 2011; Bua-Iam,
Hampton, Sink, & Snuffer, 2013; Chan, Rosenthal, &
Pruett, 2008; Lewis, 2005; McGuire-Kuletz & Tomlinson,

2015; Migliore & Butterworth, 2008; Millington,
2009; Stensrud, Bruinekool, & Vandergoot, 2009;
U.S. Government Accountability Office [GAO]
2005, 2007, 2012). Consistent with these rising ex-
pectations, the 2014 Workforce Innovation and Op-
portunity Act (WIOA) introduced new performance
accountability requirements for state VR programs
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that include post-exit employment and earnings (U.S.
Department of Education, 2014.).

The Vocational Rehabilitation Return on Investment
(VR-ROI) Project, which predates WIOA, was es-
tablished to develop, refine, and implement a rigor-
ous model for estimating VR long-term employment
and earnings impacts as well as ROI. Supported by
grant funding from the National Institute on Disabil-
ity, Independent Living and Rehabilitation Research
(NIDILRR), the VR-ROI Project began in 2010 to
develop and test an ROI model for state VR programs
in cooperation with four partner agencies – the gen-
eral and blind agencies in Virginia and the combined
agencies in Maryland and Oklahoma. The current
project objectives are to (a) refine and test the
VR-ROI model with a more heterogeneous set of
state agencies and (b) explore the feasibility of a
VR-ROI Calculator for use by state VR agencies.
The project now includes partner agencies in six
states – Virginia (both general and blind), Maryland
(combined), Delaware (general), Kentucky (both
general and blind), North Carolina (both general and
blind), and Texas (combined in recent years under
the Texas Workforce Commission) – and uses data
from three cohorts: applicants for VR services during
state fiscal years 2000, 2007, and 2012.

Consistent with NIDILRR’s mission, a guiding prin-
ciple for the project is to produce research results that
are both rigorous and relevant. To that end, we have
collaborated with staff from all partner agencies in
developing a framework that is general enough to be
applied to diverse state VR agencies yet adaptable
enough to allow for institutional differences across
them. We have based our approach on seven core
features that we believe to be important to obtaining
rigorous and credible ROI estimates, the first two of
which are congruent with the requirements of WIOA.

1. Use readily-available longitudinal VR data to fo-
cus on individuals, not cases.

2. Link VR data with readily-available administra-
tive data from other systems to examine employ-
ment outcomes over time.

The remaining key features incorporate well-estab-
lished research methods to ensure that studies of
VR’s impact produce credible, data-based results:

3. Examine VR’s impact on groups of individuals
from the time they applied for VR services rather
than the time after their cases were closed from
VR.

4. Include everyone who applies to VR in studying
the program’s impact, not just those determined
to be eligible, those completing an individual-
ized plan for employment, those receiving sub-
stantial services, or those closing with a success-
ful outcome.

5. Examine VR’s impact starting with each per-
son’s first application.

6. Estimate impacts of specific types of VR ser-
vices separately for people with specific types of
disabling conditions.

7. Control for “selection bias” to enhance the credi-
bility of program evaluations and ensure that ob-
served outcomes are the result of what VR pro-
vides rather than other factors.

This article describes and provides a brief rationale
for each of these key features. Other articles in this
volume provide a more detailed justification for our
approach and recent estimation results (Clapp, Pep-
per, Schmidt, & Stern, 2019; Schmidt, Clapp, Pep-
per, & Stern, 2019; Stern, Clapp, Pepper, & Schmidt,
2019). Other project-related publications provide a
more technical discussion, mathematical exposition
of the full model, and earlier estimation results
(Dean, Pepper, Schmidt, & Stern, 2015, 2017, 2018).

Use Readily-Available Longitudinal VR
Data to Focus on Individuals, Not Cases

Substantial numbers of VR program participants
have more than one VR case. Table 1 illustrates this
point for three project cohorts – individuals who ap-
plied for VR services to the Virginia Department for
Aging and Rehabilitative Services (DARS) in State
Fiscal Years (SFY) 2000 and 2007, and individuals
who applied to the Maryland Division of Rehabilita-
tive Services (DORS) in SFY 2007. The table shows
the percent of individuals with at least one additional
case in prior or subsequent years as well as the num-
ber of years examined for each cohort. As can be
seen, a substantial percentage of individuals have at
least one prior or subsequent case and the percentage
rises the longer the period considered.

Given that substantial proportions of VR program
applicants in any given year may have previously re-
ceived VR services, it is important in estimating pro-
gram impacts to consider their entire VR experience
rather than their experience with a single case. Fortu-
nately, the increasing use of relational database soft-
ware enables program analysts and researchers to
link data across cases and across time and even
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across agencies. Of course such an approach requires
collaboration between agency personnel and the
evaluator/researcher as well procedures to ensure the
confidentiality of personally-identifiable data. (See
Stern et al., 2019, for suggestions on maintaining in-
dividual privacy.) Additional implications of indi-
viduals who receive VR services across multiple
cases are discussed below in the subsection entitled,
“Start with the First VR Application.”

Link VR Data with Readily-Available
Administrative Data from Other
Systems to Examine Outcomes

over Time

Until recently, employment data collected by state
VR agencies and reported to the Rehabilitation Ser-
vices Administration (RSA) included self-reported
work status and earnings at only two points in time:
when an individual applied for VR services and when
their VR case was closed. Furthermore, data on em-
ployment at closure was reported routinely only for
individuals who the VR agency knew were employed
at closure. Early studies relying on these data (e.g.,
Bellante, 1972; Conley, 1969; Worrall, 1978) implic-
itly assumed that those known to have a job at closure
remained employed thereafter, while those whose
job status was unknown at closure were unemployed
and remained unemployed thereafter. However,
Hayward and Schmidt-Davis (2005) and Ashley et
al. (2011) found that the proportion of all participants
who had jobs declined steadily over the three years
following case closure. Indeed, using a cohort of in-
dividuals closing from Virginia DARS in SFY 2006,
Ashley et al. (2011) found that the decline occurred
across all closure conditions (as used in that era’s
RSA-911 Case Service Report). Their results are re-
produced in Table 2. Interestingly, the closure condi-

tions with the highest Year 1 employment rates (“ex-
ited with an employment outcome” at 81% and “no
impediment to employment” at 65%) exhibited the
largest declines (16 and 13 percentage points, respec-
tively) over those years.

VR agencies now track program participants’ em-
ployment and earnings for a full year after closure for
all individuals who have signed an Individualized
Plan for Employment (IPE), typically by obtaining
quarterly earnings data maintained by their state Un-
employment Insurance (UI) program. The links de-
veloped between state UI programs and state VR
agencies for reporting purposes simplifies the track-
ing of employment and earnings for ROI purposes as
well. As discussed in subsequent sections, the use of
a reasonable comparison group that includes individ-
uals who have not signed an IPE as well as the use of
employment information from before and after VR
are important to obtain rigorous ROI estimates, and
UI data requests could be extended to include both.
For the VR-ROI Project, partner VR agencies pro-
vide UI data on all VR applicants covering a period
of at least two years prior to application through at
least five years (ten if possible) following the appli-
cation quarter.

Examine Impacts for Groups of
Applicants, Not Closures

The VR-ROI Project models both the service choices
that clients make in consultation with their counsel-
ors as well as the subsequent effects of those service
choices on employment and earnings (if employed).
Although many factors enter into the service choice
process, they are made within the broader context of
institutional and economic environments. From an
institutional standpoint, budgetary challenges may
lead at times to the imposition of an order of selection
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Table 1

Percentage of Individuals with Prior or Subsequent Cases

Applicant Cohort Prior Case Subsequent Case
# Years Examined % with Case # Years Examined % with Case

VA DARS SFY 2000 10 23% 7 20%

VA DARS SFY 2007 5 17% 6 19%

MD DORS SFY 2007 3 13% 5 17%

Source: Unless noted otherwise, the values in this table and elsewhere in this paper are based on calculations
by the authors using data collected for the VR ROI Project.



and may require eligible individuals to be placed on a
waiting list for VR services; during periods without
such fiscal issues, all eligible individuals may be
served right away. Additionally, agencies may change
policies and emphases over time regarding various
types of services (e.g., higher education, restoration,
placement, and job support services) as well as clien-
tele (e.g., an increasing focus on transition-age youth
arising out of WIOA). Institutional variations such as
these, as well as variations in economic conditions,
should be accounted for in estimating the effects of
VR services.

From an economic standpoint, VR clients and their
counselors plausibly take into account the clients’ re-
cent employment experiences as well as their job
prospects with and without various types of services.
For example, in a strong economy with low unem-
ployment rates, more employable individuals (i.e.,
those with more human capital) might conclude that
they can obtain suitable employment without follow-
ing through on an IPE. To the extent this is true, a
group of individuals who did not receive VR services
but obtained suitable employment likely would com-
pare favorably with the individuals with less human
capital who did receive services. We do not intend to
argue that this accurately represents the way in which
the economy could influence service decisions, only
that it is likely that economic conditions do influence
service choices.

Many studies of the labor market impacts of VR ser-
vices and ROI have used closure cohorts, individuals
with cases closing in a given fiscal year (see, for ex-
ample, Bellante, 1972; Hemenway & Rohani, 1999;

Kisker, Strech, Vetter, & Foote, 2008; Uvin,
Karaaslani, & White, 2004.) However, we have
found that a single closure cohort may include cases
with applications dating back seven years or more as
well as cases that closed within the year. Therefore,
we prefer to use applicant cohorts, i.e., individuals
applying to a VR agency in a given fiscal year. An
applicant cohort has the virtue of having all individu-
als within the cohort making service choice decisions
within the same institutional and economic environ-
ments. Although the VR-ROI model does include
control variables relating to an individual’s charac-
teristics as well as type and severity of disabling con-
dition(s), identifying and quantifying relevant insti-
tutional and economic factors presents a challenge.
The homogeneity of those factors in an applicant co-
hort eliminates that concern.

