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The Department of Defense (DOD) Small Business Innovation Research (SBIR) program
exists primarily to enhance the commercial viability of defense contracts. However, the overall
effectiveness of this important program is generally unknown and has received little attention
from empirical researchers. Consequently, this study seeks to fill this void through two key
contributions. Its first objective is to provide an enhanced evaluation methodology taking
advantage of the general availability of current data. Within this general context there are two
related research questions: 1) does SBIR positively influence commercial viability? and 2) what
is the most effective means of evaluating this important question? The second objective is to

provide an estimate of a treatment effect from winning a SBIR contract.

I argue that the empirical methods used in this paper represent an improved—e.g., more
efficient, less biased—means of evaluating the general effectiveness of the DOD SBIR program.
In particular, I examine its ability to enhance the likelihood that a participant will be awarded
more total non-SBIR defense contract dollars after winning a SBIR contract. Arguably, the
methods presented in this paper represent an important step in effectively evaluating the SBIR
program and its ability to achieve critical objectives. Previous studies in this regard have proven
generally inconclusive.! This study introduces a new and effective means of evaluating the
program, through which it finds that the SBIR program effectively increases defense contract
opportunities for program participants. As a result of the new learning and insights produced by
this study, the benefits available to participants through the SBIR program arguably may be

increased, while it becomes easier to justify continued DOD investment.

Key words: Small Business; doubly robust estimation, selection bias, department of defense

! For instance, see GAO (2005) and OMB (2005).
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Chapter 1: Introduction

(Sec. 5403) Directs each federal agency required to participate in the SBIR or STTR program to:
(1) develop metrics evaluating the effectiveness and benefit of the program which are
scientifically based, reflect the agency's mission, and include factors relating to the economic
impact of the programs,

(2) conduct an annual evaluation of their SBIR and STTR programs using such metrics, and

(3) report each evaluation's results to the Administrator and the small business committees.

--From: Public Law 111-84, signed by President Obama on October 28, 2009;
authorizes National Defense for FY2010, and specifically authorizes the DOD
SBIR/STTR Programs through September 30, 2010

Evaluating the effectiveness of any government program is difficult for multiple reasons. For
instance, program data—especially as it relates to critical output measures—is typically difficult
to obtain, program selection generally follows a non-random process, introducing bias that is
difficult, if not impossible, to fully account for, while the structure of most such programs makes
it difficult to consistently estimate a treatment effect. The Department of Defense (DOD) Small
Business Innovation Research (SBIR) program is typical in each of these regards. Consequently,
three decades after implementing SBIR, its general ability to effectively support DOD’s R&D
mission is unsubstantiated.”

To evaluate SBIR’s effectiveness, I estimate whether an SBIR award increases the winning
firms’ total future defense contract dollars. Future defense contract dollars were selected because
the DOD explicitly advocates using SBIR funded R&D to support ‘mission oriented’ research
rather than to support research with commercialization potential outside the DOD (Moore, 2009).
Additionally, past surveys of DOD SBIR winners show that defense contracts are the primary
commercialization mechanism for DOD SBIR participants (Wessner, 2007). This study makes
two incremental contributions to the SBIR policy debate by: a) creating a new dataset for
conducting future evaluations, and b) improving upon existing estimation methods to produce a

more precise estimate of the DOD SBIR program treatment effects. I find that SBIR increases

2 In 2005, the Office of Management and Budget, Program Assessment Rating Tool (PART) assessed the
DOD SBIR program as ‘Results Not Demonstrated.” One reason for this rating was that in some cases the
DOD “overestimates commercial successes resulting from Federal support.” (OMB, 2005) The PART was
developed to monitor compliance with the Government Performance and Results Act.

Also in 2005 the Government Accountability Office testified the following regarding the SBIR program,
“One issue that continues to remain somewhat unresolved after almost two decades of program
implementation is how to assess the performance of the SBIR program.” (GAO, 2005)
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commercialization via defense contracts by as much as $370K in the three years following an
award relative to a matching set of applicant firms which did not receive an SBIR contract. This
estimated ‘treatment effect’ in non-SBIR contracts is only a fraction (~30%) of the estimated
$1.2M differential in total defense (SBIR and non SBIR funds) these winning firms will receive

over the same period.

Background of the SBIR Program

The Small Business Innovation Development Act (SBIDA) was passed by Congress in 1982
to overcome a perceived market failure in R&D funding among small businesses. The law has
mandatory constraints for the agencies required to maintain a SBIR program. It also contains
latitude for agencies to adapt the program to their needs. The rationale behind the SBIDA is that
“the expense of carrying on R&D programs is beyond the means of many small-business
concerns” (United States Congress, 2010).

The law requires all federal agencies with extramural R&D budgets in excess of $100M,
including the Department of Defense, to set aside 2.5% of their extramural R&D budget for the
SBIR program. These funds are then allocated to qualifying small businesses in the form of
contracts. In 2008, DOD invested a total of $1.1B in this program (OSADBU, 2010). As
mandated by Congress, the program has four specific objectives: 1) to stimulate technological
innovation; 2) to enable small businesses to meet the federal government’s ongoing need for
R&D; 3) to facilitate and enhance participation by disadvantaged firms; and 4) to increase private
sector commercialization of federally funded research (OSADBU, 2007).

Currently, there are eleven Federal Agencies required to maintain a SBIR program. The
DOD’s SBIR program represents over half of the nearly $2B SBIR program dollars awarded
annually across the Federal Government. Unless specifically noted the references in this
dissertation to the SBIR program refer to the DOD SBIR program. The analysis in this
dissertation is solely on the DOD SBIR program.

Congress requires the participating federal agencies to structure their SBIR programs in
three-phases, each with specific funding limits. In Phase I, firms compete for funds of up to
$100K, which are intended to facilitate feasibility studies. During Phase II, the principal R&D
phase, the most promising firms receive awards up to $750K over 18 months. In Phase III, the
commercialization phase, participant firms actively market their newly developed technologies
for commercial use. Quite often, it is DOD contractors or program offices who invest in the new
technology. During Phase III, firms operate without the benefit of additional program funds.

However, upon reaching Phase III, firms are eligible to receive a contract without undergoing
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further competition. The three phased design of the SBIR program is intended to incorporate
routine reviews to increase funding or facilitate ramp-downs when the firms present the
government with their research results.

Congress permits those agencies which manage the SBIR program to tailor the program to
serve their particular R&D needs and strategies. In order to evaluate program effectiveness, it is
necessary to understand how this operates. Each agency must be able to manage a sizeable R&D
program that makes awards in relatively small dollar amounts, without explicit overhead. In
2008, DOD’s annual report to Congress highlighted these tremendous challenges. During that
year, DOD solicited proposals spanning approximately 1,000 distinct subject areas, and received
and processed over 12,000 proposals.” However, only two SBIR contracts per topic were
awarded for that year. In order to streamline the application process, DOD leverages the power
of the internet—publishing two to three SBIR solicitations per year online. Furthermore,
applicants are required to apply using their unique federal contractor identification number and to
do so online.

Congress mandates that program administrators develop ongoing metrics to assess program
effectiveness. The DOD, for instance, has created a metric called the Commercialization
Achievement Index, but it is generally considered insufficient as a measure of SBIR effectiveness
(OMB, 2005). In spite of the Congressional requirement, SBIR’s effectiveness to increase firm
level commercialization has never been evaluated (GAO, 2005). Among the specific reasons, as
cited by the GAO, are the lack of a consensus measure for commercialization effectiveness and a
lack of reliable data on the commercialization outcomes of the program. SBIR program
evaluation is also limited by broader issues identified in the empirical literature on program

evaluation, including selection bias and response bias.

Response & Selection Bias

SBIR evaluations have proven inadequate to date primarily for two reasons: 1) because
evaluation has occurred after the process of program selection has already occurred and 2)
because it has been based almost entirely upon self-reported survey data. Response biases have
the potential to negatively influence program evaluations which rely upon self-reported survey
data. For instance, survey respondents may over-state SBIR benefits, so that it, and the benefits

participant firms receive, will continue. In the case of the SBIR program, evaluations based

3 The large volume of SBIR activity each year is consistent with the innovation policy recommendations
made by Scherer and Harhoff (2000), “T'o achieve noteworthy success with appreciable confidence, a sizeable
array of projects must often be supported.”
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exclusively on survey data are presumed to upwardly bias the commercialization outcomes of the
program.

Furthermore, selection bias is also likely since participant firms are not selected at random.
Rather, productive and capable firms are more likely to be selected for the program. It is to be
expected, independent of the benefits of SBIR, that such firms will be more productive. Selection
bias in this case would upwardly bias the effectiveness of the program. Consequently,
disentangling the benefits of the program from these two likely forms of bias has hampered
previous efforts to evaluate SBIR effectiveness.

In an ideal experiment to measure SBIR program effectiveness, selection into the two groups
(participant, non-participant) of firms would occur randomly. It would then be possible to
determine if SBIR participant firms (i.e., the “treatment” group) are more able to win future
defense contracts than are non-participant firms. However, such an experiment has never been
conducted. Consequently, the motivation for this study is to empirically estimate SBIR program

effectiveness without relying upon survey data or methods which introduce selection bias.

Hypothesis and Research Objective

The need for a better method of evaluating the SBIR program, and its effect upon
commercialization, has been well documented by both the GAO and the OMB (GAO, 2005;
OMB, 2005). Drawing from case studies and surveys, DOD administrators currently believe that
SBIR program effectiveness hinges upon the ability of participant firms to sell their SBIR
subsidized technologies directly to the Department of Defense. Adopting this measure of
program effectiveness, I develop the following hypothesis: SBIR participant firms win more
future defense contracts, measured in terms of dollars, than non-participant firms. Participant
firms are those firms that won a SBIR award in a given year. I then seek to test this hypothesis
using more reliable, empirical data and an improved methodology so as to provide policy makers
with a more accurate estimate of a DOD SBIR treatment effect.

Estimating the treatment effect of the DOD SBIR program using only defense contracts has
some advantages and disadvantages. The advantages are substantial and fundamentally important
to this analysis. First, defense contract data is collected by the defense department procurement
officials, and is not a self reported survey response on commercialization. Second,
commercialization of SBIR technologies directly supports the mission of the DOD and is the self-
reported main source of commercialization by DOD SBIR participants (Moore, 2009; Wessner,

2007). The last major advantage of using defense contracts is they are publicly available and

Page 4



electronically linkable to SBIR applicants through the databases published by the Office of the
Secretary of Defense, Statistical Analysis Division.

The disadvantages of using defense contracts is that there is no way of know if the future
non-SBIR contracts represent technology transitioned from SBIR funded research or if the future
contracts represent a higher likelihood of winning defense contract simply because the SBIR
program familiarized the firms to the DOD procurement bureaucracy. Moreover, since the DOD
only collects information on prime contract awards and not sub-contract awards, there may be
some SBIR technologies transitioned to the DOD via sub-contracts that are not being measured.
Similarly, focusing on measuring commercialization might overlook the other goals of the DOD
SBIR program. Specifically the more difficult to measure goal but perhaps equally as important
goal of the program: stimulating technological innovation is not estimated. Despite these
limitations I will demonstrate that defense contracts can be used to perform a more objective
analysis of the DOD SBIR program.

My research objective is to provide researchers and policy makers with an improved ability to
make evidence-based policy recommendations as is mandated by the 1993 Government
Performance and Results Act (GPRA). The objective of the GPRA is to: “...shift the focus of
government decision-making and accountability away from a preoccupation with the activities
that are undertaken - such as grants dispensed or inspections made - to a focus on the results of
those activities, such as real gains in employability, safety, responsiveness, or program quality”
(GAO, 2009). As underscored in my literature review, prior evaluations of the SBIR program

have failed to meet this objective.

Analytical approach

To bolster the effectiveness of my evaluation of SBIR, I construct an original data set
drawing from 2003 SBIR applications and use doubly robust estimation protocols to estimate a
treatment effect. Since the data set is based on information from administrative sources and not
on survey responses it is less susceptible to the response bias inherent in survey data, while. I use
doubly robust estimation protocols, a set of program evaluation techniques allow researchers to
estimate a consistent treatment effect using observational data (i.e. data not collected as part of a
randomized trial).

The program evaluation literature suggests that the most conclusive program evaluations rely
on a neutral source of outcome data (i.e. not self-reported survey data), incorporate both pre and
post treatment observations, control for participant characteristics, and collect data on both the

“treated” population as well as a representative control population (Angrist & Krueger, 1999;
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Meyer, 1995). The proprietary data set created for this analysis is drawn from actual defense
contract award data, which serves as the outcome of interest. Contract award data is an output of
the defense accounting process as represented on DD Form 350, which documents and publishes
every contract award over $25K. Contract recipient identity is established using a unique
contractor identification number which can be linked electronically to other DOD databases. In
this study, I rely upon information from the DOD’s Central Contractor Registry (CCR), the
DD350 database and the SBIR program database.

Individual firm characteristics are important when evaluating programs after-the-fact, since
this permits a more precise estimation of the program’s actual impact. For instance, large—vs.
small—firms may be more likely to acquire defense contracts, measured in total revenue dollars,
due to a higher relative production capacity, regardless of their status in terms of SBIR.
Consequently, such firm level characteristics must be accounted for in the overall evaluation.
The SBIR database contains information on all applicant firms, sorted by year of application, and
identifies award recipients. Through this information, I was able to identify a treatment
population, consisting of firms which applied for and won an SBIR award. I was also able to
identify a control population, consisting of applicant firms that failed to win an award in that
same year. Creating a comparable control group with distinguishing characteristics is the crucial
ingredient identified by program evaluation literature to controlling selection bias (Rosenbaum
and Rubin, 1983).

To control for selection bias, the current program evaluation literature suggests using doubly
robust estimation (DRE) methods to estimate the impact of the treatment—in this case, the
influence of SBIR award status on the attainment of defense contracts, measured in total dollars
(Ho, Imai, King, & Stuart, 2007). As the name implies, the DRE approach requires two methods
to estimate a treatment effect. The first method is referred to as propensity score matching (PSM)
which uses the observable firm covariates (i.e., characteristics) to create a balanced treatment and
control population. In another words, the objective is, through a matching process, to create two
nearly identical groups, such that the only difference between them is in terms of their SBIR
status. The second method is to perform a statistical evaluation of the treatment effect—one
which controls for firm level characteristics. Typically, this is conducted using a multivariate
regression model. Through each strategy, researchers have two opportunities to create the
statistical conditions necessary to accurately evaluate the treatment effect. According to DRE
theory, this approach will estimate a consistent treatment effect even if only one of the models is
correct (Ho, Imai, King, & Stuart, 2007). Double robustness is achieved in an after-the fact-

program evaluation when both estimation approaches are consistent in magnitude and
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significance. Under ideal conditions and where there is sufficient descriptive data, such an
estimation approach is likely to produce an accurate and reliable estimate of SBIR’s impact upon

a firm’s ability to successfully acquire defense contract dollars.

Overview of dissertation

The design of this study is predicated upon the need to overcome two distinct challenges
in evaluating SBIR: first, using data not subject to response bias, and second applying methods
that reduce or eliminate selection bias. Failure to overcome either of these challenges will result
in biased estimations of treatment effect, where the true impact of SBIR remains unknown. This
dissertation is organized into three primary research essays (chapters two through four) and a
summary essay of the dissertation results and policy recommendations. Chapter 2 is an essay
overview of past attempts to evaluate the SBIR program, highlighting the limitations of each.
Chapter 3 contains a literature review of R&D subsidy and small business support program
evaluations, and documents what is needed to improve program evaluation. In chapter 4, |
document and apply the “best practices” of program evaluations to estimate a DOD SBIR
treatment effect. I find that, in 2003, SBIR winners received approximately $370K more in total
contracts from 2004-2006 relative to a matched set of firms. Chapter 5 offers policy
recommendations to improve the program’s effectiveness, and methods to improve future efforts

to evaluate program effectiveness.
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Chapter 2: Prior Attempts to Evaluate SBIR

“Findings.-The Congress finds that-

(1) waste and inefficiency in Federal programs undermine the confidence of the American people
in the Government and reduces the Federal Government's ability to address adequately vital
public needs;

(2) Federal managers are seriously disadvantaged in their efforts to improve program efficiency
and effectiveness, because of insufficient articulation of program goals and inadequate
information on program performance; and

(3) Congressional policymaking, spending decisions and program oversight are seriously
handicapped by insufficient attention to program performance and results.”

-- Government Performance Results Act of 1993

This essay documents the past attempts and methods used to evaluate the SBIR program
and identifies some of the characteristics needed for a better program evaluation. Since the SBIR
program’s creation in 1981, there have been numerous studies on the SBIR program: twelve by
the Government Accountability Office (GAO)*, ten National Academies of Sciences (NAS)
publications’, three RAND reports® fourteen academic papers’, and yearly administrative reports.
Despite the legal requirement to evaluate SBIR’s effectiveness, as mandated by the Government
Performance and Results Act and the 2008 SBIR reauthorization, there are few conclusive
evaluations of the program with regards to its effect on commercialization. Most of the studies
are based upon survey methodology and fail to account for selection bias. Consequently, they are
unable to estimate a treatment effect between program participation and increased
commercialization. Furthermore, most research has focused on the administrative processes of
the program. Administrative reports are typically based upon interviews and surveys. As such

they are prone to response biases and are unable to produce a consistent estimate of SBIR’s

4 Year and number of GAO reviews: 1986-2, 1987-2, 1989-1, 1992-1, 1995-1, 1998-1, 1999-1, 2005-1, 2006-2
5 Gansler, 2004; Wessner C. W., 2000; Wessner C. W., 2007; Wessner C. W., 2007; Wessner C. W., 2004

®Held, 2006; Seong, Horn, & Held, 2008; Moore, Grammich, DaVanzo, Held, Coombs, & Mele, 2009

712 journal articles evaluate or discuss the SBIR Program: Archibald & Finifter, 2003; Audretsch,
Weigand, & Weigand, 2002; Gans & Stern, 2000; Gans, Hsu, & Stern, 2002; Lerner, 1999; Toole & Czarnitzk,
2005; Wallsten S. J., 2000; Cooper, 2003; Hsu, 2006; Shane & Stuart, 2002; Siegel, Wessner, Binks, & Lockett,
2003; Wallsten S. J., 2001; Toole & Turvey, 2009.

Additionally, two Journal articles performing literature reviews of R&D evaluations also cite the SBIR
program: Klette, Moen, & Griliches, 2000; David, Hall, & Toole, 1999
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treatment effect. Specifically, seven of the twelve GAO reports are either summaries of previous
research or are statutory compliance reviews. Likewise, only two of the ten NAS studies conduct
primary research on the effectiveness of the program. While some analyses in the RAND studies
do seek to perform program evaluations on some aspects of the effects of the SBIR program, the
conclusions tend to be based upon impressions from interviews (Held, 2006). Of the fourteen
academic research articles published on the SBIR program, only nine perform quantitative
analysis of program outcomes, and most of these rely upon survey methodology. By
understanding the current state of SBIR evaluations, this essay identifies the characteristics and

potential data sources for a better estimation of a SBIR treatment effect are documented.

Government Accountability Office SBIR publications

The GAO reports on the SBIR program offer valuable insight into its administrative
functioning. They also provide qualitative insights into the functioning of the program, drawing
from case studies and participant surveys. The reports, according to the GAO, do not provide
conclusive evidence regarding the effectiveness of the program (GAO, 2005). Most of the GAO
reports have focused on the SBIR program in general, not on the DOD SBIR program—except
where specifically identified in this literature review.

Of the twelve GAO reports, only five produced primary research. Of these five primary
research reports, two reports contained analysis of surveys conducted in 1987, 1992 and 1996
(GAO, 1992; GAO, 1999) and three contained case studies published in 1986, 1987 and 1995.
The participant surveys offer valuable insights into the functioning and effects of the SBIR
program, whereas the case studies were conducted to ensure that federal agencies were complying
with government mandates.®

The 1987 GAO survey targeted all 1405 firms who had won a SBIR award from 1982-
1985, and provides useful information on participating firm demographics. Of the firms that were
sent surveys, 1137 (81%) responded, including 79% of 1983-1985 firms. Surveys reveal that the
typical SBIR recipient firm was relatively young (i.e., on average, 7 years in operation), relatively
small (i.e., 60% with fewer than 25 employees), and viewed SBIR as a significant benefit (e.g., an
ability to increase employment and fund critical R&D). This information suggests that the SBIR
program is successfully reaching its target population. However, they do not offer conclusive

policy insights as to the effectiveness of the SBIR program. Moreover, as this was the first

81 discuss this issue in more detail later in the chapter.
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survey of the SBIR program, its ability to measure the long term impact of the program is
limited.”