There is a second, pragmatic reason for using an ap-
plicant cohort. An important aspect in our estimation
of VR service impacts is comparison to a baseline
comprised of two to three years of individual em-
ployment and earnings (if employed) prior to appli-
cation. (For additional discussion, see Schmidt et al.,
2019). In working with VR agencies from six differ-
ent states, we have found variability in how long state
UI programs retain records. For the cases in a closure
cohort that have applications dating back seven or
more years, the relevant pre-application employment
and earnings period may be ten years or more before
the closure date. In some states, UI data that old may
not be available.
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Table 2

Post-VR Employment Rates by Closure Condition for Virginia DARS SFY 2006 Closures

Closure Status # Cases Year 1 Year 2 Year 3

No impediment to employment 167 65.3% 62.3% 52.7%

Disability too Significant 142 27.5% 26.1% 19.0%

Exited as applicant (other reason) 1,116 46.4% 42.4% 38.7%

After eligibility but before services 2,067 46.1% 43.5% 40.0%

Exited without employment outcome 3,146 39.5% 37.6% 34.6%

Exited with employment outcome 3,785 81.2% 72.0% 65.3%

All Individuals 10,423 56.9% 52.0% 47.3%

Source: Ashley et al. (2011)



Include Everyone Who Applies
for VR Services

We include all VR applicants in our analysis sample
for three reasons. First, individuals who have not re-
ceived substantive services provide an admittedly
imperfect but useful comparison group to address the
question of how those served would have fared in the
labor market had they not received their particular
mix of VR services. The use of a comparison group is
not a new concept in evaluations of VR and other
workforce programs (see, for example, Kisker et al.,
2008; Wilhelm & Robinson, 2013). As discussed by
the GAO (2012), the challenge is to observe people
who are as similar as possible to VR participants but
who do not receive VR services to ensure that the ob-
served effects are due to the program itself rather
than other factors. It is important to note that “simi-
lar” does not mean that the treatment and control
groups be identical, because any observable differ-
ences between the two groups (such as demographic
and disability-related characteristics) can be con-
trolled for statistically. Rather, the two groups should
be as similar as possible in “unobservable” character-
istics (i.e., traits such as motivation, family support,
and self-efficacy) that are important in jobseekers’
choices to seek VR services and their ability to be-
come and remain employed. Even after controlling
for observable differences, substantial unobserved
differences between individuals who receive VR ser-
vices and those who do not (known as a selection ef-
fect) likely will remain. We discuss this issue further
in the subsection below entitled, “Control for the
Problem of Selection Bias.”

The second reason for including all applicants is that
they significantly increase the overall sample size.
Larger samples can produce estimates that are more
precise. In other words, they provide greater statisti-
cal confidence in the estimated impacts and ROI.
Third, it is important to recognize that the VR pro-
gram’s impact may not be limited to individuals with
a signed IPE, even though existing program perfor-
mance measures emphasize those types of cases. The
national longitudinal study commissioned by RSA
revealed that over one-third of individuals who had
an IPE, but who did not receive substantial services,
were employed 1-3 years after exiting VR (Hayward
& Schmidt-Davis, 2003). Services received during
the eligibility determination process (e.g., medical
evaluation, psychological evaluation, discussions
with VR counselors about barriers to employment) or
during the development of an IPE (e.g., vocational
evaluation, discussions with VR counselors about ca-

reer goals, information about the skills required for
specific jobs) may influence an individual’s employ-
ability even if the person’s case ends before planned
services are provided.

Start With the First VR Application

It is standard practice in workforce program evalua-
tions to begin examining potential impacts as soon as
the intervention or treatment – VR services, in this
case – is started (see, for example, Aakvik, Heckman,
& Vytlacil, 2005; Dean et al., 2015, 2017, 2018,
2019; Heinrich, Mueser, Troske, Jeon, & Kahvecioglu,
2009). Following this practice in VR research is
complicated because of many clients in a cohort for
whom the case is not their first (between 13 and 23%
for the three cohorts summarized in Table 1). Ignor-
ing the fact that a case is not a client’s first would
make little difference to ROI estimates if VR service
impacts were the same in initial and subsequent VR
cases. However, Dean et al. (2015) found signifi-
cantly different employment impacts for individuals
who had a prior VR case in a cohort of applicants to
Virginia DARS in SFY 2000 with cognitive impair-
ments. Although no generalizations can be made, be-
cause these differences varied by employment and
earnings as well as by service type, anecdotal infor-
mation provided by VR staff engaged in the VR-ROI
Project suggest that program participants with prior
cases tend to have different employment outcomes
than participants exiting after their first case.

A researcher can address this issue in two ways. The
first (and our preferred) approach is to include only
first cases in the analysis sample. Of course, this re-
quires a large enough cohort to afford the loss of indi-
viduals for whom this is not the first case. In the
VR-ROI Project’s work to date, we have had the lux-
ury of large enough cohorts to allow us to use this ap-
proach.

The second approach is to include clients with prior
cases but control statistically for the apparent differ-
ences observed in Dean et al. (2015). We are explor-
ing modeling changes to enable this approach be-
cause we be believe that the percent of individuals
with multiple VR cases could well rise in the future.
WIOA includes an increased focus on serving stu-
dents and other youth with disabilities. Honeycutt,
Thompkins, Bardos, and Stern (2013) argued that
since they enter VR at an early age, it is reasonable to
assume that many such youth will return for addi-
tional services during the decades following their ini-
tial case. If true, the proportion of individuals with
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multiple VR cases is likely to rise to the point where
it will be necessary to include clients who have re-
turned for additional VR services in future ROI anal-
yses.

Estimate Program Impacts Separately
by Service Type and Disability Type

The vocational rehabilitation program provides a
customized set of services to participants. Counsel-
ors work collaboratively with participants to develop
an IPE that specifies the services to which both par-
ties agree. In other words, VR provides its customers
with an individualized service plan with consider-
ation given to the type and severity of the individ-
ual’s disability or disabilities, needs and desires, fam-
ily support, job availability, and many other factors.
Given the customized nature of the VR program, we
would prefer not to model a “generic” VR participant
who receives a “generic” type of service. That is, we
do not simply split VR participants into “treated”
(those who receive substantive services of any type)
and “untreated” (those who do not) groups.

Rather, our approach estimates the effects of services
on employment and earnings (if employed) sepa-
rately by disability type (e.g., intellectual disability,
learning disability, mental illness, physical disability,
and blindness or low vision). Furthermore, we “crack
the black box” of the overall impact of VR services
by estimating employment and earnings impacts of
six to nine broad service types separately for individ-
uals with several different types of disabilities. For
all disability types, these include diagnostic, training,
higher education, restoration, maintenance, place-
ment, and supported employment services. We add
two categories of particular importance to the service
regimen for individuals who are blind or have low vi-
sion – assistive technology and orientation and mo-
bility. Our categorization of services is not as de-
tailed as the service categories reported on the
RSA-911, but it is a manageable number for analysis
and is quite revealing as demonstrated by Dean et al.
(2015, 2017, 2018, 2019), and Schmidt et al. (2019).
We find that the mix of service choices varies sub-
stantially across disability types and that the employ-
ment impact of the various service types varies dra-
matically for individuals with specific types of dis-
abilities. For example, among individuals with mental
illness who applied to Virginia DARS in SFY 2000,
the most effective category of purchased services
was vocational training/supported employment
(even though supported employment for individuals
with mental illness was not yet widely available at

that time). The results reveal that the VR program in-
deed provides a rich and varied set of services in a
manner that is customized for the individual.

Control for the Problem of
Selection Bias

In estimating the impact of VR on employment out-
comes, it is important to recognize that there may be
a number of factors influencing both program partici-
pation and employment outcomes that cannot readily
be accounted for by the information that VR agencies
collect on the individuals they serve. For example, it
might be the case that individuals who are highly mo-
tivated, have strong family support, and/or have
ready access to transportation are more likely to
choose to participate in VR than those with lower
skills, and these individuals would be more likely to
have positive employment outcomes even without
VR services. Another possibility is that individuals
with lower employment likelihood and lower earn-
ings are more likely to be determined eligible for VR.
In both of these cases, employment outcomes are cor-
related with the likelihood of VR participation
through influences that are not included in agency
databases and therefore not included as control vari-
ables in the statistical model. This causes the esti-
mates of VR’s impact on participants’ employment
and earnings to be biased (i.e., to systematically un-
der- or over-estimate their true impact).

A number of ways to address the selection bias prob-
lem have been suggested in the workforce program
evaluation literature (see Heckman, Ichimura, & Todd,
1998, for a discussion on the relative merits of some
alternatives). Indeed, a number of state-level evalua-
tions of VR in the past 15 years (e.g., Bua-Iam &
Bias, 2011; Hemenway & Rohani, 1999; Hollenbeck
& Huang, 2006; Kisker et al., 2008; Uvin et al., 2004;
Wilhelm & Robinson, 2013) have acknowledged and
attempted to statistically control, to varying degrees,
for this “selection bias” issue. The approach utilized
by the VR-ROI Project has been reviewed through a
double-blind refereeing process within the academic
economics literature (see Dean et al., 2015, 2017,
2018). We provide an overview of that approach here
and refer the interested reader to these articles for a
more detailed justification and exposition.

The VR-ROI Project model includes a service choice
(received or did not) equation for each of 6-9 service
types (depending upon the cohort), an employment
(employed or not) equation, and an earnings-if-em-
ployed (using a log functional form) equation. Even
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after including around twenty explanatory variables,
the selection issue affects each of these equations and
we employ statistical techniques to address the issue.
Most importantly, we include a separate and distinct
“instrumental variable” (IV) in each equation. For a
service choice equation, an IV is an independent fac-
tor that affects an individual’s likelihood of VR par-
ticipation and yet has no direct effect on the individ-
ual’s labor market outcome (and vice versa for the la-
bor market equations).