In 1998, a GAO report included results from two separate surveys of SBIR awardees.
The first such survey was conducted by the GAO in 1991 on all 2090 SBIR Phase II awards from
1984-1987 and achieved a 71% response rate. It found that of Phase II projects, 35% resulted in
commercial sales and 47% received additional developmental funding. The second survey was
conducted by the DOD in 1996 on all 2828 DOD Phase II awards from 1984-1992, and had a
48% response rate. This survey found that 32% of Phase Il awards resulted in actual sales (with
about 50% being federal sales and the other 50% non-federal), and that about 90% of Phase II
awards received additional developmental funding. A naive interpretation of these statistics on
might lead policy makers to believe that the program effectively increased commercialization.
However, these surveys cannot be used to measure program effectiveness due in part to the lack
of an accurate benchmark (e.g., the survey outcomes were not compared to participant outcomes
prior to SBIR participation, nor to the outcomes of other similar non-participating firms).

Despite this important limitation, these surveys published by the GAO do provide some
insight into the program’s ability to achieve its objectives. However, they do not assess the
treatment effect of the SBIR program, and are subject to two important forms of bias (e.g.,
response bias, selection bias). In 2005, the GAO concluded that its previous efforts to evaluate
the SBIR program were inadequate, while they admit that they do not know how best to proceed:
an “...issue that continues to remain somewhat unresolved after almost two decades of program
implementation is how to assess the performance of the SBIR program.” (GAO, 2005, p. 1) To
augment the GAO studies, policy makers have also commissioned several studies by the National

Academies of Science, which I discuss in the next section.

National Academies of Science SBIR reports

The National Academies of Science (NAS) was commissioned by the Federal
government on several occasions to evaluate the effectiveness of the SBIR program. Over the
course of ten publications focusing on the SBIR program, NAS successfully overcame significant
research challenges, having introduced several analytic methodologies necessary to evaluate the
program. As highly relevant to this study, the NAS focused several reports specifically on the
DOD SBIR program. In spite of the progress achieved, NAS was unable to effectively estimate a

treatment effect of the SBIR program due to the lack, in most instances, of a necessary control

9 More sutrveys are needed to assess SBIR’s progress in terms of its administration, specific firm outcomes,
and its effect upon agency research.
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population; additionally their conclusions are based largely upon self-reported outcomes (i.e.,
surveys).

The first National Academies of Science research effort in 2000 resulted in the
publication of The Small Business Innovation Research Program: An Assessment of the
Department of Defense Fast Track Initiative. The second research effort, from 2003-2007,
resulted in the publication of seven reports, including a report on the planned research
metholodolgy (Wessner, 2004), an overall assessment of the SBIR program (2007), as well as
separate reports on the assessment of the SBIR program maintained by the Departement of
Energy (2008), NASA (2008), DOD (2007), National Institutes of Health (2009), and the
National Science Foundation (2007). The National Academies have also published two other
books summarizing the inherent challenges of evaluating the program (Wessner, 2000; Wessner
2004).

NAS’s 2000 publication contains ten academic articles estimating the effectiveness of the
DOD SBIR Fast Track Initiative. The Fast Track Initiative identified a subset of SBIR topics
with mature technologies that met pressing DOD needs and accelerated the review and funding
process. Each of the articles relies upon a survey and case study methodology. NAS attempts to
estimate the effectiveness of the SBIR program using innovation proxies (e.g., the role of SBIR
awards in start-up decisions, the net social benefit of the research output). A key example of the
inability to make effectiveness conclusions from survey data is Audretsch, Weigand & Weigand
(2002). The article concludes that the DOD SBIR program effectively stimulates entrepreneurial
behavior, R&D, as well as funding efforts to commercialize technology that would not otherwise
have taken place. The authors further conclude that the SBIR-funded R&D results in increased
commercialization producing substantial net social benefits. However, the reliance upon survey
data does not permit a consistent estimation of treatment effect. Furthermore, the researchers do
not use methods that apply before and after measurement of treatment and control groups, nor do
they use methods that mitigate for selection bias. Consequently, the study is anecdotal, rather
than a consistent, repeatable estimation of treatment effect.

NAS’s second major attempt to evaluate the SBIR program was conducted between 2003
and 2007. Again, it relied upon the results of two surveys conducted by the NAS during that
period, and findings were based upon a new benchmarking methodology developed specifically
to evaluate the program. The first, a mail survey on a random sample of 20% of the over 11,000
Phase Il awards made from 1992-2001, achieved a 42% response rate. The second survey

population included all Phase I awards from 1992-2001 made by the DOD, DOE, NIH, NASA
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and NSF. In all, nearly 30,000 participant firms were targeted for the survey which achieved a
relatively dismal (i.e., 9.8%) response rate.

NAS suggests the SBIR has five main goals: 1) to stimulate technological innovation, 2)
to increase private sector commercialization of innovations, 3) to use small businesses to meet
federal research goals, 4) to provide widely-distributed support for innovative activities, and 5) to
foster participation by minorities and disadvantaged persons in technological innovation. NAS
has interpreted the results of its surveys, combined with other analyses, to suggest the following
conclusions regarding the ability of the SBIR program to meet its congressionally mandated

objectives:

® The SBIR program is stimulating technological innovation based on survey
responses of firms which reported that 29% of all SBIR projects received at least
one patent, while 45% of respondents reported publishing SBIR funded findings
in at least one peer-reviewed journal.

® The SBIR is increasing private sector commercialization, based on survey
responses that 20% of the surveyed firms used SBIR funds to found their
company, there is survey evidence suggesting that about 50% of SBIR projects
later report sales."”

® SBIR is increasing the use of small businesses to meet federal research goals. To
support this conclusion the National Academies cite the flexibility of the program
to adapt to the agencies mission."’

The SBIR is providing widely distributed support for innovative activities.'”
The SBIR program has only a mixed record of fostering participation by women

and minorities in federal technological innovation.

From NAS’s conclusions, it would appear that the Federal SBIR program is meeting the
majority of its key objectives. However, NAS’s suggested findings are of limited reliability for
several reasons. For instance, the National Academies of Science in part acknowledges the
methodological limitations of adopting benchmark performance indicators rather than measuring

actual performance.13 Furthermore, as I will describe in subsequent sections, NAS’s data sources

10 NAS analyzes commercialization figures based upon the National Institute of Health surveys on SBIR
firms, which find that 62.8% of the NIH respondents reported sales. The National Academies find support of
the SBIR program increasing private sector commercialization in the DOD’s Commercialization Achievement
Index which finds that DOD SBIR firms report a 53% commercialization rate stemming from for DOD SBIR
awards. The National Academies use the NIH and DOD private sector commercialization rates to support the
broader conclusion that 50% of all SBIR projects reach the market.

1 'The evidence used to support the flexibility of the SBIR program is the observations that in the DOD,
SBIR research is used to meet agency procurement needs. The National Academies use the high Phase 111
achievement by the Navy and evidence from interviews that DOD primes are interested in teaming with SBIR
firms.

12 This is inferred from the fact that thousands of small firms win SBIR contracts each year, and many of
these firms are new participants.

3 “The lack of available comparators means that we must assess each program in terms of the
benchmarks developed to review the program in the Methodology report described below.” (Wessner, 2007,
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are of limited utility in determining program effectiveness. Two specific sources cited by the
National Academies as a reliable indicator of the effectiveness of DOD’s commercialization
rate—i.e., the CAI and Phase III tracking by the Navy—are, as I will show, exceptionally
unreliable. Not surprisingly, one of the recommendations for improving the SBIR program is that
agencies, “should conduct scientifically-rigorous experiments to evaluate their most promising
SBIR approaches.”(Wessner, 2007, p. 78) While these NAS reports may provide valuable
insights into the SBIR program as a whole, they ultimately are unable to provide consistent
estimate of a SBIR treatment effect.

To augment the program evaluations conducted by the GAO and the National Academies
of Science, in 2003 DOD engaged RAND to conduct an evaluation of the DOD SBIR program;

the details of their evaluation methods are discussed in the following section.

RAND SBIR Reports

The research conducted by the RAND Corporation on the DOD SBIR program contains
useful insights not contained in either the GAO reports or the NAS studies. Furthermore, and
more importantly, the reports are not based upon a survey based methodology, while they offer
examples of evaluating the SBIR program using control populations. In 2002 RAND was
commissioned by DOD’s Office of Small and Disadvantaged Business Utilization to study the
effectiveness of DOD’s SBIR program. As a result, RAND published two reports specifically on
the DOD SBIR program, Evaluation and Recommendations for Improvement of the Department
of Defense Small Business Innovation Research (SBIR) Program (Held, 2006)'* and Estimating
the Cost of Administering the Department of Defense Small Business Innovation Research (SBIR)
Program (Seong, Horn, & Held, 2008). Furthermore, an additional report focuses partially on the
SBIR program, Enhancing Small-Business Opportunities in the DOD (Moore, 2009).

Held (2006) used multiple research methods incorporating several data. Research
methods include data analysis, interviews, and case studies. Data sources are interviews, defense
contract data, patent data, and internet-based case studies of forty first-time DOD SBIR award
winners.

The case studies were conducted in 2003, and focused on forty first time SBIR award
winners from 1995. These case studies offer valuable insights into the demographic specifics and

lifecycles of SBIR firms. Of the forty firms analyzed, five were acquired or merged in the 8 years

p.107)
14 1In the interest of full disclosure, I was the second co-author of Held (2006). I developed much of the
insights and data analysis methods developed for Held(2006) have been refined and applied to this study.
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following their first DOD SBIR award. The five acquired firms, on average, held more patents
than the other thirty-five firms in the study (i.e., 10.5 versus 1.7 for the non-acquired firms).

The case studies also highlight the nature of the firms’ contracting activity with the DOD.
Specifically, seven of the forty contractors appeared to win only SBIR contracts over the ten year
period. For these seven contractors it appears that the SBIR program was their only DOD
business, which means that for these companies the SBIR funding lead to no commercialization
through defense contracts. The case studies also found that as many as twenty-two of the forty
business were out of business by 2002. These firms received, on average, only $50K per firm in
SBIR contracts—versus $1.4M in SBIR awards per firm for the surviving firms. Sixteen of the
forty firms accounted for $319M in non-SBIR defense contracts, slightly more than the $292M in
SBIR funds received by all forty firms between 1995 and 2003. The total non-SBIR contract
awards for this population peaked in 1998, three years following their first SBIR award. Of the
sixteen firms receiving non-SBIR defense contracts, just five earned more non-SBIR DOD
contact revenue than they had received in DOD SBIR contract revenue. Eight firms received a
1995 non-SBIR DOD contract with nothing additional. These insights into the defense
contracting patterns of SBIR winners are contained in the data set detailed in appendix A.

In addition to these case studies, RAND built three quantitative models to estimate a
various treatment effects of the SBIR program. The first model uses DD350 contract award data
to estimate that the DOD SBIR program awards R&D contracts to small disadvantaged
businesses at a lower rate than small disadvantaged businesses earn in standard R&D awards.
The second model uses patent data to estimate that the patent rates per R&D dollar of directly
funded SBIR contracts is much lower than the patent rates of the entire Department of Defense
portfolio and much lower other non-defense SBIR programs.

The third quantitative model RAND created tracks the total non-SBIR contract dollars for
the entire class of new SBIR firms in of 1995 (256 firms) and 1999 (220 firms). Findings suggest
modest revenue gains in terms of non-SBIR defense contracts three years after the initial SBIR
award. In each sample, three firms acted as outliers, demonstrating extended major increases in
contract revenue for four or more years after their first award. These outliers represented more
than 95% of each population’s total non-SBIR contract dollars. This is consistent with Scherer &
Harhoff (2000)’s generalization that returns from technology investments are skewed by a few
high return firms or projects. Furthermore, these results were not compared to a similar
population of non-SBIR winners. Consequently, the an estimate of the treatment effect of the
SBIR program on future defense contracts remains uncertain. One strength of the RAND studies

is that they do not rely upon survey data, which means their conclusion are unaffected by
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response bias. However, in addition to the areas highlighted above, selection bias is also
problematic.

Held (2006) also contains several qualitative observations about the DOD SBIR program,
three of which I will argue are of interest to this dissertation. The first is the observation that
“DOD participates in the SBIR program, primarily because it is legally obligated to do so” (p.
58). The report elaborates that SBIR funding is used to “supplement” (p.58) organic efforts, or
to fund high-risk technology that would otherwise be unfunded. Held (2006) observes that these
supplementation efforts “seemed to be a lower priority” (p.58) than the primary acquisition
efforts.

The second qualitative observation I believe is important to this dissertation is the
observation that the DOD uses the SBIR program to fund early stage R&D efforts. Not
surprisingly Held (2006) found that the services assigned management of the SBIR topics in
laboratories rather than program offices. The DOD emphasis on funding early stage technology
development rather than funding mature technologies, negatively impacts the performance of the
program in meeting the Congressional goal of commercialization.

The third qualitative observation in Held (2006) is that the overhead allocated to the
DOD SBIR program may be too low. Anecdotally the researchers observe, “There is a tendency
to manage each contract with minimal effort.” (p.70) These three qualitative observations lend
credibility to an overall impression that the DOD SBIR program is a marginalized effort,
managing high-risk technology R&D with minimal overhead support.

RAND was again asked to further investigate the cost of administering the DOD SBIR
program and compare that cost to relevant benchmarks. RAND’s 2008 report (Seong, Horn, &
Held, 2008) estimates the management overhead required for administering the DOD SBIR
program and compares this to the costs of managing research grants, venture capital funds, and
standard defense contracts. It finds that the DOD SBIR program requires approximately 6% of
total contract revenues to cover program administration. This is more than that of other federal
programs with a similar purpose, while it is similar to the administrative charges for standard
DOD R&D contracts.”” While this analysis offers an interesting insight into how the program is
administered, it does not assess effectiveness.

The third RAND report, Moore (2009) documents several facts about DOD small
business programs and presents analysis and commentary on those programs. This report

includes a section on transitioning Small Business Innovation Research technologies to

15> Venture capital funds were estimated to have a slightly higher overhead rate.
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procurement. The SBIR section documents several useful facts that are important to achieving a
better understanding of the nuances of the DOD SBIR program. First, it documents the degree to
which Congress has emphasized commercialization as a key outcome for DOD SBIR-developed
technologies. Second, it summarizes the attempts by the GAO, the National Academies of
Science and RAND to measure the effectiveness of the DOD SBIR program in transitioning
technologies. This RAND report also highlights DOD’s emphasis upon mission needs research
versus private sector commercialization. Effectively transitioning DOD SBIR technologies into
weapons procurement programs (i.e., defense contracts) therefore serves as the key output of
interest for this evaluation.

The 2009 RAND report generalizes four impediments to transitioning DOD SBIR
technologies into programs of record: technological maturity, lack of adequate funding, timing
and acquisition culture. The authors provide several suggestions for overcoming these
impediments. What is unclear from this report is whether these impediments apply to only SBIR
funded technology or to all technologies developed by small businesses in general, and whether
the SBIR program is a benefit or hindrance to small businesses in transitioning technologies into
the defense program. In other word, the report again falls short of evaluating a DOD SBIR
program treatment effect. Based upon this report, it remains unclear as to whether the program
has an effect in producing the desired outcomes such as increasing commercialization
opportunities for participants.

Consequently, these RAND studies offer greater insight into specific aspects of the DOD
SBIR program, but fall short of evaluating its effectiveness. They offer a useful starting point,
however, for future research. In particular, the reports identify specific data on defense contracts
and patents, which do not contain self-reported survey bias. (The tools developed to match
defense contract data to individual SBIR firms are described and applied in greater detail in
appendix A). The RAND reports, together with the GAO and the NAS analyses, confirm the
policy making importance of providing accurate estimates as to the effectiveness of the DOD
SBIR program. The next section reviews SBIR evaluations within the academic literature, where
more rigorous methods have been applied so as to make stronger conclusions about the

effectiveness of the SBIR program.

SBIR Treatment Effect estimates in the Academic literature

The academic literature provides several examples of SBIR program evaluations that
attempt to reduce selection bias, and two specific examples that incorporate non-survey data to

mitigate the effect of response bias. Of the fourteen published journal articles on this topic, only
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nine conduct original research, the others provide literature reviews of SBIR analyses or mention
without evaluating the SBIR program. Of the nine original research articles, only six can be
considered quasi-experimental: studies utilizing pre/post observations and a control group, as
needed to infer consistently estimate a treatment effect.' However, each of these studies, except
Wallsten (2002) and Toole and Czarnitzki (2005), are based upon a survey methodology, and are
therefore affected by response bias. Furthermore, none of these articles incorporate propensity
score matching or doubly robust estimation to mitigate for selection bias.

In spite of the limitations in terms of study design, these studies provide various insights

into the SBIR program, including the following:

® Lerner (1999) uses survey data in a model that applies a two variable matching
method to estimate the effect of the SBIR program on winning firms’ probability
of receiving venture capital. The paper concludes that the SBIR program serves
a ‘certifying’ function for venture capital investors because firms attract venture
capital funding at a higher rate than the matched comparison group.'’

® Wallsten (2000) employs a three stage regression model to measure how much
public and private R&D funding is used by firms. The model estimates that
SBIR funding replaces private R&D funding on a 1:1 basis. Notably Wallsten
had access to rejected applicants, and used non-survey data from publicly
available sources as the R&D expenditure outcome variable.

® Gans, Hsu and Stern (2002) surveys SBIR firms in the bio-tech and disk drive
industry. They find that SBIR firms tend to license biotechnology innovations by
selling patent rights, while firms in the disk drive industry tend to market their
innovations directly to the end consumer. They explain these different
commercialization strategies based upon a discussion of intellectual property law.

® Toole and Czamitzki (2005) conclude that SBIR funding plays a role in the
commercialization strategies of university-based biotechnology entrepreneurs.

® Hsu (2006) finds that firms receiving exclusively Venture Capital (VC) financing
or some combination of VC and SBIR financing compared to firms receiving
only SBIR funding have a higher chance of forming cooperative alliances and a
higher probability of an initial public offering.

® Toole and Turvey (2009) estimates that the likelihood of receiving future VC
funding increases after firms win Phase II SBIR awards and with the amount of
initial Phase I government investment, but future chances for VC funding
decrease when firms win multiple SBIR awards.

Taken together, the conclusions of these articles support the hypothesis that the SBIR
program is having an impact on the innovation processes of small firms in many different

industries. Based on Wallsten (2000) there is evidence that the SBIR program is shifting R&D
financing from private financing to public financing for SBIR firms. Lerner (1999) finds that the

16 These studies include Lerner (1999); Wallsten S. J. (2000); Gans, Hsu, & Stern (2002); Toole &
Czarnitzk (2005); Hsu (2006); and Toole & Turvey (2009).

17 Lerner (1999) is included in the meta-analysis of R&D evaluations performed by David (1999) and the
small business meta-analysis performed by Gu, Karoly, & Zissimpoloulos (2008).
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certifying function SBIR awards provide might be a signal to venture capital firms that the
company is worthy of more financing. Both of these findings are worrisome because more recent
studies suggest that private financing might be better for firms in the long run than SBIR
financing. Specifically, Hsu (2006) calls into question the efficacy of the government-managed
SBIR financing as compared to privately administered VC financing, suggesting that private VC
financing is better than SBIR financing alone. Additionally, Toole and Turvey (2009) provide
finer granularity into the different effects of the SBIR program on VC funding, suggesting that
small businesses that win SBIR funds have a higher probability of receiving VC funding. This
finding is similar to the effect noticed by Lerner, but the certification effect found by Toole and
Turvey (2009) diminishes with continued SBIR participation. In other words, Toole and Turvey
(2009) find no cumulative effects of increased VC funding for firms that win SBIR awards year
after year.

Given the burden put on the defense acquisition workforce, their workload might not
allow them the ability to provide the same early stage guidance as full-time venture capitalists.
More problematic than the government acquisition workforce’s load is the lowered probability of
receiving cooperative agreements, IPO’s and future VC funding for firms that continue to remain
in the SBIR program. Taken together, the academic literature implies that the SBIR program is
less effective in critical measures of successful technology transfer activities than private venture
capital firms are. In terms of the academic research on the SBIR program, improved research
methods and the availability of better firm-level data have produced greater insight as to the
specific effect(s) of the SBIR program, especially as it relates to other funding vehicles (e.g., VC

capital etc.).

Conclusion of literature review of SBIR publications

In conclusion, this literature documents that despite the existence of nearly 30
publications on the SBIR program; most fall short of consistently estimating a treatment effect
because of potential biases in survey response data or selection bias. Of the published reports,
journal articles and conference proceedings, only thirteen perform analysis that estimate the
treatment effect of the program. Of these thirteen, only seven compare the results of firms
winning SBIR firms to another group of non-SBIR winning firms. Of these seven, five rely on
survey data that is potentially subject to response bias. The remaining two studies are still
potentially subject to selection bias. Notably Wallsten (2000) Toole and Czarnitzki (2005) uses
non-survey data and selection bias controlling methods to estimate SBIR treatment effects.

Consequently, this literature review supports the OMB (2005) and GAO (2005) conclusions:
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evidence as to the effectiveness of the SBIR program remains elusive. To provide a thorough
overview of SBIR effectiveness evaluations, I now focus on the various methods and data sources

SBIR administrators have used in their reports to Congress.