The alternative we use for the service choice equa-
tions is an instrument based on the variations among
counselors and field offices in the types of purchased
VR services their participants receive. This approach
acknowledges participant-counselor collaboration
and takes advantage of the individualized nature of
VR which highly values clinical judgment, individ-
ual choice, and local variation in availability of ser-
vices. Although this instrument is a new concept for
VR program evaluation, it makes effective use of the
program’s broad array of service options to provide
convincing evidence of the impact of VR services on
employment outcomes. A more complete discussion
of the instrumental variable and the VR-ROI model
is presented in online Appendix B to Schmidt et al.
(2019) at https://scholarship.richmond.edu/econom-
ics-faculty-publications/56/

Summary

Congress, federal agencies, and state legislatures
have increasingly pushed for a stronger evidence
base of the ongoing effectiveness and value of VR
services. In the current era of intense scrutiny of pub-
licly-funded human service programs, the methods
that VR used in the past to demonstrate its impact are
insufficient to address questions of the program’s
long-term impact. The passage of WIOA and its
amendments to the Rehabilitation Act have resulted
in major changes in the ways in which the public VR
program is being evaluated. The features of our ap-
proach to evaluating state VR programs are largely
congruent with the new VR program performance
expectations and offer opportunities for VR agencies
to be well-positioned to respond to the ongoing scru-
tiny of VR’s effectiveness in serving individuals with
disabilities. Through a partnership between research-
ers well versed in appropriate statistical procedures
and VR agency personnel, implementation of our
paradigm is also feasible at the state level. It can
strengthen the reliability and validity of VR outcome
evaluations, while providing meaningful information
for those operating state VR programs as well as de-

cision makers who legislate funding and determine
program guidelines. As such, they may be considered
“promising practices” for VR program evaluation,
and we encourage state VR agencies and VR re-
searchers to consider incorporating these features
when modeling the effects of VR services on partici-
pants’ employment and earnings (if employed).
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Applications of the VR-ROI Project: ROI Estimates
for Virginia and Maryland

Robert M. Schmidt
University of Richmond

Christopher M. Clapp
University of Chicago

John V. Pepper
University of Virginia

Steven N. Stern
Stony Brook University

Abstract. This paper briefly describes and then implements the VR-ROI (Vocational
Rehabilitation Return on Investment) Project’s model for applicants in state fiscal year
2007 to Virginia’s Department for Aging and Rehabilitative Services (VA DARS) and to
Maryland’s Division of Rehabilitation Services (MD DORS). We present results that
account for differences across disability, agency, VR service type and source, applicant
characteristics, and county as well as national economic conditions. This approach
provides a rich set of estimates that display considerable heterogeneity within each agency
across three disability types (mental illness, physical impairment, and cognitive
impairment) and seven service categories (diagnosis & evaluation, training, education,
restoration, maintenance, job placement, job supports) within each disability type. Five
online appendices providing additional detail on the model and results can be found at
https://scholarship.richmond.edu/economics-faculty-publications/56/

Keywords: Return on investment estimates, vocational rehabilitation (VR), mental illness, physical im-
pairment, cognitive impairment, multiple service types, multiple service sources

Schmidt et al.This article provides an overview of the VR-ROI (Voca-
tional Rehabilitation Return on Investment) Project’s sta-
tistical model and summarizes new VR-ROI estimates
for two agencies: the Virginia Department for Aging and
Rehabilitative Services (VA DARS) and the Maryland
Division of Rehabilitation Services (MD DORS). Focus-
ing on applicants during State Fiscal Year 2007 (SFY
2007), we provide six separate sets of estimates. We pro-
vide estimates by agency for each of three disability types
– mental illness (anxiety disorders, depressive and other

mood disorders, personality disorders, schizophre-
nia and other mood disorders), physical impairment
(internal and musculoskeletal), and cognitive im-
pairment (intellectual disability and learning disabil-
ity).

Prior to presenting those results, we describe vari-
ous aspects of the six cohorts and provide an over-
view of the model. The second section presents re-
sults for VA DARS and MD DORS. The third sec-
tion provides some concluding remarks.

Journal of Rehabilitation Administration, 40(1), pp. 57–72, 2019



Cohorts, Data Description, and
Model Overview

Cohorts

We begin by considering 10,849 VA DARS appli-
cants and 9,018 MD DORS applicants during SFY
2007. We exclude some applicants from our analysis
for two reasons. First, our exclusive focus for this ar-
ticle is on individuals with a mental illness (MI),
physical impairment (PI), and/or cognitive impair-
ment (CI). Correspondingly, we exclude applicants
without any of these conditions. Second, as discussed
in Rowe, Ashley, Pepper, Schmidt, and Stern (2019),
we exclude applicants in SFY 2007 for whom this
case was not their first.

Given these two restrictions, 59% of Virginia appli-
cants and 75% of Maryland applicants are included
in one or more of our analysis samples. (Among Vir-
ginia applicants, 26% are dropped because they have
none of the three disability types and another 15% are
dropped because this is not their first case. The corre-
sponding percentages for Maryland are 15% and
10% respectively.) Sample sizes for Virginia are
2,884 applicants for the MI cohort, 2,559 for PI, and
2,420 for CI. Maryland sample sizes are 3,712 for
MI, 3,600 for PI, and 2,057 for CI. Note that the sam-
ples are not mutually exclusive, i.e., an applicant may
be included in more than one sample. For example,
an individual with a mental illness as well as a physi-
cal impairment is included in both the MI and PI
samples, and we control for that co-morbidity in the
model.

Data Description

Service choice. We model both the choice among
and the labor market impacts of seven broad catego-
ries of VR services for each individual in the sample:

• Diagnosis & evaluation: services for assessing el-
igibility and developing an Individualized Plan for
Employment (IPE) as well as medical diagnostics;

• Training: career & technical training including
vocational, job readiness, on-the-job, GED (high
school equivalency certificate);

• Education: post-secondary education;

• Restoration: medical/healthcare service and
assistive technology;

• Maintenance: extra living expenses (such as shel-
ter, food, clothing, incidentals) needed for an indi-

vidual to participate in VR, as well as VR-related
transportation and vehicle/home modifications;

• Job Placement: job search and placement assis-
tance including resume preparation, developing
interview skills, identifying job opportunities, re-
ferral to a specific job; and

• Job Supports: job coaching, supported employ-
ment.

SFY 2007 applicants to either agency could receive
services from any combination of three sources: (1)
agency counselors, (2) external vendors (purchased
services), and (3) a state-operated comprehensive re-
habilitation center (SOCRC, i.e., the Wilson
Workforce Rehabilitation Center [WWRC] in Vir-
ginia and the Workforce Training Center [WTC] in
Maryland). Although we would prefer to include all
services from all sources when estimating individ-
ual-level impacts, we cannot do so for counselor-pro-
vided services because until recently, neither agency
tracked specific VR counselor services provided to
specific VR participants in its electronic database.
On the other hand, agency staff report that nearly all
applicants receive counselor services for eligibility
assessment, developing an IPE, and/or counseling;
all of which fall into our classification of diagnostic
and evaluation services. To the extent that this is
true, the group of individuals not receiving coun-
selor-provided services would likely be too small to
serve as a valid comparison group in gauging the ef-
fectiveness of those services, and their omission
would have little impact on our estimates.

In contrast to counselor-provided services, both
agency databases include sufficiently detailed ser-
vice information for the other two sources to allow us
to identify which SFY 2007 applicants received which
service(s) from either or both sources. The choice be-
tween purchasing a service or providing it through a
SOCRC depends upon a number of factors. Irrespec-
tive of why, the labor market impact of a service
could differ depending upon that choice. Accord-
ingly, we estimate differential labor market impacts
depending upon whether each type of service is pur-
chased only, provided by the SOCRC only, or both.

Table 1 presents the distribution of service choices
by agency, service type, and source. Although the ta-
ble cannot distinguish among the many possible rea-
sons for agency differences in service provision, it
does reveal that meaningful differences do exist.
Three merit comment. First, in 2007, MD DORS pur-
chased diagnostic and evaluation services at a much
higher rate than did VA DARS. In Maryland, the
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norm was to purchase services to assist in eligibility
assessment whereas in Virginia the norm was to un-
dertake the initial assessment in-house. Soon after
2007, MD DORS substantially decreased the prac-
tice of purchasing these services after deciding that,
in most cases, counselors were quite capable of per-
forming that determination using existing and readily
available information regarding the applicant’s cur-
rent functioning. Second, both SOCRCs provided
maintenance support through their residential facili-
ties. However, Table 1 does not show any mainte-
nance support for the WTC. The explanation is that
while WWRC recorded residential per diems for in-
dividuals, the WTC did not. Third, VA DARS did not
purchase placement services but WWRC did provide
them for 2% of the applicants. By contrast, MD
DORS did provide them through purchase and/or
through the WTC for 14% of its applicants. Irrespec-
tive of the reasons for such heterogeneity across
agencies, we do model these service choices as well
as their labor market impacts by agency, disability
type, service type, source, and period.

For brevity, Table 1 does not differentiate by disabil-
ity type because in general, the percent receiving a
service are within a few percentage points across dis-
ability cohorts. The exceptions are job supports (7-9
points lower for PI than MI or CI in both agencies)
and restoration (4-5 points higher in VA DARS and
7-9 points higher in MD DORS for PI than MI or CI).
Each value in the table represents the percent of all
individuals across the MI, PI, and CI disability co-
horts. The percentages receiving services likely ap-
pear to be low to most readers because practitioners

commonly focus on VR program participants who
have developed an IPE. By contrast, our analysis
samples include individuals whose cases were closed
for various reasons prior to eligibility determination
(3% of VA applicants, 15% for MD) as well as those
who were eligible but did not complete an IPE (25%
for VA, 28% for MD). For further discussion, see
Rowe et al., 2019.

Employment and earnings. The unemployment in-
surance agency in each state provided us with quar-
terly earnings and employment status (defined as em-
ployed in the quarter if earnings are above zero) for
up to three years prior to the application quarter and
five years after. Thus, we have at least 30 separate
quarterly observations for each individual regarding
employment status and nominal earnings (if em-
ployed). We separate the quarterly observations into
four distinct periods.