Review of the data sources used in past administrative SBIR evaluations

The limitations of the metrics created by SBIR administers to estimate the program
treatment effect reflect the challenge of creating meaningful measurements of any R&D program.
The evaluation of R&D programs has historically been a task that was plagued by data scarcity
(Kuznets 1962; Jaffe and Trajtenberg 2002). Finding data to evaluate the SBIR program is a
challenge (GAO, 2005; OMB, 2005), and the most common solution to this data challenge has
been to rely upon survey data. The GAO and the National Academies have all followed this
route. Unfortunately, survey data is subject to response bias by program participants and by
program administrators (Wallsten 2000).

There are sources of data other than surveys that could be used to evaluate the SBIR
program, but they are hard to use, hard to obtain, or not publicly available (Gansler 2004). Patent
data for example, is publicly available from the US Patent Office, but is hard to use because
spelling variations in firm names prohibit linking firms to patents automatically. This section
reviews the administrative attempts to overcome the data availability problems endemic to all

R&D program evaluations.

Using surveys for program evaluation

All surveys, including those performed on SBIR program participants and administrators,
are subject to bias. Consequently conclusions derived from survey responses should be
considered as complementary to other research methods when seeking to objectively evaluate
program effectiveness. The SBIR surveys detailed in Table 1 are each subject to one or more of

the following sources of biases:

Successful firms more likely to respond

Output is self reported

Oversampling of multiple award winners

Failed firms difficult to contact

Not all technology outputs are easily measured

Firms want to protect disclosure of technological success due to competition

Commercialization lag'®

18 This list was adapted from Wessner, (2007).
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Some of the above survey biases can be mitigated with research methods. However,
response bias cannot be adequately controlled because of the self-reported nature of surveys.
Response bias may cause firms to respond with favorable outcomes because they will benefit
from the continuation of the program.'® Due to the potential for response bias inherent in surveys,

program evaluations ideally should rely on non-survey data whenever possible.

Response
Year Population Pop. size Responders rate
GAO 1986 All awards 1982-1985 1405 1137 81%
GAO 1991 All Phase 1T from 1984-1987 2090 1484 71%
DOD 1996 All DOD Phase IT 1984-1992 2828 1357 48%
NAS 1999 DOD Fast-track participants 256 179 70%
NAS 2007 20% sample of Phase IT 1992-2001 11000 1239 1%
NAS 2007 5 Agency Phase I from 1992-2001 30000 2746 9%
47579 8143 17%

Table 1 SBIR program survey response rates over time.
Sources: GAO, 1992; GAO, 2005; Wessner, 2008

Description of Commercialization Achievement Index

The DOD has created a metric called the Commercialization Achievement Index to report on
the effectiveness of their program in stimulating commercialization from SBIR funded research.
However, the Office of Management and Budget’s GPRA mandated review of the DOD SBIR
program classifies the entire DOD SBIR program as ‘Results not demonstrated” (OMB, 2005).
This finding is partially because the OMB deems the CAI an inadequate measure of performance.
The CAI estimates the DOD SBIR program effectiveness by calculating an achievement index
derived from returning firms self-reported commercialization of SBIR funded research. The CAI
was created by the DOD in response to a GAO report (GAO, 1999) calling for agencies to
improve evaluation of the SBIR program.

The CAI requires returning contractors with five or more Phase II awards to self-report the
sales and investments generated from each Phase Il award. In 2004, of the over 15,000 returning
Phase II contractors required to submit to the commercialization report, only 557 received a CAI
above zero (OSADBU, 2007). The OMB also finds that using self-reported data to evaluate the
program is not compliant with the requirements of the GPRA (OMB, 2005). The problems with
the CAI highlight the difficulty of program evaluation though self-reported information, which is
why evaluators often chose other methods such as case studies, which I discuss next, to evaluate

the program.

Case studies methods to describe SBIR program

19 For a detailed description of this bias, see (Lerner & Kegler, 2000).
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Because of the challenges in finding data to evaluate R&D programs, SBIR researchers
have used case study methods to focus more attention on a small number of observations. Case
studies offer an advantage over survey information in that they require an active investigation that
can include interviews, site visits and other research endeavors. Case studies on both the SBIR
program administration and participating SBIR firms have been used. There have been several
case studies performed on the SBIR program. In 1986, the GAO conducted case studies on
nineteen firms; in 1987, they conducted case studies on eleven federal agencies; and in 2006,
RAND conducted forty mini-case studies on first-time SBIR awardees. These case studies of
program administration have been useful in improving the administration of the program
according to the GAO.”

However, there are limitations to using case studies, especially as they are subject to
management bias. Management bias influences program administrators to rate the program
according to the priorities of their managers rather than on the actual performance of the program.
Case studies of participating SBIR firms can augment survey results and quantitative analysis, but
its interview responses are subject to response bias in the same manner as surveys. Additionally,
case studies can only be performed on a small non-representative sample of firms, and thus, it is
not appropriate to form generalizations that are applied to an entire population. The next method
of evaluating the SBIR program tries to overcome the limitations of case studies and surveys by

requiring program managers to track contract awards made to SBIR contractors.

Phase III tracking lacks administrative compliance but shows promise

The Department of Defense has attempted to collect data on SBIR program outcomes by
tracking Phase III awards in the DOD contract database. While potentially an improvement—
e.g., this methodology is not subject to response bias—its reliability has been impacted by uneven
administrate compliance. The DOD requires all contract awards greater than $25K, including
contract awards to SBIR awardees, to be recorded in the DD350 database. The database contains
hundreds of thousands of records covering the billions of dollars the department disburses

annually. There exists a data field to identify ‘Phase III” awards in the DD350 database.

?%The GAO observed in 2005 that many of the observations it made through case studies had improved
the program; “Some of these concerns related to (1) duplicate funding for similar, or even identical, research
projects by more than one agency, (2) inconsistent interpretations of extramural research budgets by
participating agencies, (3) geographical concentration of awards in a small number of states, and (4) lack of
clarification on the emphasis that agencies should give to a company’s commercialization record when
assessing its proposals. Most of GAO’s recommendations for program improvement have been cither fully or
partially addressed by the Congress in various reauthorizations of the program or by the agencies themselves.”
(GAO, 2005, p.1)
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Unfortunately, contracting officers do not consistently follow the Phase III reporting requirement.
For instance, an analysis of the DD350 database (figure 1) shows that only some agencies
consistently report Phase III awards. Wessner (2007) finds that Phase III tracking is only
consistent in the Navy SBIR program, while other agencies track Phase III awards
inconsistently.”* As a result, it is not surprising, as demonstrated in Figure 1, that efforts to gauge
the success of the SBIR program by tracking contracts designated as Phase III is heavily biased
towards the Navy. While the potential for program evaluations using Phase III tracking is high,
poor administrative compliance has reduced its utility. The next method for evaluating the
program—collecting success stories—is also a low utility measure for determining program

effectiveness.

o

= 0 T l T I T "

A .
Mavy Army Air Force Other

Figure 1 Navy dominates Phase Ill reporting
Source: FY 2004 DD350

Systematic problems using success stories for SBIR evaluations

The last administrative source of data used to evaluate the SBIR program is a collection
of “success stories” collected on the official DOD SBIR website is significantly affected by
response bias. For example in 2007, DOD then official SBIR website (www.dodsbir.net)
collected seventy-eight success stories on SBIR-funded technologies generated by seventy-four
firms. RAND is skeptical about their utility in determining the effectiveness of the SBIR
program.” Unfortunately, the easily-consumed nature of success stories means that excerpts

from success stories are invariably used in Congressional testimony to describe the utility of the

1 “DOD has two tools for measuring follow-on Phase III contracts. One of the contracting forms — the
DD350 — is supposed to capture whether a contract is a follow-on to an SBIR award However, only well-
trained contracting officers who understand SBIR are likely to correctly fill out the form. Internal assessment of
the DD350 by DOD suggests that not all contracting officers use the form correctly. Consequently, at many
DOD components, SBIR follow-on contracts are only erratically reported, if at all. The Navy has recently
made efforts — including the investment of external program dollars — to improve the quality of DD350 data.
This effort is reflected in recent DD350 results, which show Navy accounting for more than 70% of all DOD
Phase IIT awards.” (Wessner 2007, p 140)

22 “Success stories are anecdotes of DOD SBIR commercialization. While interesting, they provide little
value in determining overall commercialization success.” (Held 2006)
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program.” (HSREAT, 2005). Unfortunately, because of the ad hoc nature of their collection
process, success stories are not reliable indicators of research output. For instance, SBIR
participants can even upload their own success story to the DOD website, such that there is not

even a formal screening process.

Screen capture of DODSBIR.com showing typical success story titles and self reporting option.

1\ DEPARTMENT OF DEFENSE (y G J}

3D www.dodsbir.net

Add Your Success Story |
21st Century Systems, Inc. (VA) J.A. Woollam Co., Inc. (NE)
+ CAPS-HIRSA » Improved Semiconductor Wafer Production
3 Phoenix, Inc. (VA) JENTEK Sensors, Inc. (MA)
« iPON and iPEN « Application of MWM-Arrays to Detection and
Quantification of Cumulative Fatigue Damage in
Active Technologies, Inc. (now Coleman Aircraft and Structural Components
Powermate) (NM)
« The Lightning Charger k Technology Corporation (PA)

« k-Core® Thermal Management System
Aculight Corporation (WA)

« Gas and Solid-state Lasers KVH Industries, Inc. (Rl)
« Commercial and military GPS-compatible
Advanced Acoustic Concepts, Inc. (NY) Automatic Calibration, Combat Vehicle Digital
« Full Band Acoustic Localization Processing Compass (TACNAV®)

Figure 2 Self-reporting option for success stories
Source: DODSBIR.com downloaded Oct 2007

Conclusions

To date, most studies seeking to evaluate the SBIR program have relied upon self-
reported survey data. Consequently, they are subject to response bias which could upwardly bias
the results of a program evaluation. The other sources of data used by administrators to evaluate
the SBIR program are equally unreliable for conducting an objective program evaluation, since
they do not meet the requirements for estimating a consistent treatment effect. Since the survey
data is potentially upwardly biased studies that evaluate program effectiveness using survey data
likely offer some useful qualitative insights into the program as a whole, but they are inconclusive
with regards to the program’s treatment effect. Case studies on government agencies offer better
insight than surveys into the processes of the SBIR program, and case studies on participating
firms arguably provide improved insight into how the SBIR program impacts firms (GAO, 2005).
However, case studies are subject to management bias or response bias and therefore not able to

determine program effectiveness. Program evaluations that rely upon Phase III tracking in

23 For example see House Subcommitte on Rural Enterprises Agriculture and Technology (2005)
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DD350 and the Commercialization Achievement Index have also been found inadequate for
program evaluation. The relative inability of prior research methods to assess a treatment
effect—the focus of this paper—it seems clear that a new source of data is required. To this end,
the next chapter reviews R&D literature and additional potential data sources for SBIR program

evaluation. I propose that the DD350 defense contract database is the best source of evaluation

data.
Evaluation | Number Subject to | Subject to Subject to Subject to | Unbiased
Method Reported on | response measurement | Management | survivor data
as of 2004 bias bias Bias bias source
Survey 8,143 Yes Yes Yes Yes No
responses
Case 69 firms Yes Yes Yes Yes No
Study
Success 74 Yes Yes Yes Yes No
Story technologies
Phase II1 162 in 2004 No Yes Yes No No
tracking
CAI 557 of Yes Yes Yes Yes No
15,278

Table 2 Summary of data used to report on SBIR program.

Sources: Surveys and case studies cited previously in this chapter, success stories from dodsbir.com
downloaded October 2007, Phase I1I tracking analysis performed in 2004 based on DD350 data, and CAI from
2004 analysis performed for Held, et al, 2006, based on DOD SBIR administrative data.

Conclusion of literature review

The literature reviewed in this essay suggests that the treatment effect between the SBIR
program and commercialization has not been adequately evaluated. The primary reason is due to
research design shortcomings and biases inherent in the data used for evaluation. I document
several critical forms of bias and other flaws in prior R&D. These limitations have not been
satisfactorily addressed in SBIR program evaluations to date, a conclusion supported both in the
literature and by the OMB and the GAO (OMB, 2005; GAO, 2005)

I propose that a more satisfactory evaluation of the DOD SBIR program is possible, and
document several characteristics required for this to occur. The first characteristic of a better
study is to find sources of innovation data that are free of response bias. This requires seeking
sources of data other than surveys or case studies. Second, data on treatment and control groups
must be available to apply quasi-experimental methods. This requires identifying treated and

untreated firms in the population. The third characteristic of a better evaluation requires a
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minimum of “before and after” time series observations on the treated and control groups.
Finally, quasi-experimental methods need to be applied properly to control for selection bias.
Taken together, these characteristics for better evaluation design provide the basis for the
evaluation model applied in chapter 4.

Conversely, chapter 3 provides a critical discussion of the challenges inherent to all R&D
program evaluations, and also reviews the R&D program evaluation literature to identify
solutions to the data problems and comparison methods described above. The review supports
the conclusion that propensity score matching and doubly robust estimation are likely the best
available methods for mitigating selection bias. Furthermore, administrative data from SBIR
applications and the defense contract database can be used as a source of time series data not

subject to response or selection bias.

Page 25



Chapter 3: Entrepreneurial program evaluation literature

“Economists generally agree that the market will fail to provide sufficient quantities of R&D as it has some
characteristics of a public good. But how should policy bridge the gap between the private and social rate
of return?” Hall & Reenen (2000)

“Such research grant programs include those that support basic scientific research, R&D aimed at
particular technical objectives of importance to the government (e.g., defense, health, environment), and
‘pre-competitive’ R&D intended to generate large spillovers, often with a collaborative component.”

s

“Despite the prevalence of such programs, however, there is little consensus about their effectiveness.’
Jaffe (2002)

In the innovation policy evaluation literature reviewed in this essay, estimating the link
between program participation and desired outcomes is just as difficult as evaluating the SBIR
program. Program evaluation studies on two main types of innovation programs are reviewed: a)
evaluations that review the effectiveness of stimulating innovation through R&D subsidies to
firms of all sizes, and b) evaluations that review programs supporting small businesses. Policy
debate on the effectiveness and efficiency of such intervention programs is rarely supported by
hard quantitative facts of the program’s treatment effect. Hard facts are not often presented due
to the typical program evaluation challenges such as selection bias and response bias. For R&D
programs these challenges are exasperated by the difficulty of measuring innovation outputs.
Fortunately, the entrepreneurial program evaluation literature documents a few well executed
studies that support estimates of a treatment effect. These well designed studies point the way for
future studies on entrepreneurial program evaluations by documenting the types of data needed
for advanced econometric models to produce consistent estimates of a treatment effect.

Throughout its history, the United States has created policies designed to increase
technological innovation (Bush, 1945). Since World War 11, the United States federal government
(Mazuzan, 1994; Rosenberg, 1985), and especially the Department of Defense (Bozeman, Crow,
& Tucker, 1999), have increased the number of policies supporting institutions designed to spur
technological innovation. Most of these policies fall into three broad categories: patronage,
intellectual property protection, and incentive through competition. The DOD SBIR program
uses all three policy levers to offer incentives to innovators at small companies. This includes
protecting small fledgling businesses, granting generous intellectual property rights, and offering

non-compete contracts to qualified firms (Barreto, 2002).
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As long as there have been policies designed to spur entrepreneurial innovation, there has
been debate as to whether the incentives offered are efficient or effective. There are many
rationales for each policy lever — intellectual property rights offer innovators temporary
monopolies to commercially exploit their new technologies (Menell & Scotchmer, 2005);
government patronage offers protection to selected firms and industries while they become
commercially viable (Nelson, 1993); and research prizes offer direct monetary incentives to the
best innovations (Wright, 1983). Each policy lever is designed to counteract some real or
perceived market failure in the innovation process. For instance, the rapid appropriability of
knowledge™ offers disincentives to innovators to invest in creating new knowledge because their
investments in technology might be commercially exploited by others before the original inventor
can realize a profit (Nelson, 1959; Arrow, 1962). Protecting firms and/or industries through
patronage allows host nations to realize benefits such as increased high-wage employment or
retain a strategic technological advantage over rival nations (Porter, 1990), while the offering of
prizes allows governments to guide innovations to areas that might not be commercially viable
(Trouiller, Olliaro, Torreele, Orbinski, Laing, & Ford, 2002). Unfortunately, each policy comes
with its own unique host of negative consequences. For example, intellectual property protection
limits the diffusion of knowledge, which can unintentionally hinder the innovation process that
relies on rapid diffusion to create cumulative innovations (Heller & Eisenberg, 1998; Mazzoleni
& Nelson, 1998). Furthermore, patronage protects industries from competition that might
otherwise be naturally winnowed through competition (Porter, 1990). Additionally, the prizes set
by government bureaucrats distort incentives towards technology areas that might not be
commercially or technologically fruitful (Nelson, 1981).

Throughout history, economists have developed theories on the process of technological
change (Solow, 1957; Romer, 1990), analyzed the technology development process (Nelson,
1993; Jaffe, 1996), and published articles (David, Hall, & Toole, 1999) and books (Baumol,
2002) attempting to unravel the mystery of technological innovation (Mokyr, 1990). Economists
study the process of innovation to determine why and how policies, institutions and processes
have an effect on the innovation process, and which government policies are most effective
(Parsons, 2002). Economic theories supporting innovation policies have improved just as the
understanding of the innovation process has improved (Kline & Rosenberg, 1986; David, 1992;

Stokes, 1997); data about the innovation process has become more available (Kuznets, 1962;

24 See Manfield 1985 for a discussion of how ‘rapid appropriability’ of research results by competitors is a
disincentive for firms to invest in innovation.
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Geisler, 2005) and better methods of evaluation have been created (NAS 1999; Jaffe 2002) and
applied (Nadiri, 1993; Jaffe & Trajtenberg, 2002).

In order to model the relationship between inputs into the innovation process (e.g., R&D
funding, firm characteristics) and outputs (e.g., inventions, increased sales), Pakes and Griliches
(1984) propose using the knowledge production function (see figure 4). The knowledge
production function illustrates the relationship between the observable (blue circle) inputs and
unobservable (black box) outputs of the firm’s stock of knowledge. Presented next are several
studies that have used versions of the knowledge production function to estimate the effect of

government R&D subsidies on the innovative output of firms and industries.

Firm
Characteristics

Firms Stock

Indicators

of of

Innovation

Knowledge

Research
Funding

Figure 3 the Knowledge Production Function
In 1999 and 2000, two significant surveys of quantitative methods were published that

summarized the best analyses of R&D programs as of those dates. The first review, Klette,
Mgen, and Griliches (2000) describes five academic R&D evaluations that use regression-based
quasi-experimental methods to answer the policy question of whether R&D subsidies reduce
market failures.”> The authors state that despite the availability of data on innovation inputs and
outputs, a defined population, and the use of quasi-experimental comparison studies, no study
conclusively determined if government R&D subsidies reduced market failures in the investment
in innovation. The main reasons the authors deem the studies inconclusive is that none

effectively removed selection bias from the evaluation conclusion. Selection bias is caused when

25 The five R&D evaluation reviewed are (Branstetter & Sakakibara., 1998), (Griliches & Regev, 1992),
(Irwin & Klenow, 1996), (Klette & Moen, 1998), and (Lerner, 1999).
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government administrators, trying to overcome perceived market failures in investing in R&D for
an industry, select firms and/or technologies that would, in the absence of the program, be most
likely to receive funding from other sources. Klette, Maen, and Griliches (2000) conclude that,
“compared to the size of the programs and the emphasis put on technology policy by politicians,
the effort to evaluate in quantitative terms the economic benefits and costs of R&D subsidies

have been rather modest.”*

The authors suggest that the differences-in-differences model, as
described in Heckman & Holtz (1998), is preferred for after the fact R&D evaluation.

The second survey article reviewed, David, Hall, and Toole (1999) covers 33 studies that try
to answer the question of whether public R&D subsidies are a complement to or a substitute to
private R&D investments. >’ The researchers find inconclusive evidence on whether R&D
subsidies reduce market failures. David, Hall and Toole (1999) explicitly recommend propensity
score matching as a method for controlling for selection bias.

These two turn-of-the-century literature pieces on R&D program evaluations reveal two
important ingredients for determining the effectiveness of the DOD SBIR program: 1) unbiased
data on research output must be available, and 2) researchers must use methods to control for
selection bias. The remainder of this literature review focuses first on the literature on innovation
proxies that are accepted as valid measures of research output. I conclude that data on defense
sales is a valuable proxy in this regards. The review also focuses on more recent publications
involving the propensity score method — which, according to Li & Prabhala (2006) is the “du
jour” research method for mitigating selection bias.

One goal of this chapter is to give readers an appreciation for the difficulties inherent to
evaluating the effectiveness of government R&D policies. Even with available and verifiable
data, an identifiable population, and accepted innovation proxies, R&D programs are difficult to
evaluate (Bozeman, 2000; Jaffe A. B., 2002). Certainly, the DOD SBIR program is no exception.

Despite these difficulties, evaluation improvements are possible if valid data is used and
methods to control selection bias are applied (Gu, Karoly, & Zissimpoloulos, 2008). Moreover,
better R&D program evaluations are crucial to the ability of policymakers to improve existing
R&D subsidy programs, eliminate non-effective programs and create new programs (Nelson,

2005; North, 2005).

27 Notably, the authors review two evaluations of the SBIR program: (Lerner, 1999) and (Wallsten, The
Effects of Government-Industry R&D Programs on Private R&D: The Case of the Small Business Innovation
Research Program, 2000).
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Small business program evaluations

The challenges of evaluating R&D programs are similar to the challenges of evaluating small
business assistance programs identified in a small business program evaluation literature review
performed by Gu, Karoly, & Zissimopoulos in 2008. The researchers cite data limitations and a
lack of experimental design in program evaluations as key problems. They reviewed twenty-two
evaluations of small business programs, and found that most failed to use randomized controlled
trials (RCT) or quasi-experimental designs with comparison groups. Most studies covered
populations of 1,000 firms or fewer, and most relied on survey responses to measure program
outputs. The one study that did use an RCT design Benus (1994) used a population of over 1,000
participants in Washington and Massachusetts Self-Employment Demonstration programs. This
RCT study estimated a positive employment effect from participating in the program.

The researchers identified only two studies—Lerner (1999) and Sanders (2002)—that used
econometric quasi-experimental methods with matched controls. Both studies had a total number
of treated observations of around 500. Lerner (1999) matched control observations based on two
broad firm level categories: industry and location. Sanders (2002) found matching controls
based on firm owner demographics. The observation that only three of twenty-two studies of
small business programs use experimental or quasi-experimental evaluation methods highlights
the need for better methods in the evaluation of small business programs.

To assist future small business evaluations, Gu, Karoly & Zissimpoloulos (2008) document
several strategies and potential data sources to assist future researcher conducting evaluations of
small business program. The authors review the strengths and weaknesses of seven databases
specifically on businesses and their owners.28 Each database generally contains the characteristics
of the firms, their owners as well as outcome variables such as sales, employment, profit, and
growth. Some contain basic demographic information on millions of firms, while others contain
more detailed survey information on a smaller number of firms. I built for this dissertation a
database of firms based on the strengths of these recommended data sources. I included
longitudinal data on a large population of treated and untreated firms with before and after
measures of the outcome of interest. I paid careful attention to structure the dataset so that it
included numerous covariates to facilitate matching methods and multivariate regression models.

In summary, the state of small business evaluations is similar to the state of R&D evaluations;

28 The business-specific databases include: 1992 Characteristics of Business Owners, 2002 Survey of
Business Owners, Kaufman Firm Survey, Longitudinal Business Database, National Establishment Time-Series
Database, Longitudinal Establishment and Enterprise Microdata, Panel Study of Entrepreneurial Dynamics.
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there are more programs than there are rigorous evaluations, and more rigorous evaluation

methods are required.

Data sources for R&D program evaluation

This section discusses innovation proxies and data sources that can be used to measure
the innovation output in the knowledge production function. These innovation proxies can be
used to estimate the effect of SBIR funds on the innovation output of the winning firms. In order
to build quasi-experimental models, data on innovation proxies should be time series, linkable to
SBIR firms and other defense R&D providers, and rely upon an accepted innovation proxy which
is readily available. Table 3 details the merits of several proxies for innovation included in
evaluations: technical publications, patents, patent citations, additional R&D financing (including

Initial Public Offerings (IPO), venture capital and R&D contracts), employment, subcontracting,

. 29
commercial sales, and federal sales.

Innovation Source Availability | Information | Linkable | Number of | Relative
Proxy content on to SBIR Links to Utility
SBIR firms SBIR firms
Technical Journals Yes With citation By Not Low
publications count, very researcher attempted
rich name
Patents, Patent | USPTO Yes, with Depends By firm Very few Medium
Citations effort name
IPO Hoovers Yes Very few By firm Very few Low
SBIR name
Venture vC No Not much, By firm Very few Low
Capital databases because so name
few SBIR VC
R&D Self report | Yes, from Not much By firm All returning | Low
financing, surveys, CAI | because of name firms
Employment, response bias
Subcontracting
Commercial Self Yes, surveys | Affected by By firm All returning | Low
Sales Report CAI response bias name firms
Federal Sales DD350 Yes from High By firm ID | All Defense High
Data’’ DIOR number contractors

Table 3 Summary of utility of innovation proxies in SBIR evaluation.
Sources: Sources of existing data are cited in table.

From this list of potential innovation proxies with accessible, useful databases, one stands out

for measuring the success of the SBIR program: defense contract data. Defense contract data is

29 This list was adapted from page 17 and 18 of (Gansler, 2004).

30 The DD350 database contains all defense contracts awards greater than $25,000.
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the best innovation proxy for evaluating the effectiveness of the DOD SBIR program for several
reasons. For one, it is freely available from Defense Information Operations and Statistics.
Furthermore, increasing defense contracts is one part of the congressionally mandated goal of
increasing commercialization of federally funded research, and is therefore very interesting to
policy makers both within the DOD and in the federal government in general. Finally, defense
contract data can be automatically matched using contractor identification numbers.

DD350 data is an acceptable innovation proxy which meets several key criteria: a) it is
widely available for use, b) it possesses a rich set of covariates for each observation and c) it is
not prone to the biases inherent in self reported data. Consequently, I now focus on applying it to

test the treatment effect of the SBIR program on future defense contracts.

Estimating treatment effect in after-the-fact program evaluations

After-the-fact program evaluation methods use different statistical methods and
population characteristics to identify variation in the outcome of interest caused by the program
treatment. The discussion begins with a testable hypothesis: SBIR participants win more future
defense contract dollars. This statement can be described mathematically as the difference in the
following conditional expectation functions (CEF), AY= E(Y5;|D=1),-E(Yj;|D=0), where ¥7; is the
output by firm i if they receive treatment (D=1). Yy; is the output of a firm if they did not receive
treatment (D=0). Evidence supporting the hypothesis would find that the conditional expectation
to estimate the change in output (AY) would be positive indicating SBIR winners were expect to
have more future defense contract than losers. The particular dilemma here is that, because firms
either win an award (D=1) or do not win an award (D=0), only ¥j;or Yj; can be observed, not
both. If researchers try and simply compare the average of all treated observations with the
average of the untreated observations, this comparison is assumed to be skewed because of
selection bias, as output (Y) is assumed to be correlated with selection to treatment (D). A
specific SBIR example of selection bias would be the case where program administrators award
SBIR contracts to the most promising firms (e.g. firms that are larger, more experienced defense
contractors). These higher quality firms could probably win a non-SBIR defense contract the
next year regardless of whether they won a SBIR contract the previous year.

The gold standard for overcoming selection bias in program evaluations would be a
randomized controlled trial that compared non-SBIR contracts won by firms that randomly were

granted a SBIR contract to a similar control population.’’ Theoretically, the only difference

3 See, for example, U.S. Department of Education, “Scientifically-Based Evaluation Methods: Notice of Final
Priority,” Federal Register, vol. 70, no. 15, January 25, 2005, pp. 3586-3589; the Food and Drug Administration’s
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between the population that won a contract and the population that did not win a contract would
be the random contract award. Because the winning and losing populations would be randomly
assigned, researchers would be able to calculate E{¥;;|D=1),-E(¥y;|/D=0) based on the average
outcome of each population. The key characteristic of RCT that makes this calculation possible
is the conditional independence assumption (CIA) which is the assumption that the characteristics
of the winning population and the losing populations are independent from the treatment
assignment. The CIA enables researchers to make consistent estimations of treatment effect
between treated and untreated populations on the condition that the only difference between the
two populations is the treatment. In the case of an RCT, because selection to treatment was
random the CIA holds, because the only difference between the treated and untreated population
was the random assignment to treatment. However, in the case of a quasi-experiment, researchers
must build evaluation models based on assumptions such that the CIA is reasonably plausible.
There are three general approaches for using population characteristics in an after-the-fact
evaluation: 1) to explain some of the variation in the outcome such as with a regression model; 2)
use with a balancing algorithm to create similar treatment and control populations and then
estimate an average treatment effect ; 3) to use a combination of both regression and matching.
The researcher’s challenge in conducting an after-the-fact evaluation is to build a model with the
right mix of variables such that the conditional independence assumption is plausible. Without
knowing what the true model specification actually is, all treatment effect models must assume
that the specification is correct.

Angrist and Pischke (2009, chapter 3) offer several examples of how regression with
controls models can be constructed to approximate the results of a randomized controlled trial,
provided researchers can specify the regression model correctly. Unfortunately without RCT
data, researchers can never know if their regression model is correct. Thus any conclusions based
only on regression models are considered model dependent.

Rosenbaum (1985) shows that propensity score matching can approximate the results of
an RCT if researchers can construct treatment and control populations with balanced covariates

using propensity score matching. The challenge for researchers using propensity score matching

standard for assessing the effectiveness of pharmaceutical drugs and medical devices, at 21 C.F.R. §314.12;
“The Urgent Need to Improve Health Care Quality,” Consensus statement of the Institute of Medicine
National Roundtable on Health Care Quality, Journal of the American Medical Association, vol. 280, no. 11,
September 16, 1998, p. 1003; “Criteria for Evaluating Treatment Guidelines,” American Psychological
Association, American Psychologist, vol. 57, no. 12, December 2002, pp. 1052-1059; Standards of Evidence:
Criteria for Efficacy, Effectiveness and Dissemination, Society for Prevention Research, April 12, 2004, at

http:/ /www.pteventionresearch.org/sofetext.php; Office of Management and Budget, What Constitutes Strong
Evidence of Program Effectiveness, op. cit., no. 1.
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is to adequately demonstrate that the treatment and control group characteristics are balanced, and
that there are enough remaining observations to perform an estimation. Without a true model of
the propensity to receive treatment—which may include characteristics unobserved by the
researcher—the model is limited to matching on observable characteristics. What remains
unknown in propensity score matching models (or a regression model) is whether the model was
specified correctly. Consequently, it is unclear whether the treatment effect estimates can be
interpreted as consistent estimations of treatment effects, or if the estimates are model dependent.
Ho, Imai, King, & Stuart (2007) offer doubly robust estimation (DRE) as a solution to the
model dependence dilemma. DRE methods first balance treatment and control populations using
propensity score matching methods then estimate treatment effect with another empirical model
such as regression with controls. Results using this method are considered ‘doubly robust’ if
estimates from the PSM model are consistent with the regression model. A basic explanation of
specifications of the regression, propensity score matching and doubly robust estimation methods

follows. More in-depth discussion of the models can be found in the cited sources.

Using regression with controls to estimate a treatment effect

Angrist and Pischke (2009, p. 34 ) recommend that all emperical analysis should begin with
regression with controls. To estimate the effect of treatment for the SBIR program researchers
must build a model to estimate the condition expectation function. Change in research output
after treatment is a function of the characteristics of the firm, whether the firm won an SBIR
award, and some random noise. In mathematical symbols the CEF would be E{¥;|X., D;) + &;..
By including firm characteristics in a properly constructed regression model researchers can
explain the effect of differences in pre-treatment firm characteristics on changes in research
output. If properly specified, a regression with controls model calculates the correlation between
the independent variables (X;|D);) and the dependent variableY’.

If the conditional independence assumption holds, consistent estimation of treatment effects
is possible. In order for the conditional independence assumption to hold, researchers must make
reasonable assumptions 1) that the error term (&;) is independent of X; and I);, and that 2) &;is not
correlated with any function of X. In most cases, the observed covariates do not capture
unobserved variables such as administrator preference, or firm capabilities. Thus, the results
from a regression with control model are presumed to be biased because the error term is believed
to be correlated withD;,. In the case of an R&D program, such as the DOD SBIR program, it is
assumed that the more capable firms are selected into the program at a higher rate than less

capable firms.
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Researchers have additional options available to mitigate the effects of selection bias:
propensity score matching (PSM) and doubly robust estimation (DRE). Propensity score
matching uses the firm characteristics to build similar treatment and control populations and then
calculate an average treatment effect. Doubly robust estimation uses the same propensity score
matching technique to build similar treatment and control populations, and then runs a regression

with controls model on the balanced populations. The two methods are described below.

Propensity score matching

This section introduces propensity score matching as a method to control for selection bias.
The method uses observed information for treated and untreated observations to calculate each
observation’s propensity to receive treatment as a single variable called the propensity score. By
matching treated and untreated firms with similar propensity scores a dataset with balanced
treatment and control population covariates can be created to approximate the treatment effect
estimate of an RCT. Returning to the conditional expectation function to estimate treatment

effect: AY= E(},[[D=1),-E(],|D=0), propensity score matching constructs the counterfactual:
E (Y,,|D,, =0)—the outcome treated participants would have experienced, on average, had
they not received treatment to estimate the treatment effect AY= E(¥,|D=1),-E(¥;, | Dy = 0).

Subscript m indicates the observation is in the matched population.

By matching treated observations to untreated observations with the closest matching
propensity score, researchers can balance the covariates in the two populations such that a
plausible case can be made for the conditional independence assumption. For example the
propensity score for each firm would be calculated using firm size, previous defense sales,
founding year and other observed variables, which can give researchers the ability to make
consistent inferences on program effectiveness.

Rosenbaum and Rubin (1983) showed that propensity score matching could theoretically
eliminate the selection bias found in quasi-experiments. They found that approximately 90% of
the selection bias is reduced by propensity score matching. Additionally, Rosenbaum (1985)
perform analysis on data from a randomized control trial by applying propensity score matching
methods showing that the propensity score methods create parity between treatment and control
groups and offer a way to approximate the estimation of the RCT. In other words, observations
which have the same propensity score, but are in different treatment states, are nonetheless
comparable because the distributions of their covariates are in balance. Under the presumption

that populations with observable variables in balance are also balanced in unobservable variables,
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the results from propensity score matching methods are valid. Having established the
mathematical basis for the propensity score method, this literature review focuses on a handful of
recently published working papers that apply the propensity score matching method to firm level

data.

Summary of propensity score matching applied to firm data

Originally propensity score matching was developed by labor economists to compare
populations of people, which presents a challenge for researchers using the method to compare
firms. Fortunately, since 2003, several working papers and journal articles have used propensity
scores to estimate the effects of public policies on firms. Almus & Czarnitzki, (2003) estimate
the effect of subsidities on R&D intensity in Germany; Li & Zhao (2005) test the
underperformance of firms earnings following equity offers; O'Keefe (2003) measures job
creation in California's Enterprise Zones; Cheng (2003) estimates the effect of issuing new stock
on current market value; and Duguet (2003) tests whether R&D subsidies are a substitute or
complement to private investments in France. Important techniques and characteristics for
applying the propensity score method are gleened from each of the publications. Generally, each
uses a large data set ranging from about 1,000 firm observations in Almus & Czamitzki (2003) to
50,000 in O’Keefe (2003). Second, each application of the propensity score matching method
uses between four as in Bharath (2002) and eleven as in Almus & Czarnitzki (2003) covariates to
generate propensity scores. The researchers use a mix of constant covariates (e.g., founding year,
location) and time-varying covariates (e.g., employees, market value, R&D spending, industry,
past returns). Nearly all studies include a variable that includes previous years’ sales, market
value, or some other significant measure of performance that would be highly correlated with
future firm output. Because of the variable nature of firm covariates, each paper had to make
some concessions regarding when to chose the firm variables—almost universally, covariate data
was collected in the year of treatment.

The advantages and disadvantages of the propensity score matching method were
documented in each of the papers. Among the advantages are the ability to a) draw conclusions
prior studies could not make because of selection bias, and b) refute prior claims made by

previous researchers.” A key disadvange is the pivotal role that assumptions play in calculating

2 For example, Almus & Czarnitzki (2003, pp236) claim, “The procedure used to identify the causal effect of
public R&D schemes is also new to this kind of literature. We use a non—parametric matching approach to
define a suitable control group. The study comes up with following results: the causal effect identified is
significantly positively different from zero, i.e. firms that received public funding achieve on average a higher
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the propensity score such as the inclusion or exlcusion of variables® and the plausibility of the
conditional independence assumption. The next section describes doubly robust estimation which
combines propensity score matched data with regression models (or other econometric models) to

produce consistent estimates of average treatment effect under certain conditions.

Using doubly robust estimation to estimate treatment effect

Regression with control models and propensity score matching models potentially can
provide estimates of treatment effect if the models include the correct set of control variables.
Unfortunately researchers performing after-the-fact program evaluation never know if their
models are correct. Doubly robust estimation has been shown by Ho, Imai, King & Stuart (2007)
and Kang & Schafer (2007) to produce consistent estimation of average treatment effect if either
the propensity score model is misspecified or the regression with control model is misspecified.

Ho, Imai, King and Stuart (2007) demonstrate the consistency of doubly robust
estimation with actual observational data based upon two examples: a drug approval time
estimation and an election probability model. For the drug approval time model over 250,000
different regression models were run with every combination of the 18 different explanatory
variables using both raw population data and propensity score match data. What the researchers
documented was that the the treatment effect estimates using pre-processed propensity score
matched populations produced consistent estimates of treament effect across all model
combinations while the raw data produced inconstent estimates of the treatment effect depending
on the covariates that were included in the model. Similar results were documented for the
election probability model. With these two illustrative examples the researchers conclude that,
“Analysts using preprocessing have two chances to get their analyses right, in that if either the
matching procedure or the subsequent parametric analysis is specified correctly (and even if one
of the two is incorectly specified), causal estimates will still be consistent.”

Kang and Schafer (2007) use data simulated to represent an actual randomized controlled

trial to demonstrate the consitency doubly robust estimates. Because the data emulates an RCT

R&D intensity than firms belonging to the selected control group. The causal effect amounts to about four
percentage points on average.”

Li & Zhao (2005, pp.1) refute previous studies: “This study contributes to the literature by
implementing the propensity score matching method, which reduces the matching problem from multiple
dimensions to one dimension and is thus able to match multiple firm characteristics simultaneously. We show
that criticisms of previous studies are valid because traditional matching methods are not able to balance ex

ante vatiables well due to the 'curse of dimensionality.'"

33 . . .
Duguet (2003, Pp. 18) notes, “We have a last problem to solve: what variables should be included in the
attributes? It is clear that the only variables that can influence the evaluation are either the ones that determine

the selection (T) or the ones that influence the performance (y).”
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the researchers know the actual model that predicts the treatment propensisity, and the model that
correctly estimates the outcome variable based on the populations’ characteristics. They show
through thousands of simulations that a model with either a correct propensity score estimation or
a correct regression model will consistently produce estimates close to the actual treatment effect
estimated by the RCT. If either model is correct then the estimated average treament effect on the
treated will be consistent with the average treatment effect estimated by the regression model. If
both models are incorrect then the results from the propensity score model and the regression
model will most likely be inconsistent. Therefore if average treatment effect estimate are
consistent between the two models, researchers can reasonably conclude that one of the two

models is correct, and that therefore the estimated treatment effect will be consistent.

Conclusion: Better data and better methods create a better program evaluation

The R&D and small business program evaluation literature reviewed in this essay
identifies the same evaluation challenges for the DOD SBIR program; conclusive after-the-fact
program evaluations need unbiased, available data and models that mitigate selection bias. Most
studies rely on survey data, including nearly all studies of the SBIR program. In order to build a
consistent treatment effect study of the DOD SBIR program, non-survey data must be used. Of
the available choices for outcome measurement defense contract data directly measured the most
common and desired outcome of interest, is publicly available, is linkable to firm level variables
and treatment status and because it is free from response bias. Failure to mitigate for selection
bias limits the effects estimations of most program evaluations. The literature documents three
accepted quasi-experimental methods for mitigating selection bias: regression with controls,
propensity score matching and doubly robust estimation. Very few business subsidy evaluations
meet the criteria to mitigate selection bias, only one study controlled selection bias with an RCT,
several relied on regression with controls models, a few relatively recent studies relied on
propensity score matching. This review documents that better estimates of the treatment effect of
the DOD SBIR program are possible if outcome data unaffected by response bias is used, and if

methods that can mitigate for the effects of selection bias are applied.

Chapter 4: Estimating the treatment effect of DOD SBIR Program

“Sample selection bias may arise for two reasons. First, there may be self selection by
individuals or data units being investigated. Second, sample selection decisions by analysts or
data processors operate in much the same fashion as self selection.”
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-- Sample Selection Bias as a Specification Error, by James J. Heckman Econometrica,
Vol. 47, No 1, January 1979

The treatment effect from winning a DOD SBIR contract is estimated in this essay. |
estimate that the effect of winning a DOD SBIR contract on the winning firms’ future defense
contract opportunities is $370K, which is the sum of the three year treatment effect.’® This
estimate of commercialization can better inform policy makers and improve the effectiveness of
the program. With a better treatment effect estimate giving insight as to how well the program
performs, policy makers can estimate which pieces of the SBIR program are more effective and
isolate the conditions that lead to better outcomes. This chapter details the data and methods
used to estimate the treatment effect. The hypothesis tested is whether winning a DOD SBIR
award increases the winning firm’s total future defense contract dollars. The hypothesis is tested
for each of three years after winning the SBIR contract against a matched set of firms that applied
for but did not win a SBIR award in the same year. The hypothesis is tested using the doubly
robust estimation methods, which are a set of program evaluation protocols that have been shown
to provide a consistent estimate of a treatment effect when randomized controlled trials are not
feasible. The hypothesis is tested using an adaptation of the knowledge production function
proposed by Pakes & Griliches (1984) which models the functional link between firms’
innovation inputs and outputs.