1. Two or more quarters prior to the application
quarter. We use this period as a baseline against
which to measure impacts for each service type.

2. The quarter immediately preceding the applica-
tion quarter. Employment and earnings are
known to drop in the periods just before individ-
uals apply to many workforce development pro-
grams. To account for this decline (known as the
Ashenfelter (1978) dip), we explicitly allow ser-
vice effects to vary in this quarter.

3. The first eight quarters after application (the
“short” run), during which time many individu-
als are receiving VR services
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Table 1

Service Choice by Service Type, Agency, and Provider (VR Applicants during SFY 2007)

VA DARS (6,380 applicants) MD DORS (6,749 applicants)

Service Type PS WWRC PS WTC
Only Only Both Neither Only Only Both Neither

Diagnostic 28% 8% 5% 58% 43% 8% 13% 35%

Training 11% 6% 1% 82% 13% 3% 1% 83%

Education 2% 98% 6% 94%

Restoration 18% 6% 2% 74% 8% 10% 3% 79%

Maintenance 24% 4% 3% 69% 24% 76%

Placement 2% 98% 10% 3% 1% 86%

Job Supports 20% 80% 13% 87%



4. More than eight quarters post-application (the
“long” run), by which time most participants’
cases have closed.

For each agency and disability type, we estimate sep-
arate labor market impacts for each of the seven ser-
vice types, each of the three sources (purchased ser-
vices only, WWRC/WTC only, or both), and each of
the four periods. Distinguishing by service source
differs from our previous work (Dean, Pepper,
Schmidt, & Stern, 2015, 2017, 2018) and provides
more nuance in service impacts. In total, we estimate
84 service impacts for employment propensity and
another 84 for nominal earnings (if employed). The
model controls for as many observable (individual
and labor market) characteristics as possible in an at-
tempt to ensure that our estimated changes result
from provision of the service rather than from extra-
neous factors that are correlated with provision of the
service. This subsection describes trends in the labor
market variables over these periods. However, we
caution against over-interpreting these trends be-
cause they do not control for anything other than dis-
ability type and agency. For example, these rates are
influenced by the health of the United States econ-
omy. The economy strengthened in the years before

and during the application year of SFY 2007 that pre-
ceded the 2008 financial crisis and ensuing Great Re-
cession. The effects can be observed in the average
U.S. unemployment rates of 5.3% for SFY 2004-2006
(roughly the pre-application period), 4.7% for SFY
2007-2008 (roughly the short run), and 8.9% for SFY
2009-2011 (roughly the long run) (Bureau of Labor
Statistics, 2018). The decline of the U.S. economy
likely played an important role in the fall of employ-
ment rates between the short and long runs for these
groups of SFY 2007 applicants to VR.

Table 2 reports employment rates and mean nominal
earnings (if employed) by agency, disability type,
and period, and shows that both measures vary by
agency, by disability type, and over time. With re-
spect to employment rates, the PI cohort for both
agencies exhibits a notable Ashenfelter dip in the
quarter preceding application. By contrast, employ-
ment rates remain stable in both agencies for the MI
cohort and actually rise in the quarter before applica-
tion for the CI cohort. Employment rates rise across
all cohorts and both agencies in the eight quarters fol-
lowing application but then fall in the quarters after
that.
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Table 2

Employment Rates and Mean Nominal Quarterly Earnings (if employed) by Agency, Disability Type,
and Period (VR Applicants during SFY 2007)

Descriptive Statistic VA DARS MD DORS

MI PI CI MI PI CI

# of Applicants in Cohort 2,884 2,420 2,559 3,712 3,600 2,057

% Employed

2 or More Qtrs Before Application 31% 37% 22% 30% 31% 28%

1 Quarter Before Application 32% 33% 32% 28% 25% 34%

First 8 Qtrs After Application (short run) 39% 36% 42% 35% 30% 42%

More than 8 Qtrs After App. (long run) 29% 29% 39% 25% 22% 37%

Mean Nominal Earnings (if employed)

2 or More Qtrs Before Application $3,219 $4,440 $1,988 $2,958 $4,283 $2,437

1 Quarter Before Application $2,420 $3,250 $1,580 $2,086 $3,092 $2,087

First 8 Qtrs After Application (short run) $2,589 $3,329 $2,154 $2,712 $3,521 $2,401

More than 8 Qtrs After App. (long run) $3,335 $3,933 $2,954 $3,394 $4,234 $3,143

Note: Each observation in the table represents one quarter. Thus, for example, the number of observations for
the row labeled, "First 8 Qtrs After Application," is eight times the number of applicants.



The second portion of Table 2 shows mean quarterly
earnings for those applicants who were employed in
the quarter. The Ashenfelter dip, ranging from about
$400 to about $1,200, is evident for all disability co-
horts across both states. As was the case with em-
ployment rates, the PI cohort exhibits the largest dip
of about $1,200 in each state. However, the Great Re-
cession does not appear to have affected mean earn-
ings for those with a job as it did the employment
rate. Mean earnings rose between the short run and
long run in both states for all disability types, ranging
from about $600 to about $800.

Figures 1-4 spotlight trends during the pre-applica-
tion period by charting quarterly employment rates
and mean nominal earnings (if employed) for the
quarters leading up to application, separately by dis-
ability cohort and agency. Indeed, the patterns and
levels of employment and earnings vary dramatically
by disability and, for employment rates, by agency.

Although many factors affect trends in employment
and earnings, we reiterate that the data in these sim-
ple tables and charts only account for an applicant’s
disability and the state agency. For that reason, the
main lessons at this stage are that there are significant
differences across agencies and disability types in
their pre-service employment and earnings. Any
model that estimates labor market impacts of service
provision must include controls for pre-service em-
ployment, pre-service earnings if employed, agency,
and disability.

Overview of the Estimation Model

Our complete model for estimating impacts of VR
services on labor market outcomes includes seven
equations to model the probability of provision for
each of the service categories, one equation to model
the probability of employment in a quarter and one
equation to model the log of nominal quarterly earn-
ings (conditional on being employed). Although we
refer simply to “earnings” elsewhere in this article,
we use the log of earnings in the model for several
reasons, including the interpretation of coefficients in
percentage terms. For example, a coefficient of .02
for education would indicate that each additional
year of education leads to 2% higher earnings if em-
ployed.

Each of these nine equations includes a set of over
twenty explanatory variables that we believe to be
correlated with, but not influenced by, either service
provision or labor market performance. Most of these
explanatory variables relate to an individual’s char-

acteristics and disability. We provide additional ex-
planation and descriptive statistics for these variables
in online Appendix A.

A more thorough description of the model, including
explicit mathematical representations of the model’s
relationships, can be found in online Appendix B. Al-
though discussed more thoroughly in that appendix,
two points merit discussion here. First, the model
does use techniques to control for selection bias. In
this model, selection bias might occur when one or
more variables that influence both the probability of
service provision and labor market performance are
excluded from the analysis, often because they are
not available or not measurable. Examples might in-
clude motivation, family support, and access to trans-
portation. For additional discussion, see Clapp, Pep-
per, Schmidt, & Stern, 2019.

Second, the labor market equations use quarterly ob-
servations for the two outcome variables, employ-
ment in the quarter (1 for employed, 0 otherwise) and
log of nominal quarterly earnings conditional on be-
ing employed. As described previously, in each labor
market equation, we estimate separate service coeffi-
cients by agency and disability type for (a) three ser-
vice sources, (b) seven service types, and (c) four pe-
riods relative to the application quarter. How are
these coefficients to be interpreted? As an example,
consider coefficients in either labor market equation
for training services purchased solely from an exter-
nal vendor. A negative coefficient for the pre-appli-
cation period (through the second quarter prior to ap-
plication) would indicate that, after controlling for
everything in the model, those applicants enter VR
with lower levels of employment and earnings than
those who do not receive training services at all. A
positive coefficient would indicate higher levels of
employment and earnings.

Now consider how we estimate service impacts on
labor market performance. We estimate them as the
change between the pre-application coefficient and
the post-application coefficient. Specifically, we cal-
culate the short-run (first eight quarters after applica-
tion) impact as the difference between the short-run
and pre-service coefficients. We calculate the long-run
(more than eight quarters after application) impact in
an analogous manner. Thus, a positive long-run coef-
ficient could result in either a positive change when it
is larger than the pre-application coefficient or a neg-
ative change when it is smaller. Conversely, a nega-
tive long-run coefficient could result in either a posi-
tive change when it is less negative than the pre-ap-
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plication coefficient or a negative change when it is
more negative or when the pre-application coeffi-
cient is positive.

Estimation Results

This section presents results by disability cohort for
VA DARS and MD DORS. For each, we present im-
pacts of the service categories on employment as
well as earnings (if employed). We then present ROI
results for each cohort and agency. Before doing that,
we consider the context in which to interpret these re-
sults.

ROI analysis restricts itself to readily quantifiable
outcomes. In this and many other studies, those out-
comes are employment and earnings. Given that re-
striction, these analyses exclude qualitative, non-mar-
ket impacts of VR such as levels of independent liv-
ing, community integration, and self-efficacy. To the
extent that VR exerts a positive influence on these,
ROI estimates will underestimate VR’s total impact.
We recognize that the magnitude of the underesti-
mate varies by client and may be substantial for some
individuals and disabilities. However, we do not
have access to data on these outcomes. Researchers
have not yet developed a widely accepted methodol-
ogy to collect data on, and assign dollar values to,
quality of life improvements. (For additional insight,
see Hopkins, 2019.) In the meantime, it is important
to recognize that ROI estimates for VR and other
workforce programs likely underestimate the pro-
gram’s overall impact.

More specific to the SFY 2007 cohort of VR appli-
cants, individuals applied for VR services during a
period of economic prosperity. At 4.5%, SFY 2007’s
unemployment rate was the lowest it had been in six
years (Bureau of Labor Statistics, 2018). That grow-
ing economy informed the cohort’s decisions to ap-
ply for VR services as well as their work with coun-
selors to develop IPEs. That trend ended with the
2008 financial crisis that culminated in the deepest
recession since the Great Depression. Upon exiting
VR, individuals faced a depressed labor market as
evidenced by national unemployment rates that
climbed to 9.8% by 2010, and slowly declined after
that (Bureau of Labor Statistics, 2018). Although we
include controls for the state of the economy, those
might not be adequate to capture the full impacts on
this cohort’s ability to find employment and/or in-
crease earnings.

Plausibly, the declining state of the economy affected
transition-age youth (traditionally defined as 16-24

years of age) even more negatively than it affected
VR program participants of prime working age.
Transition-age youth are concentrated most heavily
in the CI cohorts where individuals under the age of
24 comprise 61% of the VA DARS applicants and
77% of the MD DORS applicants (compared with
percentages ranging from 16-31% for the MI and PI
cohorts). Although we include a dummy variable for
applicants who are “very young,” that variable is un-
likely to fully control for the effects of the Great Re-
cession on transition-age youth. We anticipate the
differential effect of the economy on transition-age
youth to be most substantial for the CI cohort.

Preface: Interpreting the Results for
Virginia and Maryland

Clapp et al. (2019) describe a number of approaches
to estimating VR service impacts, including differ-
ence-in-differences (diff-in-diff). To provide a con-
trast to estimates through the VR-ROI model pre-
sented in the next subsection for Virginia DARS and
in the subsection after that for Maryland DORS, we
calculated treated vs. untreated, diff-in-diff service
impacts for each agency. Specifically, we calculated
mean labor market performance over the pre-appli-
cation period as well as the long-run period (more
than eight quarters after application) for both the
“treated” (applicants who received any VR services)
and the “untreated” (applicants who did not).
Diff-in-diff VR service impacts are then calculated as
[(LR mean - Pre-app mean)Treated - (LR mean -
Pre-app mean)Untreated]. Virginia’s diff-in-diff re-
sults are negative for both employment and earnings
while Maryland’s are both positive. Specifically, rel-
ative to the “untreated,” the “treated” change in em-
ployment rates is 0.6 percentage points lower in Vir-
ginia and 3.3 percentage points higher in Maryland
while the change in mean earnings (if employed) is
16.1% lower in Virginia and 6.2% higher in Mary-
land. Although simple to calculate, these numbers
can be misleading and provide no insight into the
forces that lie behind them. They do not control for
any covariates (individual characteristics, severity of
disability, selection issues) and provide estimates for
a generic VR participant receiving a generic VR ser-
vice. By controlling for covariates and providing sep-
arate results for three disability types and seven VR
service types, the figures presented and discussed in
the next two subsections indicate that diff-in-diff es-
timates mask the considerable heterogeneity in ef-
fects.
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The next two sections present and discuss long-run
(more eight quarters after application) service im-
pacts by disability type when the agency purchases
services from an external vendor but does not pro-
vide them by the SOCRC (Figures 5-7 for Virginia
and 8-10 for Maryland). Each figure reports these es-
timated impacts separately by service category for
employment propensity as well as conditional earn-
ings. We also estimate impacts when providing the
service only by the SOCRC or by both an external
vendor and the SOCRC. We include their impacts
and costs in our ROI estimates but do not show them
in this paper. Rather, online Appendix C provides es-
timates and statistical significance for all service im-
pacts, the influence of explanatory variables in the
service provision and labor market equations, and
many other model parameters.

Several considerations are important to understand-
ing the estimates provided in Figures 5-10.

• As noted earlier, we focus on long-run impacts
(more than eight quarters after application) in this
article. We do this to allow program participants to
exit from VR before measuring service impacts.
The period includes twelve or more quarters for
each individual.

• The service impacts depicted in this chart are cal-
culated as changes from the twelve-quarter period
prior to application (but excluding the quarter im-
mediately preceding application), relative to indi-
viduals in the cohort not receiving the service
either by purchase or from the SCORC. Thus, a
positive value indicates that the change in labor
market performance was stronger for those receiv-
ing the service than for those who did not, not nec-
essarily that the change itself was positive for
service recipients. Conversely, a negative value
indicates that the change was not as strong, not
necessarily that the change itself was negative for
service recipients.

• We consider an individual to be in the “treatment”
group for those service categories in which the in-
dividual received a service and in the “compari-
son” group for the others. Thus, not only do we
allow for differential service regimens, we also
take a more nuanced view than simply “received
substantial VR services” versus “did not receive
substantial VR services.” We do not estimate in-
teraction effects across service types because
Dean et al. (2015, 2017, 2018) found interactions
between pairs of services to be statistically insig-
nificant.

Results for Virginia DARS

With these considerations in mind, what do these
charts reveal? We begin by examining the effects of
VR services on MI individuals reported in Figure 5.
First, consider Training as an example for interpreta-
tion. Changes in employment rates were 27 percent-
age points higher when Training services were pur-
chased and changes in earnings (conditional on being
employed) were 22% higher. Both employment and
earnings changes were also higher when services were
purchased in the Restoration, Maintenance, and Job
Supports categories. The magnitudes were small for
Restoration and Maintenance; however, they were
large for Job Supports (50 percentage points higher for
employment and 19% for conditional earnings).

By contrast, the negative values for Diagnosis and
Evaluation (D&E) indicate that changes were lower
for individuals for whom D&E services were pur-
chased than for those for who did not receive D&E
services. While we cannot rule out that D&E services
cause clients to have worse labor market outcomes,
we find this interpretation of our estimates to be im-
plausible. An alternative explanation for these nega-
tive values is that the model does not fully control for
selection bias, i.e., caused by the existence of a vari-
able that influences both the probability of service
provision and labor market performance. Conferring
with agency staff in such an instance has sometimes
provided additional insights into the nuances of the
agency and often gives us ideas to improve the model
further. In the case of D&E, we have observed nega-
tive values across agencies and disability cohorts.
Agency staff have suggested that combining eligibil-
ity determination and medical diagnostics into D&E
services might be the source of the problem. Accord-
ingly, we are exploring their separation as well as
adding a dummy variable to identify individuals who
received no services of any kind after eligibility de-
termination. The Education results also appear to be
anomalous. Individuals who received support for ed-
ucation beyond high school appear to enjoy higher
employment rates but lower earnings once em-
ployed. However, these results are unlikely to have a
big impact on overall ROI estimates due to the small
numbers of individuals involved – 66 or 2% of the
2,884 individuals in this cohort. Indeed, any service
from any source that is provided to a small proportion
of applicants will not have as large of an impact on
ROI as the more prevalent service types. As shown in
Table 1, this applies most often to services provided
by the WWRC (or, for MD DORS, from the WTC).
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Figures 6 and 7 display long-run purchased service
impacts by service category for the PI and CI cohorts,
respectively. The service impacts for the PI cohort in
Figure 6 are particularly strong. With the exception
of D&E, those receiving purchased services exhibit
improved labor market changes for all service cate-
gories compared with those who did not receive the
service. With respect to employment impacts, Job
Supports are the strongest (43 percentage points
higher) with Training second (29 percentage points
higher). For conditional earnings impacts, Training
is strongest (19% higher) with Education and Job
Supports tied for second (16% higher).

For the CI cohort, Figure 7 shows less consistency
across service categories than do the results for the
MI and PI cohorts. CI service recipients for whom
services are purchased for Training, Education, and
Job Supports enjoy stronger labor market changes
than for those for whom those services are not pro-
vided. These results are encouraging in light of the
fact that 61% of these individual were under
twenty-four at application and many were attempting
to enter the job market in the face of the Great Reces-
sion. Less encouraging are the negative values for
those receiving D&E, Restoration, and Maintenance.

Turning to our estimates of ROI, the labor market im-
pacts of VR service provision from any source repre-
sent the “benefits” side of ROI while VR agency
costs represent the “investment” side. We estimate
total VR costs including “fixed cost” (administrative,
counseling, and placement) which are not tracked at
the individual level as well as “variable costs” (ser-
vices both purchased and provided by the WWRC)
which are tracked for individuals. Thus, our esti-
mates allow us to measure the benefits of VR relative
to its costs. We make ROI estimates on an individual
basis to allow us to provide a full set of descriptive
statistics as well as aggregate results for any desired
group of individuals (e.g., a disability cohort, using a
particular mix of services, or even the full agency).

Table 3 presents 20-year ROI results in the form of
internal rate of return (ROR) for the three VA DARS
disability cohorts. (See Hollenbeck, 2019, and Clapp
et al., 2019, for a discussion of alternative ROI mea-
sures as well as their relative strengths and weak-
nesses.) We base the 20-year annualized ROR esti-
mates on 5+ years of post-application employment
and earnings data. We extrapolate the labor market
impacts to 20 years using standard techniques that
are discussed in online Appendix D. The appendix
provides a detailed discussion of the methodology

and an illustration of the relative impact on ROR for
5-year, 10-year, and 20-year RORs. When interpret-
ing these ROI results, note that a positive ROR indi-
cates that the labor market gains more than offset the
agency’s costs and the higher the ROR the better.
Additionally, an ROR that is not positive does not
necessarily mean that there were no labor market
gains from VR services. It might simply indicate that
those gains did not exceed the agency’s costs.

Table 3 shows strong ROR results for both the MI
and PI cohorts. While we would not expect all pro-
gram participants to enjoy labor market gains from
VR services, much less gains that exceed VR costs,
67% of the MI cohort and 58% of the PI cohort did
just that. The median values indicate that half of them
enjoyed annual RORs exceeding 17.5% and 15.5%,
respectively. By comparison, the long-run annual re-
turn in the United States is about 10% in the stock
market and about 1% currently in money market ac-
counts. Individuals in the CI cohort did not fare
nearly as well – 25% enjoyed labor market gains that
exceeded VR costs. Note that these results are based
on employment and earnings data that run through
2012. We plan to extend that to 2017 which will pro-
vide ten years of post-application data, a period well
into the recovery and when most in the CI cohort will
have entered their prime working ages.