In the context of an ideal randomized controlled trial, I would solicit applications for a
sub-set of SBIR topics and for each of these topics randomly grant the SBIR contract from the
population of qualified applying firms. The treatment effect in such an experiment would be
identified by comparing the difference in defense contracts won before and after being granted
the SBIR contract. This experiment has not yet been performed, leaving the effectiveness of the
program to be estimated with after-the-fact observational evaluations.

There is broad consensus that prior evaluations of the DOD SBIR program have not
estimated its effectiveness in commercializing SBIR funded research due to data reliability issues
and disagreements over the appropriate metric for measuring commercialization (GAO, 2005;
OMB, 2005). Another issue for all after-the-fact evaluations is selection bias, since it is
presumed that the characteristics of the population of winners and losers are different and that
these characteristics are also correlated to different outcomes. To overcome the issues in data
reliability, this study develops an original database using SBIR applications to identify a

population of winners and losers, and calculates the actual defense contract dollars awarded to

34 The timeframe for this finding is three years after winning a 2003 contract.
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each firm from DOD accounting data. To mitigate selection bias issues, doubly robust estimation
protocols are applied that use firm characteristics to create balanced treatment and control
populations and to explain variance in the outcome of interest.

Defense contract data is most usable and informative data available to measure outcomes
of the program. Defense contract data is recorded by government administrators and is not
subject to response bias. Moreover it is considered critical to the DOD SBIR program. Congress
emphasizes the goal of commercialization above the program’s other three goals, a fact supported
by case studies and surveys (OSADBU, 2007; Moore, 2009; Wessner, 2007). Defense contract
data is freely available from the DOD Directorate for Information Operations and Reports. A
dataset linking total defense contracts won from 2002-2006 for a set of 2003 SBIR applicants was
created from defense contract data, SBIR applications, and the Central Contractor Registry. This
unique data set meets the characteristics for following doubly robust estimation methods: it
contains time series data with pre-treatment measures and several post-treatment observations, it
identifies treatment and control populations and it contains numerous firm level characteristics.

Doubly robust estimation (DRE) methods use the characteristics of SBIR firms to control
for selection bias in two ways: 1) firm characteristics are used to build similar treatment and
control groups with propensity score matching, 2) firm characteristics are used to predict the
expected average commercialization rate of a firm based on their characteristics using a
regression model. Doubly robust estimation can produce consistent estimates of treatment effect
if researchers correctly specify their matching model, or their parametric estimation model.”

The analysis begins with a description of the knowledge production function, the
hypothesis of interest and the conditional expectation function to be estimated. The analysis
continues with a basic description of the dataset, the treatment and control populations and a
calculation of the naive treatment effect. The one year naive treatment effect estimate is $447K.
The naive treatment effect cannot be considered a consistent estimation of a treatment effect
because the imbalance in population characteristics between treatment and control populations
indicates selection bias.

The analysis continues with a “regression with controls” estimate of the treatment effect,

which uses the firm characteristics to predict treatment outcome. The regression based estimate

3 “Analysts using preprocessing have two chances to get their analyses right, in that if either the
matching procedure or the subsequent parametric analysis is specified correctly (and even if one of
the two is incorrectly specified), causal estimates will still be consistent.” (Ho, Imai, King, & Stuart,
2007, p. 233)
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of the treatment effect is not statistically different from zero. The regression results are still
presumed to be affected by selection bias.

The next mitigation for selection bias applied is propensity score matching (PSM). The
average treatment effect on the treated (ATT) is simulated to be $147K.

Finally, doubly robust estimation protocols are applied using the PSM balanced data in a
regression with controls model. The estimated one year average treatment effect using doubly
robust estimation is $147K. The consistency in direction, magnitude and variance between the
PSM estimate and the DRE estimates strongly suggest that at least one of the models is correct
and the estimated effect is a consistent estimate of a treatment effect. The estimated total

treatment effect three years after award (2004-2006) is $370K.

Using the knowledge production function to link innovative output, input and firm
characteristics

Increasing future defense contracts is the most important outcome of the DOD SBIR
program. Descriptive surveys of participants and administrators of the DOD SBIR indicate that
there is a collective hypothesis that winning a DOD SBIR contract increases future defense
contacts (Held, 2006; Moore, 2009). Congress also puts more emphasis on commercialization
than it places on its other three SBIR goals (Moore, 2009). The first step toward estimating the
relationship between winning a SBIR contract and defense contracts is to describe a functional
relationship between firm characteristics, research inputs, and research output that can be
estimated with observable data.

The connection between the observable input of winning a SBIR contract and the
observable innovative output of the firm can be described by the knowledge production function
described by Pakes and Griliches (1984). The knowledge production function links a firm’s
observable innovation related output Y to its observable innovation inputs R controlling for firm
characteristics X. Unobservable to the researchers are the firms’ actual stock of economically
useful knowledge K, and the random disturbances to the firms’ innovative output, and knowledge
stock u. The function can be described as Y = f(K, R, X, u, v). A model estimating a treatment
effect adds D the conditional treatment status for firms winning a SBIR award in the period of
interest. The identification of a treatment effect would be a change in innovative output Y
conditional on treatment D; the expectation function is AY = f(K, R, X, u, v|D). Data on the
necessary observable measures are contained in defense contract data, the contractor registry and
SBIR applications. Including only observable variables in the model would reduce it to

AY=f(X|D) which is the basis used by regression models to estimate a SBIR treatment effect.
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The challenge for accurately estimating the treatment effect of the SBIR program is to
account for the unobservable components of the knowledge production function: the firm’s stock
of knowledge and the random shocks to innovative output and knowledge stock. Doubly robust
estimation protocols provide researchers with a methodology to mitigate for the non-random
difference between firms selected into the DOD SBIR program. The unobservable random shocks
to innovative output and a firm’s knowledge stock will remain as residual errors in the estimation

model reflecting the inherently random process of innovation.

Description of the population

The DOD SBIR program is evaluated using a set of 1460 firms from the populations of
2003 applicants that had return applications in 2004 and a contractor identification number that
could be matched to the 2003 Central Contractor Registry. Using these two criteria ensured that
the two ingredients for an after-the-fact evaluation were observable: 1) before and after
observations of the outcome of interest and 2) the key treatment identifier (winning a SBIR
contract). The SBIR applications also contained a set of firm covariates. Appendix A contains a
detailed description of how this database was made. A summary of some of the key covariates of
SBIR winners and non-winners from 2003 is contained in table 3. Among these applicants there
were 773 firms that applied but did not win, and 687 firms that applied and won an award. The
two populations generally appear to be different. The SBIR winners appear to be bigger more
established firms, with more experience with the SBIR program. Winning firms seem to be
bigger because they have, on average, more employees and have higher average 2002 revenue.
The winners also have a higher percentage of firms with DOD sub contracts. These population
differences support the conclusion that the winning firms are generally more established defense
contractors and may be more established in their technological expertise. SBIR winners also
appear to be more experienced with the SBIR program itself; they have a higher percentage of
firms receiving a commercialization achievement index (CAI) rating. The winning firms also
submit more SBIR topics on average. These differences may bias a program evaluation that

simply compares the average output of the two populations.
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Winners Losers
Number of observati ons 687 773
First contract year (ave) 2001.7  2002.1
st.dev 0.65 0.93
% of populati on with Sub-contract in 2003 15% 11%
st.dev 35% 31%
2003 Employee total (ave) 30 22
st.dev 62.1 57.9
Topics applied forin 2003 (ave) 7 3
st.dev 7.8 3.0
% of populati on with CAl rati ng >0in 200z 21% 6%
st.dev 41% 23%
Total past phase | awards 2003 ave 11 4
st.dev 22.51 25.28
Total past phase Il awards 2003 ave 5 1
st.dev 9.07 8.68
Ave. total non-SBIR DOD contracts 2002 1248654 363774
st.dev 4717851 2085276

Table 3 Treatment and control population summary statistics
Sources: Database of 2003 DOD SBIR winners created for this dissertation containing information from DD350
database, 2003 SBIR applications obtained from the Office of Small and Disadvantaged Business Utilization, and the
2003 Central Contractor Registry.

The skewed nature of the pre-treatment variable total non-SBIR contracts in 2002 warrants
further analysis. Figure 5 highlights the skewed nature of defense contract awards across the
population. The red bars represent the totals for firms that won a 2003 SBIR contract, the blue
represents the firms that applied for but did not win a SBIR contract. (Note: since the two
populations are of different size they are displayed comparing the highest loser to the highest
winner.) The numbers and tick marks on the horizontal axis represent the quartile intervals for
the losing population. This concentration of non-SBIR contracts in the top quartiles confirms that
non-SBIR defense contracting follows the skewed pattern of returns to R&D activity observed by
other researchers of defense contracting activity by first time SBIR winners.® The bar chart
shows that winners have both a higher maximum pre-treatment observation and a higher

probability of having non-SBIR defense contracts in 2002. The maximum pre-treatment value

36 Scherer and Harhoff (2000) is the authoritative research on skewed returns to innovations. Held
(2006) shows that this pattern also holds to DOD SBIR companies. It is interesting to note that the policy
implications of these facts regarding the skewed nature of returns to R&D are already built into the SBIR
program. Scherer and Harhoff (2000) recommend the following investment strategies, “To achieve
noteworthy success with appreciable confidence, a sizeable array of projects must often be supported.”
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for winners is $43M compared to $27M for losers. Approximately 35% of the winners have

some form of non-SBIR defense contract in 2002 compared to only 18% for the losers.
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Figure 4 Comparison winning and losing population’s of total non-SBIR 2002 defense contract awards.
Source: Authors analysis.

Naive treatment effect

The standard practice in program evaluation literature is to estimate the program effect by
identifying treatment with a differences-in-differences approach rather than reporting raw output
data on the treated group. The first difference is calculated by subtracting the outcome observed
before treatment from the outcome observed after treatment. The second difference is equal to
the difference in treatment between treated and non-treated observations.

A typical survey report estimate treatment as the average raw output data on the treated
group. For example, the National Academies of Sciences reports the average raw survey
responses from firms estimating their sales generated by SBIR funded research to be $1.3M per
SBIR project (Wessner, 2007).  PopulationrankbyDobsales  Thig gverage survey response is not based
upon a differences-in-differences approach because it does not compare the results to non-treated
observations. The dataset created for this dissertation can be used to estimate a naive differences
in differences (e.g., naive in the sense that selection bias is not controlled).

Using the SBIR application data-set the first difference between average total non-SBIR
defense contract dollars won in 2004 minus the 2003 total (A04-03) is $650K for the average
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winner and $203K for the average loser (see Table 3). The second difference, the average
treatment difference between winners and losers, is $447K. This naive treatment effect is
assumed to be affected by selection bias. The first recommended step to controlling for selection
bias is to use firm characteristics to explain variation in the outcome estimation typically
performed with a regression model.

Group/Year 2003 2004 A04-03

Winners 1,430 2,081 650

Losers 456 659 203

AW-L 975 1,422 $447K

Table 4 Naive Differences in Differences

Criteria for selection of population covariates

In order to run models that mitigate for selection bias a set of several covariates with
distinguishing variation for the individual units in the population is needed. This section
describes the reasons covariates were selected from the available set of covariates on SBIR firms
in the dataset created for this dissertation. Econometric models such as regression with controls
and propensity score matching would give stronger estimations than the naive estimates because
they use firm level variation to control for some of the variation in the treatment outcome.
Caliendo & Kopeinig (2008) give two criteria for selecting covariates. The first criteria is
variables that simultaneously influence selection and the outcome of interest should be included.
An example of this type of variable would be the number of past SBIR awards a firm received
because SBIR program administrators give preference to firms that have never won a past SBIR
award. The second criteria for including variables is to chose variables that are unaffected by
participation. Firm founding date would be an example of a covariate that is unaffected by the
firms decision to participate in the SBIR program regardless of whether the firms participate or
not, their founding date will not change. In order to ensure that variables are unaffected by
program participation they should either be fixed variables, or measured before program
participation.

The eight variables used to describe the population are the following: first contract year,
sub contract in 2003, topics applied for in 2003, employees in 2003, Commercialization
Achievement Index dummy variable (caidummy), the total number of past Phase I awards won,
the total number of past Phase II awards won, and finally, the total number of non-SBIR defense
contracts dollars in 2002. These firm characteristics capture the relative size of the companies
through the employee variable. The experience the firms have with regards to defense

contracting is represented with the first contract year variable. The types and amount of recent
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defense contracting is represented by the firm’s 2003 sub-contractor status and their total 2002
non-SBIR defense contract dollar amount. Past intensity of involvement in the SBIR program is
represented by the variables that count total past phase I and phase Il awards. The total number
of DOD SBIR topics applied for in 2003 approximates the company’s chances of winning an
award in 2003—the more topics applied for, the higher the chance of actually winning. The CAI
dummy variable indicates whether the firm has a CAI rating higher than zero, a one would
indicate that the firm reported some level of commercialization from past SBIR awards. As
already noted the actual CAl rating is not a particularly useful number, but if a firm reported any
commercialization they would receive a rating different that zero, which is an indicator that that
firm commercialized something in the past.

The strength of these covariates is threefold. First, they are aggregated from four different
sources: SBIR coversheets, Central Contractor Registry, Contractor Commercialization Report,
and the DD350 database. Each of these databases has different purposes, and thus serves as a
balance between self-reported information and administrative information. The second strength
of these covariates is that they represent a reasonable mix of firm characteristics that can be used
to correlate variation in the dollar amount of defense contracts won in a regression model, or be
used to distinguish one firm from another in a propensity score matching model. The third and
final aspect that lends strength to these covariates is that each firm has a complete set of covariate

observations.

Observed imbalance of the treatment and control populations

Winning a SBIR contract is the end result of a non-random process whereby applicants
take deliberate actions to apply to win a SBIR award, government administrators review and rate
the application based on merit, and an award decision is made based on technical merit and the
firms past commercialization performance. Because these selection processes are non-random,
the characteristics of the population of firms that ultimately win SBIR awards are different than
the losers. Evidence of these differences is highlighted in Table 5 which contains the details of
imbalance tests of the population.

The multivariate statistic measures the imbalance of the winning and losing groups within
the analysis population. The multivariate statistic estimate of .588 estimates the difference in
balance between covariates of the winners and losers based on the joint distributions of the
covariates, and the interactions between covariates. The scale is between 0 and 1, with 0
measuring perfect balance and 1 representing completely imbalanced. The .588 estimate of

population imbalance indicates that the two populations’ characteristics are imbalanced. Since
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.588 is closer to 1 than to 0, this indicates that the population characteristics are generally more
imbalanced than balanced.

The local common support estimate is particularly important to after-the-fact evaluation
because it shows the proportion of the population for which exact matches were found between
treatment and control populations. Matching 13% of the treated population with control
observations will not produce a generalizable estimate of the treatment effect.

The table of univariate imbalance measures contains several notable numbers. The
statistic in the first column (statistic), is the difference in mean between the treatment and control
population, in the raw population each characteristic is imbalanced in means. The next column
(L1) reports the imbalance measure for each variable separately; values closer to 0 indicate a
more balanced characteristic. The next 5 columns describe the difference in the empirical
quantile of the group for the Oth (min), 25th, 50th, and 100th (max) percentiles for each group.
This table shows that the number of employees is not balanced at the quantiles, nor is the number
of Phase I or II awards or total non-SBIR contracts awards in 2002. Based on these facts about
the imbalance between the treatment and control population, the characteristics of the winning
and losing populations are different, which means treatment effect estimates will be affected by

selection bias.

Multi variate Imbalance Measure L1=0.588
Percentage of Local Common Support LCS=13.2%

Univariate Imbalance Measures:

stati sti ¢ L1 min 25% 50% 75% max
fi rst contract year -0.43 0.0000 3 -1 0 -1 -1
subcontract in 2003 0.04  0.0382 0 0 0 0 0
employeesin 2003 7.96  0.0021 0 2 5 10 -16
topics applied for in 2003 3.75 0.2923 0 1 2 5 34
CAl dummy 0.15 0.1524 0 0 0 0 0
total past phase | awards 7.65 0.0116 0 2 4 8 -371
total past phase Il awards 3.48 0.2101 0 1 2 4 -120
total 2002 non-SBIR dollars 925700.0 0.0000 -489282 0 0 167743 1.6E+07

Table 5 Table of imbalance measures
Source: Output of multivariate imbalance test run on raw population data in Matchlt program run on R.

Regression with controls

Angrist and Pischke (2009) recommend using regression with controls models to begin

all empirical studies. This analysis applies a regression model to test the hypothesis that winning
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a DOD SBIR award increases the winning firm’s future non-SBIR defense contract dollars. The
outcome of interest is the difference between each firms’ 2004 non-SBIR total defense contract
dollars and the corresponding 2003 amount. The control variables are the firm’s first contract
year, the number of employees in 2003, the total number of topics applied for in 2003, the firms
past SBIR phase I and II awards, their total non-SBIR 2002 defense contract dollars, a dummy
variable indicating whether they were a subcontractor to another defense contractor, and a
dummy variable indicating past commercializtion from SBIR awards. The treatment effect is
identified by testing whether the correlation coefficient on the dummy variable for winning a
2003 SBIR contract is statistically different from zero.

The four standard linear regression are: 1) the relationship between the dependent variable
and the independent variables is linear; 2) the analysis population is a random sample; 3) there is
variation in the explanatory variables; 4) the error term is not correlated with any of the
explanatory variables. (Wooldridge, 2009)

For the first assumption to be met (a linerar relationship between dependent and independent
variables) the outcome variable should be approximately normal. The histograms for the winning
population (figure 5) and losing population (figure 6) displays the approximatly normal
characteristics of the outcome variable: the observations are clustered around a single peak, with
observations to the left and right of the peak. Table 4 further illustrates the characteristics of the
populations. For both winners and losers most firms have a 2004-2003 contract difference that is
clustered around zero dollars, with a few observations winning slightly more contracts in 2004,
and a few firms winning slightly fewer contracts. For both sub-populations the observations are
slightly skewed towards positive contract increases. An additional observation found in table 4
highlights that approximately 2% of the outcomes have extreme values--greater than two standard
deviations from the sub-population mean—which are in barely perceptible ‘light tails’ of the
histograms. While the light tails do present a possible deviation from normality, the outcome
variable is approximately normal. Linear regression is the appropriate model to estimate
correlation between treatment and outcome for this data because the outcome variable is

approximately normal, and the data is continuous and non-bounded.
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Figure 5 Histograms of the difference between 2004 and 2003 contracts for 2003 losers.
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Figure 6 Histograms of the difference between 2004 and 2003 contracts for 2003 winners.

loser winner

Observations
773 687
Mean 220,779 649,822

Stdev 2,121,602 4,468,850
Max 35,700,000 61,600,000
Min (7,620,000) (23,800,000)

% Negative 12% 18%

% Positive 15% 29%

% zero 73% 53%

% extreme neg (<2stdev) 0.39% 0.29%
% extreme pos (<2stdev) 1.29% 2.04%
% extreme 1.68% 2.33%

Table 5 Description of outcome variable
The second linear regression assumption, that the observations used for the linear

regression be random samples, is not met. The population used for this estimation is not a
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random sample because of the method of building the database probably elimnated more losing
firms than winning firm. The full process is described in appendix A.

The third linear regression assumption, that there be variation in the explanatory variables
is met. Table 3 demonstrates that each explanatory variable has variation.

The fourth linear regression assumption, that the error term not be correlated with the
explanatory variables is not met, but correctable. The requirement is probably not met because
the variances of the contract difference for the two populations is different. Table 4 shows the
standard deviation of losers to be about $2M versus $4.5M for the winners. If the variances of
the two populations are different, the estimate for correlation might be correct, but the standard
error of the coeffient will be incorrect and might not give the correct hypothesis test. Robust
standard errors are used to correct for the possibility that the error terms are not independent.

The regression model results (table 6) estimate the coefficient for winning a 2003 SBIR
award and the change in contacts from 2003 to 2004 is not significant. The coefficient estimate
for winning a 2003 SBIR award is $173K, with a standard error of $168K. The t-statistic for
winning a 2003 SBIR award estimates no significant increase in 2004 defense contracts. The
variable with the most explanatory power on future contracts are past non-SBIR contracts. The
coefficeints for 2002 non-SBIR contracts estimate correlation to 2004 non-SBIR contracts of $.31
for each dollar of 2002 non-SBIR contract dollar; this correlation estimate is statistically
significant at the 95% confidence interval.”” None of the other covariates have a statistically
significant correlation with winning future defense contracts.