Results for Maryland DORS

As in the previous subsection, we first present and
discuss service impacts on labor market outcomes
before presenting ROI estimates. Figures 8-10 dis-
play long-run service impacts (more than eight quar-
ters after application) for the MI, PI, and CI cohorts
when DORS purchased services from an external
vendor but did not provide them through the state-op-
erated comprehensive rehabilitation center (WTC).
We show these impacts separately by service cate-
gory and for employment propensity and conditional
earnings. Impacts when the service was provided
only by the WTC or by both an external vendor and
WTC have also been calculated and are shown in on-
line Appendix C.

The variation across these three figures provides a
much more nuanced perspective on the impacts of
the VR program than would an approach that com-
pares a generic VR program participant who receives
“substantive” services to one who does not without
regard to disabling condition. These figures exhibit
considerable heterogeneity across service categories
and disabling conditions. With respect to service
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types, participants for whom the agency purchased
Training and Education services show employment
and earnings changes that were higher for all three
cohorts than for those not receiving the service. The
magnitude of the Training impacts is consistent
across disabilities, while those for Education are no-
tably larger for the PI cohort. Although the magni-
tudes are not large, participants receiving purchased
Restoration services had lower employment and
earnings changes for each cohort. Purchased Mainte-
nance services exhibited higher employment changes
but lower earnings changes across all cohorts. Labor
market changes for Placement services are mixed –
higher for the PI and CI cohorts but lower for the MI
cohort. Finally, purchased Job Supports resulted in
notably higher employment impacts, but minimal or
lower earnings changes.

Table 4 presents annualized internal rates of return
(ROR) estimates for the three MD DORS disability
cohorts. Results are particularly strong for clients in
the MI cohort. Seventy-eight percent exhibited labor
market impacts that exceeded VR costs (i.e., positive
RORs). RORs exceeded 14% for half of the cohort,
exceeded 26% annually for 25%, and exceeded 42%
for 10%. ROR results were not as strong for the PI
and CI cohorts with less than half of those cohorts en-
joying positive RORs.

For reasons discussed earlier, weaker RORs are not
particularly surprising for the CI cohort. What is sur-
prising, however, is that ROR results for the PI co-

hort are the weakest of the three even though their la-
bor market impacts appear to be the strongest (see
Figures 6-8). The explanation lies with D&E and
Restoration. For both of these, PI clients receiving
the service had lower employment and conditional
earnings changes than those who did not. That was
true irrespective of whether the service was pur-
chased, provided by the WTC, or both. In particular,
D&E has an outsized effect on these ROR estimates
because MD DORS routinely purchased services in
that era to assist with eligibility determination and
IPE development. As a result, D&E services were
purchased for over 56% of all applicants. Shortly
thereafter, the agency decided that their counselors
could use existing and readily available information
to perform eligibility determinations and provide vo-
cational guidance and counseling competently and at
a lower cost. Purchases of D&E services were much
less common from then on.

As an experiment, we asked what would be the re-
sults if D&E were excluded from the ROR calcula-
tions. In other words, what is the ROR for core VR
services? In that case, 66% of the PI cohort would
have positive RORs with a median of 8.7% annually,
a 75th percentile of 26.6%, and a 90th percentile of
49.4%. Online Appendix E shows side-by-side com-
parisons of ROR that include or exclude D&E ser-
vices for each disability type and both agencies.
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Table 3

20-year Annualized ROR for 4,121 VA DARS 2007 Participants

MI PI CI

% with Positive ROR 67.0% 58.0% 25.0%

ROR at Median 17.5% 15.5% 0.0%

75th Percentile 42.8% 42.1% 0.0%

90th Percentile 77.0% 77.0% 16.1%

Table 4

20-year Annualized ROR for 5,197 MD DORS 2007 Participants

MI PI CI

% with Positive ROR 78.0% 26.0% 33.0%

ROR at Median 14.0% 0.0% 0.0%

5th Percentile 26.1% 1.1% 8.7%

90th Percentile 42.5% 23.0% 30.2%



Concluding Remarks

The VR-ROI model provides a framework for esti-
mating the labor market impacts of VR service provi-
sion differentially across type of service, type of dis-
ability, time period, and agency. When applying the
VR-ROI model to applicants during SFY 2007 to VA
DARS and MD DORS, we find considerable hetero-
geneity within each agency of estimated service im-
pacts on employment versus earnings (if employed)
as well as across disability type (mental illness, phys-
ical impairment and cognitive impairment) and ser-
vice type (diagnosis & evaluation, training, educa-
tion, restoration, maintenance, job placement and
job supports) within each disability type. We also
find noteworthy differences in ROI across disability
types.

The approach provides a much more nuanced per-
spective on VR than do simpler approaches such as a
difference-in-differences approach applied to a ge-
neric VR participant receiving a generic VR service.
For example, that approach indicates a negative im-
pact of VR services on both employment and earn-
ings (if employed) for VA DARS. However, the
VR-ROI model provides generally positive results
for participants with mental illness as well as those
with a physical impairment. For reasons discussed
elsewhere in this paper, results for participants with a
cognitive impairment appear to be negative. We ob-
serve notable differences across service types within
each disability as well.

The VR-ROI model employs state-of-the-science
statistical techniques in an attempt to ensure that la-
bor market impacts result from the provision of VR
services rather than are simply correlated with them.
Nevertheless, we do emphasize two important quali-
fications. First, we reiterate some of the lessons upon
the ethical use of these results as discussed in
Froehlich, Bentley, Emmanuel, and McGuire-Kuletz
(2019). Paramount among these is that such results
not be used to deny services to any group of appli-
cants. Rather those insights might be used in con-
junction with other program information for broader
management decisions. Additionally, given the ma-
jor differences across agencies and the nuances of
these results, they should never be used to make com-
parisons across agencies.

Second, we emphasize that these results are prelimi-
nary. We continue to work on our understanding of
the Great Recession as well as controlling for appli-
cants who receive no services beyond diagnosis &
evaluation services for eligibility determination. Ad-

ditionally, we recently received additional data that
provides ten full years of earnings beyond applica-
tion. This extends well into the recovery from the
Great Recession and further into the working life of
the younger participants with a cognitive impair-
ment. Our planned analyses using these newer data
are likely to produce different results.
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Figure 1. VA DARS – Quarterly Employment Rates Prior to Application by Agency and Cohort
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Figure 2. MD DORS – Quarterly Employment Rates Prior to Application by Agency and Cohort

Figure 3. VA DARS – Average Quarterly Earnings (if employed) Prior to Application by Agency and Cohort
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Figure 4. MD DORS – Average Quarterly Earnings (if employed) Prior to Application by Agency and Cohort

Figure 5. VA DARS MI Cohort – Long-run Impact of Purchased Services on Labor Market Outcomes by
Service Category. (Note: VA DARS does not purchase Placement services although they are provided by
WWRC.)
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Figure 6. VA DARS PI Cohort – Long-run Impact of Purchased Services on Labor Market Outcomes by Ser-
vice Category (Note: VA DARS does not purchase Placement services although they are provided by
WWRC.)

Figure 7. VA DARS CI Cohort – Long-run Impact of Purchased Services on Labor Market Outcomes by Ser-
vice Category (Note: VA DARS does not purchase Placement services although they are provided by
WWRC.)
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Figure 8. MD DORS DARS MI Cohort – Long-run Impact of Purchased Services on Labor Market Out-
comes by Service Category

Figure 9. MD DORS DARS PI Cohort – Long-run Impact of Purchased Services on Labor Market
Outcomes by Service Category
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Figure 10. MD DORS DARS CI Cohort – Long-run Impact of Purchased Services on Labor Market
Outcomes by Service Category



Extending the VR-ROI Approach to Measure the
Return on Virginia’s Investment in the

Public Workforce System
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Abstract. This article discusses recent efforts to evaluate the return on investment (ROI) of
Virginia’s public workforce development system and provides examples of similar efforts in
other states. It considers various challenges in attempting to meet the common expectation
of a measurable return on public investments in the workforce system for both participants
and taxpayers, and argues for extending to other workforce programs the approach being
used in Virginia to develop ROI estimates for the state vocational rehabilitation program.
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Brown & AshleyIn June 2016, former Virginia Governor Terry McAuliffe
met with several of his cabinet secretaries and state
agency heads to discuss Virginia’s workforce. The
economy in the state was in the midst of historic change:
Virginia’s long reliance on defense spending was di-
minishing in Northern Virginia and Hampton Roads, as
was her reliance on coal mining from the Appalachian
Mountains in the southwest. Promising new industry
sectors were sprouting up near the capital city of Rich-
mond and along the bedroom communities outside
Washington, DC. The workforce itself was undergoing
a dramatic shift, as older workers were leaving the
workforce, taking their knowledge and experience with
them. Reminding everyone present that “Virginia began
400 years ago as a business venture,” the governor set-
tled in with his staff to focus on addressing the needs of
what he called “The New Virginia Economy” and the
imperative before all of the Commonwealth’s
workforce leaders to find solutions for the modern eco-
nomic and workforce development challenges (Com-
monwealth of Virginia, 2016).

Governor McAuliffe asked his team to help him
address five workforce challenges he believed held
the key for success in meeting Virginia’s
workforce needs: (1) attaining workforce creden-
tials to make job seekers more competitive in the
job market, (2) emphasizing career pathways to-
ward “middle skills jobs,” (3) identifying avenues
for family-sustaining wages for Virginia’s work-
ers, (4) accelerating business engagement in the
workforce system, and (5) realizing a high return
on the investment taxpayers make in the system.

It is this last challenge – the expectation of a mea-
surable return on public investment to workforce
system participants and to taxpayers – that we shall
address in this article. The task of defining and
standardizing an objective measure capturing re-
turn on investment (ROI) has been particularly elu-
sive for the workforce development system, and
the quest to find consensus around ROI has been
remarkably instructive to the workforce partners
representing each of the agencies whose leaders sat
down with the governor.
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The Need to Measure ROI

It seemed like a simple proposition when the gover-
nor said that he wanted to measure (and publicize)
the ROI of Virginia’s public workforce system. After
all, he knew that approximately $365 million flowed
into the workforce system in June 2016 (Dunnigan,
2017). The question then became a simple one any
good investor in the public good would ask: did more
dollars flow into the Commonwealth’s economy as a
result of our investment than were spent to make the
investment in the first place? If a program cost $1 to
administer, could we objectively show that the Com-
monwealth realized, say, $1.25 in tax revenue, lower
support and social services costs, and long-term com-
munity wealth building?

Moreover, the Governor was particularly interested
in customer outcomes. Like governors and adminis-
trators in many states, he was eager to know what
happened to people after they encountered our public
workforce system. Did they get timely and relevant
job training? Did that training lead to a job in the field
for which they had trained? Were their wages higher
or lower than when they entered the system? Were
businesses actually getting the workers they wanted
and needed? These, too, were rudimentary questions,
but questions on which the viability – and credibility
– of Virginia’s public workforce development sys-
tem depended. And at the heart of every question was
the stubborn issue of ROI.

A pesky conundrum arises when Virginia’s
workforce stakeholders bring up the topic of ROI:
should the Commonwealth support the expectation
that taxpayers receive a positive return on their in-
vestment in the public workforce system, or is it more
important that system participants (job seekers, stu-
dents, and clients) see a return on the time and effort
they dedicate to workforce programs? Is “invest-
ment” in the public sphere defined as turning a pot of
money into a larger pot of money (as it is in the pri-
vate sector), or is “investment” the cost of providing
opportunity to those who might not otherwise get it?
Reasonable people disagree about whether the effec-
tiveness of public programs can be evaluated fairly
by their ability to achieve revenue neutrality (or
better). Perhaps the answer to Virginia’s conundrum
is that ROI should strive to measure both the state’s
fiscal growth and the clients’ personal growth. (See
Hollenbeck, 2019, for a discussion of cost-benefit
analyses from different perspectives.)

After many months of debate, Virginia still does not
have a universally accepted method of measuring

ROI across our entire workforce system. We have
found the greatest success (and the highest potential
for universality) in our Vocational Rehabilitation Re-
turn on Investment (VR-ROI) project, which was
rolled out at Virginia’s Department for Aging and
Rehabilitative Services (DARS) in 2015. The award
to the University of Richmond by the National Insti-
tute for Disability, Independent Living, and Rehabili-
tation Research (NIDILRR) funded the VR-ROI pro-
ject, which provides a systematic measurement of re-
turns that we discuss in greater detail later in this
article. (See Rowe, Ashley, Pepper, Schmidt, &
Stern, 2019, for an overview of the VR-ROI project.)

Accountability or Program
Improvement?

The context of Governor McAuliffe’s challenge was
to calculate ROIs in order to be accountable to tax-
payers. However, it should be recognized that many
scholars urge caution. In discussing basic ROI con-
cepts in workforce development programs,
Hollenbeck (2012) provides an important perspec-
tive:

calculating ROIs for workforce development
programs requires considerable data and careful
analyses of benefits and costs. We believe that it
is folly to think that a simple, one-size-fits-all
tool can be developed that can estimate a pro-
gram’s ROI with minimal data inputs and with
quick turnaround. Even though the data and ana-
lytical burdens are great, we believe that analy-
ses of ROIs (or, equivalently, benefits and costs)
are a tool that administrators should use to moni-
tor their program’s performance [emphasis
added] (p. 16).

Wilson (2005) discusses the difference between the
program evaluation effort and a net impact assess-
ment for the purpose of program improvement and
outcome determination. The return on investment fo-
cus on net impacts takes longer to develop and is not
a usable strategy for ongoing continuous quality im-
provement, but it is appropriate for developing policy
and demonstrating value.

Similarly, Harper-Anderson and Jin (2014) under-
score the importance of measuring ROI when they
argue:

Public investment in Virginia’s workforce devel-
opment programs is necessary to create a strong
workforce, connect job seekers to work opportu-
nities, and provide businesses with the talent
necessary to keep them competitive. Under cer-
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tain circumstances these programs have the ca-
pacity to yield future returns on the taxpayers’
investment. While each program has a different
cost structure and serves a particular demo-
graphic, which both play a role in the ROI out-
come, under the right circumstances, the likeli-
hood of positive returns can be increased. . . .
ROI analysis can help direct resources to capital-
ize on proven practices and address inherent
challenges in the system (p. 48).

Wilson (2005) notes that there is an inherent propen-
sity to compare one workforce program to another,
but as noted by Harper-Anderson and Jin (2014)
there is variability in the cost of programs and Wilson
notes that differences in program participants affects
outcomes. Workforce participants with barriers to
employment typically require additional services and
programs focused on training may have different cost
structures so that comparison across programs be-
comes a challenge if not appropriate. Comparing
within a program over time is a strategy that can as-
sist in program improvement and policy review.

These thought leaders and others have shaped the na-
tional discussion about the importance of considering
the ROI of workforce programs. They have also pro-
vided Virginia policy makers with a jumping-off
point from which to contemplate our own state’s ap-
proach to ROI.

Prior State Efforts

In fact, states have long grappled with the issue of re-
turn on investment for workforce development pro-
grams. It is a very good question to ask whether pub-
lic investment in economic development actually
“works,” as development of the workforce is a key
pillar in the development of economies. It is also pro-
ductive to ensure that questions about the viability
and success of workforce programs are asked within
the proper context. In fact, defining this context ap-
pears to have been a primary occupation of studies of
ROI in other states, and several approaches to the es-
timation of ROI have emerged thanks to this work.

In 1995, the Washington legislature enacted legisla-
tion that required outcome evaluations of the state’s
training system. Specifically, this law requires non-ex-
perimental net-impact and cost-benefit evaluations of
secondary vocational-technical education, work-related
adult basic skills education, postsecondary workforce
training, Job Training Partnership Act programs, as
well as of the system as a whole.

The Washington State Training and Education Coor-
dinating Board has published several studies con-
ducted by the Upjohn Institute for Employment Re-
search that estimate the return on investment of the
programs comprising the state’s workforce training
system (Hollenbeck & Huang, 2003; 2006; 2014;
2016). With the exception of their analyses of voca-
tional rehabilitation (VR), these studies used a
non-experimental approach in which individuals
who exited from one of the state’s training programs
were matched statistically to a comparison set of indi-
viduals who encountered the state’s Wagner-Peyser
employment service. For the state’s VR program,
these researchers used a multivariate regression ap-
proach in which individuals who applied for VR ser-
vices, but did not receive them, were used as the com-
parison group.

Hollenbeck and Huang (2007) provided the Virginia
workforce system with an assessment of the state
workforce programs, analyzing outcomes for all four
workforce titles and for other related workforce pro-
grams such as social services and correctional educa-
tion programs. One issue that became clear during
the process was the difficulty in developing an appro-
priate comparison group for net impact comparisons.
The authors were familiar with Dean and Dolan
(1991). In addition, their prior experience in evaluat-
ing the Washington State workforce programs led
them to use VR program applicants and other groups
of VR program participants who did not complete the
program for the comparison group, rather than Wag-
ner-Peyser program participants (who were used as
the comparison group for other Virginia workforce
programs). By using what was perceived to be a more
appropriate comparison group, the Virginia VR
agencies were more comfortable with the resulting
outcome study and net impacts analysis. The selec-
tion of a suitable testing cohort highlights the impor-
tance of addressing the program participant compari-
son groups required for net impact studies.

In 2008, Texas measured four contextual factors in
its study of workforce programs’ ROI. These factors
were Participant ROI, Taxpayer ROI, Societal ROI,
and “Low- Versus High-Intensity” ROI (King, Tang,
Smith, & Schroeder, 2008). Texas’s argument was
that ROI means different things to different people,
and chose to measure several different returns rather
than attempting to settle on a single, all-encompass-
ing return. It is, however, a difficult task to objec-
tively measure concepts like “societal return,” and
safeguard these measures against political influences
over the long run.
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In 2013, Oregon conducted a study to estimate the
ROI of its vocational rehabilitation system (Renfro,
Kessi, Khalid, & Munoz, 2013). An interesting as-
pect of this study is that it used a macroeconomic (in-
put-output) model to estimate the impact of clients’
purchased services on the state’s economy.

Minnesota uses established diagnostic tools to mea-
sure workforce development ROI, and in 2015 the
state codified these tools into law. Similar to Wash-
ington, state law requires analysis of the net impact of
workforce services on individual employment, earn-
ings, and public benefit use, as well as a cost-benefit
analysis of the impacts of workforce services from
the participant and taxpayer points of view (Maryns
& Robertson, 2015).

While these approaches all have merit, none of them
is quite as sophisticated as Virginia’s Vocational
Rehabilitation ROI (VR-ROI) model (Rowe et al., 2019;
Schmidt, Rowe, Stem, & Sizemore, 2018). The prag-
matic approach of using only readily available ad-
ministrative data from services records and UI earn-
ings records is an important aspect of model feasibil-
ity. The richness of the VR data, combined with
long-term unemployment insurance (UI) wage data,
provides more in-depth information to determine ser-
vice employment impact. The use of applicant co-
horts offers similar advantages to those in VR, be-
cause services are provided under the same policies
for a more homogeneous service environment and
more consistent economic conditions. In addition,
the VR-ROI model includes state-of-the-science sta-
tistical techniques to ensure that results can be attrib-
uted to participation in VR. Begun in 2015, this ap-
proach to measuring ROI is also a net impact ap-
proach. However, VR-ROI takes a very long view of
each participant, conducting longitudinal analyses
using up to three years of pre-VR employment data
and at least five years of post-application data
(Ashley, Rowe, & Stern, 2015; Rowe et al., 2019).
For us, this distinction is an important one: modern
workforce development is not a transactional under-
taking. Little evidence exists to suggest that mean-
ingful, sustainable employment can be successfully
obtained through fleeting “access to services,” or iso-
lated interactions with the public workforce system.