The ability for regression analysis to identify a treatment effect could be improved with
an instrumental variable that was correlated with winning a SBIR award but not correlated with
winning future non-SBIR defense contracts. The strongest instrument would be a randomization
of the selection process, which currently does not exist. The next strongest instrument would be
to have access to the proposal evaluation scores for each firm by topic. Researchers could
compare the future outcomes of winning and losing firms with similar proposal evaluation scores
on the same research topic. This idea is described in greater detail in chaper 5, but is not a option
currently available to researchers. No other instruments were readily apparent in the data
available, therefore I chose to use current standard practices of propensity score matching and

doubly robust estimation to estimate a treatment effect for the DOD SBIR program

37 This finding supports the program evaluation ‘best practice’ of including a pre-treatment measure to
control for variation in the output that is not a result of selection into treatment.
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Formula: tns03-tns04 = wins03 +tns2002 + covariates

Coefficients:

Robust Robust

Estimate S.E. z Significance
(Intercept) 13230000 163600000 -0.08
distance 173300 168400 1.03
first contract year 6640 81700 0.08
employees 2003 2494 5108 0.49
topics applied for
in 2003 -11120 13300 -0.84
subcontract 2003 96740 149700 0.65
total 2002 non-
SBIR contract
dollars 0.31 0.16 1.95 <95%
total past phase Il
awards -26540 37540 -0.71
total past phase |
awards 9410 12920 0.73
cai dummy 205600 537500 0.38

Table 6 Regression with controls results.
Source: Regression with controls model, robust standard errors, grouped covariance winner/loser run on R.

Propensity score application

The propensity score matching method supports a plausible argument to the conditional
independence assumption. Propensity score matching manipulates the treatment and control
populations in order to balance their observable covariates. Angrist and Pischke (2009) offer that
the attractiveness of the propensity score matching method is that it estimates an observations’
propensity to receive treatment given their characteristics, and compares observations with
similar propensities to receive treatment from winning and losing populations to calculate an
average treatment effect. Calculating an average treatment on the treated effect is different from

the regression model applied above, which uses each observation’s characteristics and treatment
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status to calculate the marginal effect of treatment.”® In some cases, calculating the propensity
score is attractive because it is easier to model, or produce analyses that are easier to explain. In
this study, calculating an average treatment effect will give policy makers an estimate in units and
interpretation which is similar to the naive treatment effect calculated earlier in this chapter.
Applying the propensity score is a four-step process as follows: 1) define the populations of
interest, which has already been completed, 2) pick a set of covariates to calculate a propensity to
receive treatment score,”’ 3) pick and apply a propensity score matching algorithm and check the
population balance, and 4) estimate the average treatment effect with the balanced populations.
The remainder of this section details the algorithm chosen, how it improves population balance,

and then calculates the average treatment on the treated effect.

Coarsened Exact Matching algorithm

There are many propensity score matching algorithms that use different statistical and
heuristic methods to balance treatment and control populations. *’ Researchers can match their
study objectives and available data to the variety of balancing algorithms. The Coarsened Exact
Matching (CEM) method developed by lacus, King, & Porro (2008) has the advantages of
reducing bias in the evaluation model due to imbalances in the characteristics of the treatment and
control population, while preserving variance in the outcome variable and the characteristics of
the treatment and control population.

CEM balances treatment and control populations with three steps. The first step is to
temporarily coarsen the values of the covariates (X). Step two is to perform exact matching on
the coarsened data, sort observations into strata and prune any stratum with zero treated or control
units. And step three is to use the original, uncoarsened data X for analysis, excluding those units

without exact matches which were pruned in step 2 (lacus, King, & Porro, 2008).

Population balance analysis

Performing a population balance analysis is the cornerstone to building a plausible case for
the conditional independence assumption to hold. Iacus, King and Porro (2008) recommend

checking balance in two ways. The first balance comparison is to check that the mean values of

3 Mathematically propensity score uses firm covariates to calculate p (Xi) =E[D1i| Xi], while regression
uses covariates to calculate E[Y1|Xi,Di.

% The population characteristics section of this chapter details the covariates chosen and the reasons for
their inclusion

40 This dissertation uses the MatchlIt program developed for the open source statistical software package R.
For a full description of the Matchlt program, and the propensity score matching algorithms it supports, see:
Ho, Imai, King, & Stuart, (2007) and Ho, Imai, King, & Stuart, (2007b)
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the covariates of the treatment and control groups are similar. The second is to run quantile-
quantile (QQ) plots and visually check that the matched treatment and control populations fit
within the QQ bounds. A Q-Q plot ("Q" stands for quantile) is a probability plot, which is a
graphical method for comparing two probability distributions by plotting their quantiles against
each other. If the two distributions being compared are similar, the points in the Q-Q plot will
approximately lie on the line y = x.

After CEM matching, the difference in average population values for 2002 non-SBIR
revenue is $58K, compared to $925K before matching. For employees, the post matching
difference is .1, compared to almost 8 before matching; for total topics submitted in 2003, the
post matched difference is .6, compared to 3.8 before matching. Without exception, in all
variables after matching, the differences between treatment and control populations are more
balanced. Specifically, all population characteristics are from 70% to 100% more balanced than
the raw population data. The next step in checking population balance is to analyze the QQ plots
to check for the possibility of imbalance in populations at difference quantiles versus the global

mean of the population.
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Summary of balance for all data:

Means Means SD Mean EQQ eQQ

Treated Control Control Diff Med Mean eQQ Max
distance 0.59 0.37 0.17 0.22 0.21 0.22 0.35
fi rst contractyear 2002 2002 0.93 -043 0.00 047 3.00
employees 2003 30.24 22.27 57.84 7.96 4.00 8.62 £68.00
topics applied for in 2003 6.64 2.88 3.03 3.75 2.00 3.77 40.00
subcontract 2003 0.15 0.11 0.31 0.04 0.00 0.04 1.00
total 2002 non-SBIR contract dollars 1249000 323000 1757000 925693 0.00 950700 24660000
total past phase Il awards 4.79 1.31 868 348 2.00 3.81 120.00
total past phase | awards 11.35 3.70 25.27 7.65 4.00 8.66 371.00
cai dummy 0.21 0.05 0.23 0.15 0.00 0.15 1.00
Summary of balance for matched data data:

Means Means SD Mean EQQ eQQ

Treated Control Control  Diff Med Mean eQQ Max
distance 0.51 046 0.19 0.05 0.14 0.14 0.22
fi rst contractyear 2002 2002 0.67 0.00 0.00 0.32 1.00
employees 2003 14.32 1421 21.34 0.11 2.00 2.87 36.00
topics applied for in 2003 443 3.86 3.79 0.57 1.00 1.63 9.00
subcontract 2003 0.11 0.11 0.32 0.00 0.00 0.01 1.00
total 2002 non-SBIR contract dollars 240900 299200 1049000 -58292 0 98724 3540000
total past phase Il awards 2.77 1.72 3.15 1.05 1.00 1.80 10.00
total past phase | awards 6.34 4.69 8.33 1.65 3.00 3.58 17.00
cai dummy 0.12 0.12 0.32 0.00 0.00 0.07 1.00

Percent Balance Improvement

eQQ eQQ eQQ
Mean Diff Med Mean Max

distance 75.72 34.19 3543 35.29
fi rst contractyear 100 0 30.66 66.67
employees 2003 98.58 50 66.71 47.06
topics applied for in 2003 84.89 50 56.65 775
subcontract 2003 100 0 76.18 0
total 2002 non-SBIR contract dollars 93.7 0 89.62 85.65
total past phase Il awards £9.89 50 52.67 91.67
total past phase | awards 78.39 25 58.69 9542
cai dummy 100 0 55.89 0
Sample sizes: Control Treated
All 773 687
Matched 681 534
Unmatched 92 153
Discarded 0 0

Table 7 Summary of population balancing analysis
Source: Output of post matching balance tests run on raw population data in Matchlt program run on R.
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Ho, Imai, King, and Stuart (2007) recommend using quantile-quantile plots to visually detect
population imbalances. Quantile-quantile plots graphically show the relative imbalance of
treatment and control populations. Figure 7 contains the QQplots for the eight covariates
selected. The Q-Q plots display the improved balance for the following variables: total 2002 non-
SBIR contract dollars, topic number, first contract year and phase I and phase Il awards. The
balance created for the total 2002 non-SBIR awards is particularly important because the
regression estimate (see table 6) shows that this variable is the key predictor for future contract
awards. Nearly all of the QQ values fall within or near the QQ bounds.

The exception the QQ plot visual balance inspection are the variables commercialization
achievement index dummy and the sub-contractor status in 2003. The cause for this imbalance is
that both dummy variables have relatively rare occurrences of having observations that =1 across
the population. The result of this imbalance is that there will be some observations in the
treatment group that have either CAI dummy or their sub-contractor status in 2003 with a value of
1, for which the coarsened exact matching method will not be able to find an exact match in the
control population. Since both variables describe past efforts in commercialization which might
have correlation with future commercialization activity I chose to include them in the variable set.
Additionally, for both variables, the treatment and control group means are in balance. For these

reasons | chose to keep both variables.
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Figure 7 QQ Plots
Source: QQ plot command run on matched data in Matchlit program on R.

The goal of propensity score matching is to achieve reasonable balance while preserving
enough observations to perform treatment effect estimations. This objective appears to be met
based on this analysis: the population balancing matches 83% of the raw population based on the
8 covariates. Therefore, there are a sufficient number of observations to estimate a treatment
effect. A plausible case can be made that the only observable statistical difference between the
treatment and control populations is the firms’ treatment status. Consequently, the Conditional

Independence Assumption can reasonably be assumed to hold for the observable covariates.
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Propensity Score Matching estimated treatment effect

Once a balanced treatment and control population is created using propensity score
matching, researchers can apply various statistics models to estimate a treatment effect. The
typical first PSM estimation is average treatment on the treated. Average treatment effect on the
treated (ATT) is calculated by taking the difference in the following two estimations using only
the observations in the treatment population: 1) estimate the average outcome with treatment, and
2) simulate what the average outcome would have been had the treatment population not received
treatment. The ATT effect is then calculated on the difference between 2003 non-SBIR defense
contracts and 2004 non-SBIR defense contracts. The ATT is estimated by propensity score
matching to be § 147K, with a greater than 99% level of confidence that the treatment effect is
not zero.” The 95% confidence interval estimates the range of treatment effect to be between
$130K and $161K. This estimate is both statistically and economically significant. It supports
the hypothesis that winning a SBIR contract increases the winning firms’ future defense contracts
dollars. The next section performs regression analysis on the propensity score matched data to

conduct the analysis with an added level of consistency.

Double Robust Estimation of the DOD SBIR treatment effect

Doubly robust estimation has been shown by Ho, Imai, King & Stuart (2007) and Kang &
Schafer (2007) to produce consistent estimation of average treatment effect if either the
propensity score model is misspecified or the regression with control model is misspecified. In
this section I apply the the doubly robust estimation protocol. I use the propensity score matched
populations created in the previous section to run a multivariate regression model.

As before, the dependent variable is the difference between total 2004 and 2003 non-SBIR
defense contracts. The key parameter of interest is the coefficient on winning a 2003 SBIR award
and the difference in non-SBIR defense contracts in between 2003 and 2004. The control
variables are total non-SBIR contracts in 2002, total SBIR contracts in 2002, the first contract
year, the number of employees in 2003, whether the firm won a defense contract as a sub
contractor in 2003, the number of topics submitted in 2003, the total number of past Phase I or 11
awards, and the CAI dummy. Robust standard errors are estimated using a generalized linear

regression model with sub-populations grouped by winners and losers.

Formula: tns04-tns03 = wins03 +tns2002+covariates

41 Standard deviation: $8,026; 95% confidence interval: $ 129,600- $161,992
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Robust Robust

Coefficients: Estimate  S.E. z Significance
(Intercept) 46690000 84180000 -0.55
distance 146900 8317 17.66 <.999
first contract year 23340 42030 0.56
employees 2003 9117 1018 8.96 <.999
topics applied for in

2003 -22930 7983 -2.87 <.99
subcontract 2003 29070 49260 0.59

total 2002 non-SBIR

contract dollars 0.17 0.20 0.82

total past phase Il

awards -3301 4421 -0.75

total past phase |

awards -3764 6836 -0.55

cai dummy 240200 224900 1.07

Table 8 Doubly robust estimates
Source: Regression with controls model, robust standard errors, grouped covariance winner/loser, matched data in
Matchlit program run on R.

The results of the regression with controls on propensity score matched data estimate a
$147K treatment effect, with a p-value of greater than 99%. The doubly robust ‘treatment effect’
of winning a DOD SBIR contract in 2003 is consistent with the ATT estimated by PSM. Both
DRE and PSM results are consistent in supporting the hypothesis that winning an SBIR award
increases future defense contract dollars. The estimates are also consistent in magnitude,
direction and statistical significance. Based on these estimates there is empirical support that the

SBIR program increases defense contracts in 2004 for firms that won SBIR contracts in 2003.*

Lagged effect estimation: 2003 SBIR treatment effect in 2005 and 2006.
Next, I estimate a lagged treatment effect two and three years after the 2003 SBIR award.
Program evaluation best practices recommend evaluating lagged treatment effects, two or three

years after initial treatment. (Meyer, 1995; Angrist & Krueger, 1999). Specific to the DOD

42 The other statistically significant correlation coefficient is the total number of topics applied for which
estimates an expected decrease in 2004 defense contract dollars of $23K for each topic applied for. This
estimation is in line with other findings of the SBIR program that show a decreased or negative treatment
effect when firms win multiple SBIR awards (see Lerner (1999) and Toole (2009)). This also estimation
motivates more research into the phenomenon of ‘SBIR-mills’, firms who win multiple SBIR awards but have
little commercialization activity. Based on this estimation, more SBIR intensity is not necessarily beneficial for
increasing commercialization.
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SBIR program, Held (2006) and Wessner (2007) found that most of the commercialization
activity reported by the SBIR program occurred within three years of award. Doubly robust
estimation is used to estimate—for those who won a 2003 DOD SBIR award--the effect upon
non-SBIR DOD contracts in 2005 and 2006.

The doubly robust estimated treatment effect upon 2005 non-SBIR contract dollars is $106K,
and the 2006 difference is $130K. Both estimates are statistically significant at greater than a
99% confidence level. These estimations of a lagged treatment effect support the conclusion that,
for the average firm, winning a DOD SBIR award enhances future DOD contract dollars (Please
see in Appendix B).

Winning a DOD SBIR award appears to put winning firms on a path of higher non-SBIR
defense contract award dollars. Figure 4 illustrates that for the period between 2004 and 2006
firms which applied for and won a 2003 SBIR contract won an average of $370K more defense
contracts than a matching set of firms who applied for but did not win a 2003 DOD SBIR award.
The DOD SBIR program appears to have a positive treatment effect on winners who win a higher
rate of future defense contracts. This treatment effect could be the result of either direct
commercialization of SBIR funded technologies or because firms winning SBIR contracts are
more experienced as defense contractors, have more access to DOD programs or are simply more
experienced businesses. Nonetheless, the estimated treatment effect is positive and statistically
significant.

The $370K in additional non-SBIR contracts is less than the approximately $850K in SBIR
funding the 2003 winners received from 2003-2006 as compared to the losing group (see
appendix B for details on this estimation). While it appears that winning a SBIR contract does
increase future defense contracts, the increase modest in comparison to the SBIR funding the
firms continue to receive. In total 2003 SBIR winners capture over $1.2M in total defense
contracts (SBIR+non-SBIR) as compared to losers, of which only about 30% is non-SBIR

contracts.
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Figure 8 Winning a DOD SBIR award puts winners on a path of increased future defense contracts.

Policy implications of increasing future defense contracts for SBIR winners

The Quadrennial Defense Review explicitly acknowledges that access to new technology
and a strong industrial base are crucial to U.S. national security (OSD, 2010). The evidence
presented in this chapter suggests that the DOD SBIR program has a positive treatment effect that
modestly increases future defense contracts for winning firms. The evidence that firms winning
SBIR contracts increase their future sales to the DOD at a higher rate than had they not won
supports the belief that the DOD SBIR program could be contributing to the DOD mission.
Winning SBIR firms could be earning DOD business either because they are commercialization
SBIR technologies or because they have more experience and access to the DOD, either of which
supports the DOD mission. Prior to this analysis, the DOD emphasized without proof that the
DOD SBIR program supported mission oriented research needs more than it emphasized the
Congressional desire to increase private sector commercialization of SBIR funded technologies.
With an estimation of a the treatment effect winning a SBIR contract has on a major aspect of the
commercialization goal for the SBIR program, the DOD is one step closer to fulfilling their
GPRA requirements to demonstrate the effectiveness of their administration of the program.
Proof of effectiveness can also be used to support the DOD preference for using SBIR funding to
support mission oriented research (i.e.—research whose goal is to improve a weapon system)

rather than to support private sector commercialization.
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Another key insight from this analysis is that even winning firms continue on a path
dominated by SBIR funding. Program administrators can expect winners to capture over $1.2M
in future defense contracts, but only 30% of those contracts will be non-SBIR. With these
contract ratios in mind, program administrators should focus their attention on two areas. The
first is to identify the few contractors with the highest potential to quickly increase future
contracts. The second is to harvest the new knowledge created by the remaining majority of
firms that will not be immediately transitioning their technologies via standard defense contracts.

This evidence can encourage potential program applicants and offices that the program
does modestly increase future Defense contracts. This may motivate potential small defense
contractors to use the SBIR program as a potential entre into Defense contracting. Defense
acquisition managers might also be motivated to put use the SBIR program as a tool for grooming

the next generation of defense contractors.

Regression, Propensity Score Matching and Double Robust Estimation conclusions

Table 9 contains a summary of all the estimate methods used, the average treatment
effect estimates, the statistical significance of the estimates, and whether the conditional
independence assumption was met. The first estimate was a naive estimate of an average
treatment effect on raw population data, which calculated a $447K (naive) treatment effect using
a differences-in-differences approach. The naive estimate is nearly three times higher than the
doubly robust estimated treatment effect of $147K.

Based on these estimations there is evidence that a DOD SBIR program award increases
defense contract revenue for firms winning a 2003 SBIR contract, versus similar firms who

unsuccessfully applied for a 2003 SBIR contract.

Differences in Mean Confidence level Conditional

Differences estimate Independence
Assumption met?

Naive $447K No

OLS $173K ~85% No

PSM $147K >99% Yes, populations

balanced in means, and
Quantile-Quantile Plots

DRE $147K >99% Yes per PSM matching,
and consistency in
PSM/OLS results

Table 9 Summary of treatment effect by model type.
Source: Analysis documented in this chapter.

While the doubly robust estimates provide as good an estimate as possible without a
randomized controlled trial on the program, there still remain some significant limitations of the

analysis. These limitations include the limited generalizability of the estimations, the estimate of
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treatment intensity, and the inability to control for time variant unobserved variation. The
estimates of the SBIR “treatment” effect can only be generalized to the given year and the given
population. More significant are the inherent limitations of a binary treatment identifier, which
does not capture the variability in treatment intensity for firms that win more than one SBIR
award in a given year. Furthermore, it does not permit me to estimate the differential treatment
effect of winning a Phase I award versus winning a Phase Il award. Finally, as with all quasi-
experimental models, the research can only control for the variability that can be observed and
associated with each firm. No matter how well models control for selection bias with observed
covariates, there will always be unobserved variability that could potentially bias treatment effect
estimations. Despite these shortcomings, this study provides meaningful insight into two
important areas: a) the treatment effect of the DOD SBIR program on defense contract revenues,
and b) how to estimate program effects in general.

In conclusion, in employing a doubly robust estimation methodology, I find that winning
an SBIR award in 2003 has a significant and positive influence upon defense contract revenues
over the next three years (e.g., 2004-2006). These findings are as conclusive as possible short of
actually conducting a randomized controlled trial. Arguably, they provide strong evidence that
the Department of Defense SBIR program effectively increases prime contract revenues for

winning firms. The next chapter discusses the policy implications of these estimates.
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Chapter 5: Policy Recommendations and Conclusion

“Likewise, although innovations unique to national security often occur within the “pure-play”
defense industrial base, the vast majority of innovative and revolutionary components, systems,
and approaches that enable and sustain our technological advantage reside in the commercial
marketplace, in small defense companies, or in America’s universities.”