Additionally, the VR-ROI model estimates labor
force impacts and ROI at the individual level. That is,
the model is not concerned with overall “employ-
ment rates.” This is a critical feature of the approach
to ROI, because it compels the public workforce sys-
tem to address employment successes and failures by

evaluating each individual employment outcome. In
our opinion, it is better public policy to strive for
fruitful outcomes for all system participants than to
focus only on those participants who are most likely
to succeed: we should adjust our programs to meet
customers’ needs, rather than adjust our customers to
meet program needs. This individual participant ap-
proach to ROI is aligned with the strength of the vo-
cational rehabilitation system: individual availability
of services based on participant informed choice.
Also focusing on participant services received, the
VR-ROI Model is able to identify the impacts of
group services on labor force attachment as well as
earnings levels for those who gain employment. The
richness of the data sets enhances the usefulness in
program improvement but does require a long view.

Many key features of the VR-ROI approach are ap-
propriate for use with other workforce programs. For
example, the model uses longitudinal wage data from
quarterly employment records from several years of
pre-VR earnings, as well as five or more years of data
following start of services. The model uses an appli-
cant cohort that begins to estimate VR’s impact when
services begin, not when they end. Another key fea-
ture the model provides is an estimation of employ-
ment and earnings impacts, as well as service costs at
the individual level. It recognizes that services might
have differential impacts depending upon the type of
service and disability. Of particular importance to
workforce programs are several state-of-the-science
statistical controls to account for the variability of
services and individual nature of services by partici-
pant. These VR ROI features are a part of ensuring
that program impacts are attributable to Vocational
Rehabilitation program services rather than other
factors.

Extending VR-ROI to the
Workforce System

Our challenge now is to scale the VR-ROI model
across the Commonwealth’s workforce development
system. There is a clear need in Virginia to have the
capacity to measure and evaluate the effectiveness of
our public workforce system as a whole. Yet our sys-
tem – like the systems in every other state – is com-
prised of several distinct programs and funding
streams, none of which was originally designed to
work in concert with any of the others. Although the
2014 Workforce Innovation and Opportunity Act
(WIOA) provided states with a collaborative frame-
work with which to build workforce policy, the law
did not go so far as to combine funding streams (or
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make them more flexible), nor did it compel states to
consolidate administrative control of existing pro-
grams. In many ways, the prospect of defining ROI
becomes an exercise akin to building Babel’s infa-
mous tower, with the primary impediment to success
being the multiplicity of languages spoken by
workforce professionals administering what in Vir-
ginia are eight different programs under four differ-
ent secretariats.

As researchers Harper-Anderson and Jin (2014)
noted just before the passage of WIOA,

. . . costs are very different across the programs.
While the overall budget for WIA [Workforce
Investment Act Title I programs] is more than
twice that of TAA [Trade Adjustment Assistance
program], the WIA program serves about five
times more clients per year. . . .WP [Wag-
ner-Peyser employment service], on the other
hand, has the highest budget of the three pro-
grams but because it has no training the costs per
person are extremely low. The average cost for
WIA training is about $435, for TAA the average
cost is almost triple at $1,725. To put this into
perspective, the average WP cost per participant
is less than 1% of the cost for a trained TAA par-
ticipant and about 10% the cost of one who does
not receive training (p. 37).

VR-ROI Value

The VR-ROI Project has developed a set of tools that
describes the economic value of VR services while
providing information for improving service delivery
and policy development. Project results are not in-
tended to be ‘the one answer’ or to be used without
context but to provide additional information to ex-
isting data for policy analysis and program account-
ability (Schmidt et al., 2018).

Both Virginia and Maryland VR agencies participate
in the VR-ROI Project and have experience review-
ing ROI data for program improvement, policy anal-
ysis, and accountability purposes. VR-ROI research-
ers strive to provide as accurate as possible ROI esti-
mates and at the same time provide as meaningful as
possible information to VR agencies (Rowe et al.,
2019; Schmidt et al., 2018). Critical to achieving this
objective is the engagement of key VR staff includ-
ing those at Maryland DORS and Virginia DARS to
refine the ROI model. The partnership between
VR-ROI researchers and VR agencies has been es-
sential to the project development and continual
model refinements. This commitment of the eco-

nomic researchers to work with program experts to
ensure an accurate ROI model is a strength of the
project and would work well with other workforce
programs.

A recent review of VR-ROI data from Maryland and
Virginia (Schmidt et al., 2018) provided a platform to
reflect on agency involvement and model impact. VR
agency staff noted value from project participation.
The in-depth service review paired with labor force
attachment information provided a new perspective
for them. The data preparation process also had bene-
fits. Maryland staff noted improvement in Individu-
alized Plans for Employment and increased consis-
tency in service coding across the agency as a result
of VR-ROI project participation. Maryland staff fur-
ther reported getting a head start on internal controls
documentation for RSA 911 reporting and for WIOA
data collection (Schmidt et al., 2018). In addition to
benefits from data preparation, Maryland staff noted
ROI data provided information for policy analysis
and service improvement. For example, the 2007
VR-ROI data analysis identified diagnostic services
as having a negative ROI. This prompted a review of
related services and recent policy decisions. Contrib-
uting factors were discussed as well as recent policy
changes that seemed to address the potential factors
(Schmidt et al., 2018). Using the VR-ROI data analy-
sis, Maryland staff were able to compare programs
outcomes of the Workforce Technology Center (a
Maryland operated state rehabilitation center) This
was of great interest to the Maryland DORS. For ex-
ample, Maryland 2007 ROI results indicate employ-
ment propensity and earnings were substantially
higher when service was provided exclusively by the
Center (Schmidt et al., 2018).

The Virginia VR agency was also interested in out-
come information on a school-to-work transition pro-
gram at the Wilson Rehabilitation and Workforce
Center (WWRC), a state-operated rehabilitation cen-
ter. The Postsecondary Education Rehabilitation
Transition (PERT) program is a collaborative school
to work transition service that uses intensive career as-
sessment and independent living skills from a
twelve-day residential assessment at WWRC as a foun-
dation for community-based education and VR teams
service planning. Participants may receive additional
VR services following PERT participation (Ashley et
al., 2015). The PERT study focused on a cohort of
transition-age youth who applied to Virginia DARS
during state fiscal year 2000 and included agency data
as well as 12 years of employment and wage data.
Compared with youth who did not participate in
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PERT, the study found that PERT increased job find-
ing and keeping by 12%. If the student participated in
at least an additional year in high school, job finding
and keeping were increased by another 38%. If em-
ployed, a participant can expect to earn twice as much
as if they did not participate in PERT. The information
had the unexpected impact in that it was a morale
boost for the PERT staff, confirming with data their
perception that the service had tremendous impact.
PERT staff were interested in using the ROI results as
information for parents, students and education part-
ners. VR-ROI research economists worked with
PERT staff to create informational statements that
were consistent with the study data. The result of the
collaboration was an informational brochure that pre-
sented the PERT outcome data in an understandable
format (for example job finding vs. labor force attach-
ment) consistent with study data. Targeting the infor-
mation to parents, students and education partners
proved helpful for explaining the value of the service
to perspective participants.

Extending the VR-ROI
Project Approach

The VR-ROI project provides a starting point for de-
veloping a model for ROI estimates for all workforce
programs. For example, the use of applicant cohorts
seems appropriate for all workforce programs as it
creates a process that has all members of an analysis
cohort served using the same policies within each
program. It also ensures other aspects, such as eco-
nomic conditions and other external factors affecting
individuals’ decisions to seek employment or apply
for services, are consistent. Developing comparison
groups specific to each program can appropriately
address the “as compared to whom” issue and not re-
quire comparison to Wagner-Peyser program partici-
pants. Other aspects to the VR-ROI model that would
be beneficial to apply across programs are the use of
readily available administrative data and the longitu-
dinal approach to go beyond the first year following
program exit. This approach is particularly appropri-
ate for programs that promote training and other lon-
ger-term services. Finally, the individual service fo-
cus of the VR ROI model and the use of
state-of-the-science statistical controls and other fac-
tors to ensure that service impacts are attributable to
the workforce program seem extremely relevant for a
workforce ROI model.

Governor McAuliffe left office in January 2018,
along with all of the cabinet secretaries and many of
the agency heads involved in transforming Virginia’s

public workforce system during his administration.
The new governor, Governor Ralph Northam, has
picked up where his predecessor left off, empower-
ing his team to grapple with the public workforce
system’s perennial challenges. The question of how
authorities or agencies should be held accountable
for ROI has been a lingering topic, and the team ulti-
mately decided to avoid assigning accountability to
workforce partners for the moment because of incon-
sistencies in approaches and data across programs.
The Workforce Innovation Opportunity Act has new
data reporting requirements for workforce programs
that are consistent across programs. As workforce
programs develop data infrastructure and processes
to respond to these new requirements, there may be
renewed interest in developing a cross-program ROI
model.

Because public workforce systems are not inherently
self-sustaining – they rely on tax dollars to operate –
there will always be some degree of scrutiny about
their effectiveness. This scrutiny is not unreasonable,
and states should embrace it as a catalyst for continu-
ous improvement and collective impact. We are con-
vinced that one of the best methods for addressing
scrutiny is a reliable and accessible method of mea-
suring workforce system ROI. We are also convinced
that the best path forward is to adopt the methodol-
ogy of the VR-ROI initiative statewide through a pi-
lot designed to enable scaling the model appropri-
ately over time. For us, making the effort to establish
credible measurements of return on investment is one
of the strongest investments we can make.

The nature of the change of administration demon-
strates one of the issues in developing a workforce
system return on investment model. Although the
various agency heads will change, the interest from
policy makers on the relative value of investments in
the public workforce system remains constant. De-
veloping a consensus across the workforce programs
on embracing the accountability provided by a return
on investment process is a challenge that must be ac-
cepted. The VR-ROI model offers an opportunity to
develop a long-term view of workforce outcomes
that also provides a richness of information on which
to make program adjustments to enhance services.
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