--2010 Quadrennial Defense Review, pp. 82 (Emphasis added)

“The ultimate goal of a technology development R&D manager is to complete research
objectives that lead to successfully commercialized technologies. In addition to that ultimate goal,
two other goals of a successful program manager are: to continuously improve the program and
to communicate effectively to others the benefits of his or her program.”
--Department of Energy, Overview of Evaluation Methods for R&D Programs, (Ruegg
& Jordan, 2007, pp. 1)

This study demonstrates that it is possible to estimate a treatment effect from winning a
DOD SBIR contract on the winning firms’ future defense contracts. The study employs an
improved methodology and creates a new dataset to test the hypothesis that DOD SBIR contract
recipients receive more future non-SBIR defense contract dollars. The estimation of a treatment
effect supports the conclusion that winning a DOD SBIR contract appears to increase the winning
firms’ future defense contracts. The treatment effect is approximately $370K in non-SBIR
defense contracts three years following the SBIR award. This positive treatment effect on future
non-SBIR defense contracts only about 30% of the $1.2M total (SBIR+non-SBIR) defense
contracts winners receive as compared to a matched set of losing firms over those same three
years. The evidence produced is intended to guide future policy analysis of the DOD SBIR
program as well as to contribute to the ongoing SBIR policy dialog between Congress and the
DOD. The policy insights are intended to assist researchers and policy makers in their efforts to
conduct “dispassionate analyses” of the program’s strengths and weakness, as well as in efforts to
improve its design and implementation. **

The policy recommendations that follow do not simply focus on the quantitative analysis
of the SBIR treatment effect estimated in chapter 4, but also include recommendations

documented in the literature review essays in chapters 2 and 3. The fact that the SBIR program

43 The term ‘dispassionate analysis’ is used several times by Josh Lerner to specifically describe the ideal
state of research on entrepreneurial support programs see: Lerner (2004) and Lerner (2009, P114, 1406)
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has a treatment effect is policy relevant, but the demonstration that a dispassionate analysis of an
R&D program is arguably more policy relevant. I demonstrated that one econometric model of
the effects of the SBIR program is possible, what is needed is dozens (or hundreds) more
estimations of the effects of the SBIR program. I hope that this pinpoint of light shown into the
‘black box’ of government supported R&D programs will be expanded to guide future studies.
Keeping this in mind the recommendations for improving the DOD SBIR program are also based
on the policy insights presented in the literature review of past SBIR evaluations (chapter 2) and
the literature review of entrepreneurial policy evaluations (chapter 3). Recommendations for
improvement are organized in two broad categories: 1) how to improve the DOD SBIR program,

and 2) how to improve future evaluations of the DOD SBIR program.

How to improve the DOD SBIR program

This study makes three important findings, each of which may be helpful in
understanding and/or improving the SBIR program: 1) the DOD SBIR program has an effect on
increasing defense contract revenues for some participants; 2) it objectively examines the effects
of government R&D subsidies on firm output; and 3) it supports the emphasis of the current law
upon objective, fact based analyses. The first policy recommendation (i.e., better structure the
administration of the program) is based upon the demonstrated effectiveness of the DOD SBIR
program. Since it appears to increase defense contract revenues and contributes to the mission of
the DOD, it warrants greater management scrutiny and possibly prioritization, relative to
competing programs. The second recommendation (i.e., to improve the documentation and
dissemination of SBIR research) is based on the literature review documenting economic theory
advocating R&D subsidies to fix market failures in technology investment rather than to support
commercialization, and the fact that most commercialization is weighed in the top 2% of program
participants. The third policy recommendation to fund objective and rigorous empirical studies of
the SBIR program is based upon the insights provided by the improved evaluation techniques

contained in this study, coupled with the law’s emphasis upon fact based policy analysis.

Improvement Recommendation 1: Structure the management of the program to
reflect the nature of the innovation process

This study highlighted two key aspects of the nature of commercialization that will aid
the DOD in structuring the management of their SBIR program. First, this study estimated that
the SBIR program does have a positive average treatment effect for winner. Second the analysis
showed that commercialization activity is concentrated in a few high performing firms. The

finding of skewed returns is consistent with the observation of Held (2006) of the skewed
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distribution of future returns for first time SBIR winners. It is also consistent with the general
findings of Scherer (2000) regarding the skewed returns from investments in innovation in
several studies of private sector innovation processes.

The estimated positive average treatment effect of the DOD SBIR program addresses one
of the consistent conclusions of the GAQO, and the OMB that a reliable estimate of the treatment
effect of the SBIR program has not been estimated in past analysis. As a result, the DOD may
have assigned administrative resources into other acquisition programs with more demonstrated
advantages. Held (2006) qualitatively supports the observation that the DOD SBIR program is
marginalized by most of the services, who view the program as a ‘tax’ rather than as a key asset
in their innovation portfolio. With a more reliable estimate of a positive treatment effect DOD
policy makers can make a more informed decision regarding the resources to assign to administer
the program.

The fact that the program has a modest average treatment effect, but that the majority of
commercialization occurs for only for a small fraction of firms requires an experienced, trained
and purposefully structured program administration. Scherer (2000) observes that the top 10% of
innovation or inventions will capture the majority of returns. These types of returns may be
significantly different than those typically experienced by other program office funded research
and development, which typically funds technologies of higher maturity and with more
probability of success. This difference from the norm may require special management
structures, experienced SBIR program managers and thus more investment in and attention for
SBIR management overhead than currently exists. Armed with greater knowledge about the
nature of the commercialization of the DOD SBIR program, managers can assign, train and

organize the right mix of administrative personnel.

Improvement Recommendation 2: Emphasize goal of stimulating technological
innovation, as well as commercialization

The DOD SBIR program produces results that go beyond what was directly measured in
this dissertation. The primary and original justification for creating the SBIR program was the
belief that it might enable small businesses to commercialize federally funded research. This
belief continues to be evident in the continued Congressional and administrative emphasis on
commercialization. The emphasis upon commercialization potentially marginalizes other
important attributes of conducting research such as another important SBIR goal, stimulating
technological innovation. Past analysis of the returns to R&D mirror the findings of this

dissertation that most commercialization is concentrated in a few percent of the top revenue
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generating firms. Concentrating on the results of a narrow range of top performers marginalizes
the potentially useful knowledge created by the other program participants.*

The recommendation to emphasize the goal of stimulating technological innovation
would advocate codifying the SBIR funded research results. Examples could be how the SBIR
funded research contributed to the collective technical knowledge on a subject, or the incremental
(and non-commercializable) refinements to technologies that support other innovations, or
documenting technical approaches that do not work (thus saving another researcher from trying
that approach), or diffusing technical knowledge or methods across different organizations and
researchers.®

With this emphasis on promoting technological innovation, the SBIR program will fit
better with conventional economic theory that find that supporting commercializable technologies
with public fund to be inefficient. The body of R&D policy analysis cited in Chapter 3 is nearly
unanimous that using public money to fund private sector R&D with a high potential for
commercialization is inefficient (David, 1999; Klette, 2000). Moreover, research specifically on
the SBIR program suggests that SBIR funds crowds out private investment, and are not as
effective as venture capital funding (Wallsten, 2000; Hsu 2006; Toole & Turvey 2009.

The specific suggestion for improving the emphasis on disseminating research results
would be to offer incentives for researchers to publish the results from SBIR research in technical
journals. Incentive clauses could be added to the standard SBIR contracts that included monetary
rewards for submitting articles to journals, for having the submission published, and for the best
SBIR-funded article published each year. The nature of this incentive system reward for
submission and publication requires the authors to share their research output with the
government to get their incentive. Instituting this recommendation and measuring the results
could automatically create a proxy measure of innovation diffusion resulting from SBIR funding.

A final recommendation is for Congress and DOD SBIR administrators to alter their
public strategy so as to emphasize the utility of the program in contributing to the collective body
of technical knowledge. Held (2006) finds support for the DOD funding early stage research
rather than funding more mature technologies with SBIR finds. This qualitative finding was

‘controversial’ among DOD SBIR administrators who argued that the DOD need to preserve this

* “GAO reported that as the emphasis on commercialization had grown, so had concerns
that
noncommercial successes may not be adequately recognized. For example, program managers
identified various projects that met special military or medical equipment needs but that had
limited sales potential.” (GAO, 2005, p.1)

45 Geisler (2000) contains an authoritative summary of Science and Technology metrics.
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valuable discretionary budget, and not shift emphasis to support more mature technologies (Held,
2006 p. 56). With greater emphasis on stimulating technology from Congress the early stage

technology development preference by the DOD can become routine rather than controversial.

Improvement Recommendation 3: Make SBIR a model for fact-based policy
improvement

The final policy recommendation to improve the performance of the program is to
institutionalize the policy analysis tools developed to perform fact based SBIR policy updates.
Since its inception, the SBIR program has gone through changes in how it is administered,
including the goals that are emphasized, the practices deemed effective, and the specific
outcomes that are measured, recorded and analyzed. Due to the lack of reliable data and the lack
of conclusive research, prior changes have been implemented without substantive evidence of
improved outcomes. Nelson (2005) argues that the “social technologies” supporting innovative
activity are important factors in the innovation process because they make some activities easier
and some activities more difficult for the innovators to execute. The analytical tools applied in
this dissertation, along with the policy recommendations described, will enable SBIR program
administrators to analyze the social technologies supporting SBIR innovation to improve the
program. The quantitative evidence can be used alongside the qualitative evidence already
collected through surveys, case studies, interviews, and symposia to better understand the key
social technologies to emphasize.

A concrete example of a social technology to investigate with future research would be
the recommendation to increase the overhead used to manage the SBIR program. The Navy has
explicitly funded SBIR overhead since 1997, while the other services have not. A quasi-
experimental study examining whether Navy SBIR winners have a higher commercialization rate
could be conducted quickly, using the original database created within the scope of this study.
For stronger evidence on the efficacy of explicitly-funded overhead, randomized controlled trial
could be run so as to provide explicitly-funded SBIR administrative overhead to some program
offices but not others.

Many of the techniques and tools used in this dissertation could, with a little bit of effort,
training, and consulting, be institutionalized in the Army, Air Force and the Navy to better
understand which social technologies work and which do not. The Government Performance and
Results Act mandates that policy administrators use evidence to modify policies. This
dissertation provides methodology and tools to produce better policy analysis on the DOD SBIR

program.
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How to improve DOD SBIR program evaluation

This dissertation is motivated by the literature review of the SBIR program, which
documented numerous government reports, policies and regulations requiring better evaluations
of the DOD SBIR program. Most of the policy responses to the legal requirement for evaluation,
such as the DOD-developed Commercialization Achievement Index and the surveys conducted
by the GAO and National Academies of Science, fall short of actually providing data for better
evaluation. Descriptive surveys cannot evaluate the effectiveness of a program because surveys
are subject to over reporting by respondents and over sampling more successful firms. By using
the already-existing defense contract database, this study demonstrates that it is possible to
evaluate the program without incurring self-reported survey response bias. Additionally, by using
econometric methods to control for selection bias, this dissertation provides policy makers with
one example that it is possible evaluate one key aspect of the program. More studies are clearly
needed; the suggestion in this recommendation will make studying the effects of the SBIR
program easier, faster and ideally routine.

This dissertation motivates three possible policy implementations the DOD can use to
improve the evaluation of the DOD SBIR program. The first is to make the DOD SBIR
administrative data accessible to more researchers. The second would be to build automated links
to the applying SBIR firms to other innovation proxies — most specifically, the US Patent
database, the iEdison database, and technical publication databases. Finally, to more conclusively
evaluate the DOD SBIR program, some form of Randomized Control Trials ideally should be
implemented. Owing to the relatively large number of topics and applicants, the DOD SBIR

program is an ideal candidate for the implementation of RCT’s.

Evaluation recommendation 1: Make SBIR administrative data available to
researchers

The first recommendation to improve evaluation of the program is to make
administrative data more accessible to researchers. This recommendation is a low cost, easily
implementable policy change with potential for significant payback. As already documented in
the review of SBIR evaluations, one of the consistent themes of all past SBIR program
evaluations is the lack of reliable, consistent data and the resulting lack of conclusive studies
about program effectiveness. Additionally, the broader literature on R&D evaluations in general
suffers from the same problems: lack of reliable data and a resultant dearth of conclusive
evaluations on R&D programs. Opening the wealth of already-existing data collected by the

DOD SBIR program to policy analysts would be an enormous step towards improving collective
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knowledge about the effectiveness of R&D subsidy programs. Two specific examples of existing
data that could be useful to future evaluations are 1) the data set of SBIR applicants and 2)
proposal evaluation scores.

This dissertation is the only published analysis of the DOD SBIR program using the
DOD SBIR application database. One of the typical short-coming of other program evaluations
is the inability to construct a comparison group. This dissertation showed how a comparison
group can be constructed from the set of SBIR applications. The rich collection of SBIR
applications from not only the DOD program but also the other federal SBIR programs needs to
be examined by other researchers.

Another example of data available to program administrators but not to program
evaluators is the proposal evaluation scores used to award SBIR contracts. If these scores were
made available to researchers, researchers could use those scores to better match firms in
propensity scoring models, or to model outcome variations.*® Importantly, since this information
is likely already available in an electronic format—so as to be available to administrators via the
internet—the cost to make the data accessible to R&D policy researchers is likely insignificant.
However, the potential fruits of making this data available to researchers and policy analysts, who
have spent decades, trying to determine the efficacy of R&D policies with scant reliable data, are
enormous. Policy makers could soon have fact-based studies that support the spirit and intent of

the Government Performance and Results Act.

Evaluation recommendation 2: Link SBIR funding to more innovation proxy data
sources

The second policy recommendation to improve SBIR program evaluation is to enable
automated matching of SBIR administrative data to other sources of innovation output data such
as patent data, innovation tracking databases, sales data, venture capital funding, or technical
publication data. Per US law, any SBIR participant is mandated to report to the government the
details of any inventions or patents generated from the program. Unfortunately, the reporting is
often decentralized, and the data collected is not easily linked to the actual source of funding.

Many other research outputs on the SBIR program are needed than just defense contracts.

Examples of potentially useful data sources are the US Patent and Trademark Database, technical

46]affe (2002) explicitly advocates for this approach, “I believe that an alternative approach, based on the
regression-discontinuity design, offers a more attractive balance between political feasibility and statistical
outcome. The regression-discontinuity (‘RD’) design was introduced by Thistlethwaite and Campbell (1960);
good overviews appear in Campbell (1984) and Angrist and Lavy (1999). The RD technique utilizes a
discontinuity in the probability of selection that occurs at a particular ‘threshold” with respect to some index of
‘quality’ to identify the treatment effect separately from the impact of quality.”
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paper databases, databases of firms such as COMPUSTAT, HOOVERS or DUNS, venture capital
tracking databases, initial public offering databases, merger databases, or Internal Revenue
Service data. Currently automated linking of SBIR participant data to another data source is not
possible because not all of the databases allow for the standardized use of the contractor
identification number. The lack of a common standard firm identifier leaves researchers with the
option of trying to match research inputs to output based on firm names, which contain
tremendous variation in spelling within and across databases.

The SBIR program could require firms to include their DUNS number in the already-
required government interest statements for patents generated by SBIR funds. For matching
technical publications, the SBIR program could require firms to report SBIR-generated technical
publications with full citations in future application packages. Since SBIR application packages
are submitted electronically, the government can begin to understand the impact of the SBIR
program on the body of technical knowledge through patent disclosure analysis and technical
publication analysis.

The most expedient link to establish might be the link between SBIR funding and the
interagency Edison (iEdison) database maintained by the National Institutes of Health. This
database was created to fulfill the statutory requirement for federally funded researchers to report
inventions and patents developed with Federal funds. Currently it collects data from some, but
not all, DOD research organizations. DOD SBIR policies could be modified to require winning
firms to report inventions and patents through this database, and to require the inclusion of the
funding contract number and the correct contractor identification number.

A final suggestion to improve tracking of SBIR output activity would be to require
proposing firms to submit their tax identifier number to conclusively link SBIR funding to actual
growth in revenue. Since all firms winning SBIR awards must be US companies, this policy
intervention would cover the entire population of awardees. Moreover, since the IRS reports on
income are legally required to be accurate and are subject to the possibility of auditing, the
validity of the sales and revenue data will be substantially more accurate than the data self-
reported in surveys. Another strength of this source of data would be that the study population
could be expanded beyond the non-representative sample of survey respondents to include
potentially all SBIR applicants.

The strengthening of the links between DOD SBIR program data sources and data
sources on innovation proxies will greatly improve the quality and quantity of analyses. If any of
these policy recommendations are implemented studying the DOD SBIR program will be easier

and faster.
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Evaluation recommendation 3: Implement limited Randomized Control Trials for
improved evaluations

The final suggestion for improving evaluation of the SBIR program is to apply and refine
research methods proven to mitigate biases, including the introduction of randomized controlled
trials. The Government Performance and Results Act requires all agencies to strive towards
evidence based policy implementation. The gold standard research method to provide conclusive
evidence of program effectiveness would be to conduct a randomized control trial by
randomizing some aspects of the contract awards. Of all the R&D subsidy and small business
programs and the program evaluations reviewed for this dissertation, the SBIR program might be
the most conducive to incorporating randomization to improve evaluation.

One practical suggestion to implement a randomized controlled trial (RCT) would be to
select a subset of some of the topic awards to award with a random process.” Since, each topic
receives around twelve applications, the suggestion would be to identify the five highest rated
applications and randomly select the winner from those five applications, and track the relative
performance of the firms that received the award and those who did not. There is a possibility
that this type of experiment could be double blind because the firms would never know if they
received the award due to random assignment and the program managers actually managing the
SBIR contract could be kept blind to the actual award decision.

The DOD SBIR program is an ideal candidate for incorporating some aspect of an RCT
to evaluate the program. There are hundreds of topics each year, thousands of applicants, the
research budget is by its very nature discretionary (e.g., not on a programs-critical path, or vital
for national security) and the firms can be tracked over time.

In lieu of an RCT, researchers pursuing research to estimate a consistent treatment effect
should seek to apply the propensity score and doubly robust estimation methods to SBIR
administrative data. These after-the-fact estimation protocols could be improved if the actual
evaluation scores were made available to researchers. If the evaluation scores were made
available researchers could use the scores to better match firms with matching algorithms.
Researchers could use the proposal evaluation scores in regression models to explain more
variation in the outcomes of interest.

Current best practices in developmental economics have adopted RCT’s (Rodrik &
Rosenzweig, 2009). The focus of developmental economics — on improving the lives of the
citizens of poor nations through interventions such as micro-financing, distributing anti-mosquito

nets, improving immunizations and improving potable water supplies — by its nature makes it a

47 See also Jaffe 2002 to further discussion on how to build RCT into the SBIR program.
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much humbler and moderately funded field than national R&D policy analysis. Rodrik &
Rosenzweig (2009) note that in the field of development economics: “Randomized controlled
trials , in which randomly-selected subpopulations are selected for an intervention and then
outcomes are compared across the treated and untreated populations, have been used to evaluate
the treatment effects of specific programs (e.g., cash transfers, subsidies to medical inputs),
delivery mechanisms (e.g., kinds of financial products), and, less pervasively, to obtain evidence
on fundamental behavioral assumptions that underlie models used to justify policy — e.g., adverse
selection.” If policy administrators can adopt RCT methods to analyze third-world policy
interventions, surely the better-funded, higher-profile field of R&D policy analysis should be able
to implement limited RCT studies. I strongly suggest that policy makers consider incorporating
randomization into the DOD SBIR program to improve the evaluation of the program and to

demonstrate how to build evaluation tools into other government programs.

Conclusion on how to improve SBIR program evaluation

These three suggestions could revolutionize the way the SBIR program is evaluated and
offer a wider variety of answers to the policy questions. With more data available, better links to
research output and actual experimental results, the artifacts of the DOD SBIR program that
actually work best can be understood, refined and applied as best practices across the DOD and
the entire U.S. government. With better analysis, policy makers can craft and administer better
innovation policies. This dissertation has given a small sample of the research possible if
evaluation data and tools are improved. If any form of these recommendations is adopted, the

DOD SBIR program can be better evaluated.

Conclusion

This dissertation is an incremental contribution to knowledge for R&D program
evaluations, and for informing the DOD SBIR policy debate. This dissertation shows that better
evaluations of the DOD SBIR program are possible if existing methods are applied to existing
data. The methods and data used in this dissertation create less biased and more repeatable
methodology for evaluating the effectiveness of the DOD SBIR program in increasing
participants’ contract revenues. Defense contracts are the primary commercialization path for
DOD SBIR firms. This study suggests that (for the year 2003) that the SBIR program had a
treatment effect on increasing firm’s future defense contract revenues. Future SBIR program
evaluations, as well as other R&D program evaluations, can build on the methods and results of
this study. Ultimately, this may further refine the institutions and “social technologies”

supporting the innovation process. This dissertation is a small step towards improving prior,
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inconclusive findings regarding the SBIR program. It asserts that the results of at least one aspect
of the DOD SBIR program can be estimated, and that the program’s effectiveness in increasing
defense contract opportunities for winners can be estimated. With the small innovations
described in this dissertation a faster and easier evaluation processes can be instituted so that
beneficial administrative policies can be institutionalized. The 2010 Quadrennial Defense
Review is explicit the need to the DOD to improve its acquisition processes with regard to
dealing with innovative companies,® this dissertation provides concrete data on how well our

acquisition processes performing when dealing with innovative companies, and how to improve.

48 (T)he Department will work to establish requirements and pursue specific programs that
take full advantage of the entire spectrum of the industrial base at our disposal: defense firms,
purely commercial firms, and the increasingly important sector of those innovative and
technologically advanced firms and institutions that fall somewhere in between. (OSD, 2010, p. 82)
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Appendix A. Matching SBIR coversheet information to defense contract data

This section details the creation of a defense contracting data set that contains time series
observations of R&D inputs and R&D output proxies, with observations for SBIR firms and
comparison groups. The section begins by describing the main data source on defense contract
obligations for the form DD350 database. It also discusses how the Federal Central Contractor
Registry and DOD’s Contractor Commercialization Report database were used to augment the

DD350.

DD350

DD350. The DD350 is the official Department of Defense form which the contracting
officers use to record individual DOD contract actions (obligations or de-obligations) in excess of
$25,000. Contract offices complete DD350s according to instructions detailed in the Defense
Federal Acquisition Regulations supplement. The dollar value of contracts is recorded along with
information on the name and location of contractors, the location where the work will be
performed, products or services purchased, contract solicitation procedures used (competitive or
other than competitive), and the type of business contracted with (large, small, small
disadvantaged), among other things (GAO, 1998). The DD350 database is available for download
as a compressed text file from the DOD’s Directorate for Information Operations and Reports
(DIOR).

In its current iteration, the form has 95 separate data fields, many of which are used to
construct data for this analysis. The fields are the PSC code, that identify the type of goods or
services contracted for, the contractor involved with the contract, the type of business performing
the work, and the SBIR category of the work performed. In addition, information is used about
the contract itself and the amount, dates, and procurement supply classification code purpose.
The first digit of the supply classification code contains the broad category of used to identify the
‘color of money’ the contract belonged to. Procurement contracts used for this chapter are all
contracts with a PSC code that begin with a 1 or a 2; R&D contracts begin with “A”. The file for
each year is very large, uncompressed — the fiscal year 2003 data requires 344 megabytes and
contains 589,238 contract records.

Before progressing further, I address the limitations of the DD350 data, many of which
are detailed in the GAO report: Defense Spending and Employment (GAO, 1998). First, the
DD350 contains dollar values for obligations, not expenditures. Obligations are promises the

government makes to contractors at the beginning of the contract action’s period of performance,
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and not the amount of money the contractor actually gets during the period of performance.
Expenditures are the amount contractors actually receive and can be different from obligations if
the contractor under runs, if the period of performance carries over into the next fiscal year, or
other reasons. Thus, the unit of analysis is obligations, not expenditures. The next caveat
regarding this database is that it contains only obligations over $25,000, which should not be a
problem since the standard contract award amounts for the SBIR program are over $100,000.
Another limitation is that data on classified contracts is masked or unreported, which
might give a downward bias on contract information for larger contractors who are more likely to
win classified contracts because the SBIR program rarely awards classified contracts. Another
limitation is that the DD350 database does not contain data on sub-contracts. This is an
extremely biasing limitation, because small businesses may be more likely to be subcontractors
than prime contractors, especially in the procurement contract arena, where large businesses
command a 95% share of contract awards®. As limiting as this is, comparing small business
performance with small business performance in wining prime contracts should be valid. The last
limitation of DD350 data is that in 1989, a DOD Inspector General study found data integrity and
reliability problems with the DD350 database. This issue is only a problem if the errors in the
data affect the treated and untreated groups differently. Therefore, if the data reliability and
integrity problems can be reasonably assumed to be stable across all small firms, and all years of
the study, and not affect one group of small firms differently than another, then the measurement

error in the DD350 data will be differenced out by the model.

Central Contractor Registry

The Central Contractor Registry (CCR) is the federal government’s single source of
vendor information used for contract award and electronic payment processed. The CCR has 194
data fields, some are exempt from disclosure. The CCR was used primarily for verifying

contractor information in the DD350.

DOD’s SBIR Proposal and Contractor Commercialization Report databases’”

Per the direction of Congress at the recommendation of the GAO, the DOD created the
Contractor Commercialization Report database. The online database captures information
contractors are required to submit for each SBIR proposal. The specific database used was the

cover page database, which details the number of previous SBIR awards a firm won. The

4 Based on DD350 analysis conducted for this dissertation.

SThe specific databases used were made available to me while working on a RAND evaluation of the
SBIR Phase IIT program in 2005, a more generic DOD SBIR database can be found at:
http:/ /www. DODSBIR.net/awatrds/Default.asp
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comparison group of non-winners is the population of firms from 2000-2004 that reported on

their coversheet that they had not won a contract.

Creating the SBIR coversheet database

This section describes how defense contract awards were matched to SBIR applicants
SBIR contract proposal coversheets to the defense contract database. Information from each data
source was linked using the contractor identification codes or DUNs numbers.

The DOD has only accepted electronic SBIR contract proposals since 2000. For this
evaluation a database of all proposing firms in 2003 and 2004 was created. In 2003, there were
4809 firms submitted proposals to the Department of Defense SBIR program; 4090 firms had a
DUNS number. 2115 (44%) also proposed in 2004. Of the 2115 firms proposing in 2003 and
2004, 1819 (69%) had valid contractor identification numbers in the 2003 Central Contractor

Registry.
Average
Average first 2003 2004 Number of 2003
Founding contract Average Average topic
Date year Employees Employees submissions % CA % MA

2003 Firms 4810
2003 Firms with Duns 4090
Firms without CCR match 1047
2003 Proposers with DUNS and CCR 3043 1994 2002 24.95 3.99 19% 7%
2003 and 2004 Proposers with DUNS 1460 1995 2002 26.02 27.46 465 19% 8%

Table 10 Summary of effect of population inclusion criteria

Retaining 30% of the dataset available because they had no observations in the following
year requires explanation. This number is lower than the 44% active registration rate in 2008 by
small firms with a contract any time during 1997-2007 (Moore, 2009, table 8.5) The 15%
difference in follow on observation rate might be explained by the fact that the SBIR program
attracts about 14 applicants per research topic, many of these applications never register in the
Central Contractor Registry. With a low probability of winning an award (1 in 14 or 2 in 14),
many unregistered firms simply would remain unregistered.

The next step was to use the contractor identification numbers to search the DD350
database to determine how many, and what types of, defense contracts each firm was awarded in
2003 and 2004. For each firm, 12 categories of standard defense contract awards were
calculated: R&D contracts, Procurement contracts, and Other contracts across the four services:
Army, Navy, Air Force, and Other Defense Agencies. Additionally, for each firm, 12 similar
contract amounts were aggregated by agency and SBIR category: Phase I through Phase III.
Additional aggregate contract amounts for each firm were calculated for total defense contract

awards and total, non-SBIR defense contract awards.
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Observable covariates were found by matching coversheet firm identification numbers to
the Federal Central Contactor Registry. Some of the covariates in the database are: Founding
date, date for first federal contract, title of owner (Dr. or Mr.), state of primary operations,
existence of a website, industry classification code and organizational classification of firm
(limited liability corporation, sole-proprietorship, etc.). The most important observable covariates

found in the coversheet data are the year, phase, and agency of SBIR awards.
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Variable description Type source Mean Std. Dev. [Min Max
firstcontr~r yyyy number  |CCR 2001.921| 0.835283 1997 2004
foundingyear |yyyy number CCR 1994.742| 8.458569 1932 2004
phdmgrowner [phd owner/pi  |dummy coversheet 0.6438356| 0.479029 0 1
prime or
subcontractor
primesub03 status in 2003 |dummy coversheet 0.2020548( 0.401671 0 1
prime or
subcontractor
primesub2004 [status in 2004  [dummy coversheet 0.2082192| 0.406174 0 1
primesub 2004-
diffprimesub  [primesub 2003 |number coversheet -0.006164| 0.464611 -1 1
self reported
number of
employees employees number coversheet 26.02055| 59.9825 0 500
self reported
employees in
employee04  |2004 number coversheet 27.46027| 61.77283 0 475
2004 -2003
diffemp employment number coversheet 1.439726( 14.10014 -212 224,
count of total
topics applied
top_no forin 2003 number coversheet 4.64726| 6.08188 1 68
commercializati
on achievement Contractor
cai index number Registry 6.406164| 20.25543 0 100
2003 total non-
SBIR phase |
and |l defense coversheet to
tns03 contracts number  |DD350 link 914746| 4772779| -1502999 6.67E+07
2003 total phase
land Il SBIR coversheet to
tsb03 contracts number DD350 link 169259.6| 400158.8] -150000[ 5339674
2004 total non-
SBIR phase |
and Il defense coversheet to
tns04 contracts number _ |DD350 link 1328348| 6678466 -338695| 1.22E+08
2004 total phase
l'and Il SBIR coversheet to
tsb04 contracts number DD350 link 441480.6| 1878877 -94213[ 3.68E+07
nonsbirdiff tns04-tns03 number calculated 413601.6| 3468334 -2.38E+07| 6.17E+07

Survey result of commercialization time after Phase Il award

awards that the majority of commercialization occurs in the first three years after a Phase 11
award. About 18% of the commercialization occurs a year following Phase II award (Wessner,
2007). This dissertation compares treatment effects one two and three years following SBIR

award. The strongest treatment effect is the first year following a SBIR

DOD SBIR Phase II firms reported in the National Research Council’s survey of Phase I1

award.
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Figure 9 Elapsed years between Phase II Award and Year of First Sale Source: NRC Phase II survey

Conclusion

This chapter detailed how data on innovation output proxies was created and structured to
meet the requirement of the propensity score model described in Chapters 2 and 3. Each source
of data contains a wealth of valuable information that can be used to compare winning SBIR
firms to closest matching non-winning firms. The outcomes of interest are the increase in prime
defense contract awards as well as sub contract status. SBIR application coversheet data was

matched to defense contract awards and the Central Contractor Registry to create a database of
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treated and untreated firm observations with numerous covariates suitable for the propensity score

matching method
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Appendix B. Statistical model output

This appendix contains the output from the various statistical models run in
chapter four.

Regression model output

z.outa<-zelig(diff0304 ~ wins03+ firstcontractyear+employees +top no+ sub03 +
tns2002+ phiiawards + phiawards+caidummy, data = allar ,model="normal.gee",id="wins03",
robust=TRUE)

> plot(s.out)
> x.win <- setx(z.outa, wins03 = 1)
> x.lose<-setx(z.outa, wins03=0)

> s.out <- sim(z.outa, x = x.lose, x1 = x.win)
> summary(s.out)

GEE: GENERALIZED LINEAR MODELS FOR DEPENDENT DATA
gee S-function, version 4.13 modified 98/01/27 (1998)

Model:

Link: Identity

Variance to Mean Relation: Gaussian
Correlation Structure:  Independent

Call:

zelig(formula = diff0304 ~ wins03 + firstcontractyear + employees +
top_no + sub03 + tns2002 + phiiawards + phiawards + caidummy,
model = "normal.gee", data = allar, id = "wins03", robust = TRUE)

Summary of Residuals:
Min 1Q Median 3Q Max
-33869114 -246636 -112999 -45625 53947016

Coefficients:

Estimate Naive S.E. Naive z Robust S.E. Robust z
(Intercept) -1.323e+07 2.160e+08 -0.06127 1.636e+08 -0.08090
wins03 1.733e+05 1.893e+05 0.91552 1.684e+05 1.02868
firstcontractyear 6.640e+03 1.079¢+05 0.06155 8.170e+04 0.08127
employees 2.494e+03 1.746e+03 1.42875 5.108e+03 0.48827

top_no -1.112e+04 1.583e+04 -0.70296 1.330e+04 -0.83618
sub03 9.674e+04 2.668e+05 0.36256 1.497e+05 0.64643
tns2002 3.058e-01 2.941e-02 10.39973 1.570e-01 1.94764

phiiawards -2.654e+04 4.350e+04 -0.61001 3.754e+04 -0.70692
phiawards 9.410e+03 1.542¢+04 0.61026 1.292e+04 0.72828
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caidummy 2.056e+05 3.301e+05 0.62293 5.375e+05 0.38256

Propensity Score Model Average Treatment Effect on the Treated Estimate

> m.outc <- matchit(wins03 ~ firstcontractyear +employees + top_no + sub03 + tns2002 +
phiiawards+caidummy, data = alla, method = "cem"

> m.datac<-match.data(m.outc)

> x.outl <- setx(z.outl, wins03=0)

> x.outl <- setx(z.outm, wins03=0)

> x.out2 <- setx(z.outm, wins03=1)

> s.out3 <- sim(z.outm, x = x.outl, x1 = x.out2)

> summary(s.out3)

> sink()

> summary(s.out3)

Model: normal.gee
Number of simulations: 1000

Values of X
(Intercept) wins03 firstcontractyear employees top_no sub03 tns2002 phiiawards
phiawards caidummy
1206010 1 0 2002 12.75 3.5220.1081 169829 1.752 4.324 0.07673

Values of X1
(Intercept) wins03 firstcontractyear employees top_no sub03 tns2002 phiiawards
phiawards caidummy
1206010 1 1 2002 12.75 3.5220.1081 169829 1.752 4.324 0.07673

Expected Values: E(Y|X)
mean sd 2.5% 97.5%
194341 3654 87623 101817

First Differences in Expected Values: E(Y|X1)-E(Y|X)

mean sd 2.5% 97.5%
1146644 8260 129600 161992

Double Robust Estimation model output for 2004-2003 difference

> z.outm<-zelig(diff0304 ~ wins03+ firstcontractyear+employees +top_no+ sub03 +
tns2002+ phiiawards + phiawards+caidummy, data = m.datac
,model="normal.gee",id="wins03", robust=TRUE)

GEE: GENERALIZED LINEAR MODELS FOR DEPENDENT DATA
gee S-function, version 4.13 modified 98/01/27 (1998)

Model:

Link: Identity
Variance to Mean Relation: Gaussian
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Correlation Structure: Independent

Call:

zelig(formula = diff0304 ~ wins03 + firstcontractyear + employees +
top_no + sub03 + tns2002 + phiiawards + phiawards + caidummy,
model = "normal.gee", data = m.datac, id = "wins03", robust = TRUE)

Summary of Residuals:
Min 1Q Median 3@ Max
-10702092 -175093 -62932 3930 26416340

Coefficients:

Estimate Naive S.E. Naive z Robust S.E. Robust z
(Intercept)  -4.669e+07 9.931e+07 -0.4701 8.418e+07 -0.5547
wins03 1.469e+05 7.566e+04 1.9415 8.317e+03 17.6625
firstcontractyear 2.334e+04 4.960e+04 0.4705 4.203e+04 0.5553
employees 9.117e+03 2.060e+03 4.4247 1.018e+03 8.9567

top_no -2.293e+04 1.159e+04 -1.9792 7.983e+03 -2.8727
sub03 2.907e+04 1.151e+05 0.2526 4.926e+04 0.5901
tns2002 1.662e-01 6.281e-02 2.6466 2.037e-01 0.8159

phiiawards -3.301e+03 2.696e+04 -0.1224 4.421e+03 -0.7465
phiawards -3.764e+03 1.183e+04-0.3181 6.836e+03 -0.5507
caidummy 2.402e+05 2.154e+05 1.1151 2.249e+05 1.0680

Double Robust Estimation model output for 2005 difference

GEE: GENERALIZED LINEAR MODELS FOR DEPENDENT DATA
gee S-function, version 4.13 modified 98/01/27 (1998)

Model:

Link: Identity

Variance to Mean Relation: Gaussian
Correlation Structure: Independent

Call:

zelig(formula = tns05 ~ wins03 + firstcontractyear + employees +
top_no + sub03 + tns2002 + phiiawards + phiawards + caidummy,
model = "normal.gee", data = m.datac, id = "wins03", robust = TRUE)

Summary of Residuals:

Min 1Q Median 3Q Max
-7158929 -269633 -115543 -16097 25100446

Coefficients:
Estimate Naive S.E. Naive z Robust S.E. Robust z
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(Intercept) -6.527e+07 1.209e+08 -0.53970 6.337e+07 -1.0301
wins03 1.061e+05 9.214e+04 1.15201 1.518e+04 6.9913
firstcontractyear 3.262e+04 6.041e+04 0.53995 3.166e+04 1.0302
employees 1.857e+04 2.509e+03 7.40130 2.405e+03 7.7219

top_no -2.688e+04 1.411e+04 -1.90465 1.279e+04 -2.1019
sub03 1.988e+05 1.401e+05 1.41852 1.852e+05 1.0735
tns2002 9.652e-01 7.649e-02 12.61860 1.653e-01 5.8390

phiiawards 3.205e+04 3.284e+04 0.97610 3.033e+03 10.5676
phiawards -5.227e+03 1.441e+04 -0.36274 8.079e+03 -0.6470
caidummy -6.844e+03 2.623e+05-0.02609 1.061e+04 -0.6448

Estimated Scale Parameter: 2.129e+12
Number of Iterations: 1

Double Robust Estimation model output for 2006 difference

Model:

Link: Identity

Variance to Mean Relation: Gaussian
Correlation Structure: Independent

Call:

zelig(formula = tns06 ~ wins03 + firstcontractyear + employees +
top_no + sub03 + tns2002 + phiiawards + phiawards + caidummy,
model = "normal.gee", data = m.datac, id = "wins03", robust = TRUE)

Summary of Residuals:
Min 1Q Median 3Q Max
-8478282 -376380 -155169 -12525 34180961

Coefficients:

Estimate Naive S.E. Naive z Robust S.E. Robust z
(Intercept)  -3.792e+07 1.501e+08 -0.2526 1.451e+08 -0.2613
wins03 1.302e+05 1.144e+05 1.1386 5.734e+03 22.7111
firstcontractyear 1.898e+04 7.499e+04 0.2531 7.250e+04 0.2618
employees 2.513e+04 3.115e+03 8.0684 8.556e+02 29.3734

top_no -4.226e+04 1.752e+04 -2.4125 1.139e+04 -3.7092
sub03 3.550e+05 1.739e+05 2.0408 1.894e+05 1.8743
tns2002 6.801e-01 9.495e-02 7.1625 9.886e-02 6.8792

phiiawards 4.366e+04 4.077e+04 1.0711 4.228e+03 10.3273
phiawards -7.702e+03 1.789e+04 -0.4306 5.389e+03 -1.4293
caidummy -1.711e+05 3.257e+05-0.5253 7.840e+04 -2.1820

Estimated Scale Parameter: 3.281e+12
Number of Iterations: 1
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Average SBIR contracts for Matched 2003 Winners.

> z.outm<-zelig(tsb03 ~ wins03+ firstcontractyear+employees +top_no+ sub03 + tns2002+
phiiawards + phiawards+caidummy, data = m.datac ,model="normal.gee",id="wins03",
robust=TRUE)

Beginning Cgee S-function, @ (#) geeformula.q 4.13 98/01/27

running glm to get initial regression estimate

(Intercept) wins03 firstcontractyear employees top_no sub03
tns2002 phiiawards
1.860e+07 2.377e+05 -9.298e+03 -5.188e+02 2.971e+03
1.456e+03 -7.232e-05 3.479e+04
phiawards caidummy
-9.661e+03 2.890e+04

How to cite this model in Zelig:

Patrick Lam. 2007. "normal.gee: General Estimating Equation for Normal Regression" in
Kosuke Imai, Gary King, and Olivia Lau, "Zelig: Everyone's Statistical Software,"
http://gking.harvard.edu/zelig

> x.outl <- setx(z.outm, wins03=0)

> x1.outl <- setx(z.outm, wins03=1)

> s.outl <- sim(z.outl, x = x.out1, x1 = x1.outl)

Error in as.data.frame(x[, names(coef(object)), drop = FALSE]) :

subscript out of bounds

> s.outl <- sim(z.outm, x = x.outl, x1 = x1.outl)

> summary(s.outl)

Model: normal.gee
Number of simulations: 1000

Values of X
(Intercept) wins03 firstcontractyear employees top_no sub03 tns2002 phiiawards
phiawards caidummy
1084482 1 0 2002 12.89 3.5230.1078 192402 1.765 4.345 0.07901

Values of X1
(Intercept) wins03 firstcontractyear employees top_no sub03 tns2002 phiiawards
phiawards caidummy
1084482 1 1 2002 12.89 3.5230.1078 192402 1.765 4.345 0.07901

Expected Values: E(Y|X)
mean sd 2.5% 97.5%
115798 3374 8965 22429

First Differences in Expected Values: E(Y|X1)-E(Y|X)

mean sd 2.5% 97.5%
1237673 11355 216784 259053
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> z.outd<-zelig(tsb04 ~ wins03+ firstcontractyear+employees +top_no+ sub03 + tns2002+
phiiawards + phiawards+caidummy, data = m.datac ,model="normal.gee",id="wins03",
robust=TRUE)
Beginning Cgee S-function, @ (#) geeformula.q 4.13 98/01/27
running glm to get initial regression estimate
(Intercept) wins03 firstcontractyear employees top_no sub03
tns2002 phiiawards
1.375e+07 2.579e+05 -6.864e+03 4.672e+03 4.309e+03 -
5.724e+04 5.264e-02 6.521e+04
phiawards caidummy
-1.111e+04 -2.628e+05
> z.out5<-zelig(ts05 ~ wins03+ firstcontractyear+employees +top_no+ sub03 + tns2002+
phiiawards + phiawards+caidummy, data = m.datac ,model="normal.gee",id="wins03",
robust=TRUE)
Beginning Cgee S-function, @(#) geeformula.q 4.13 98/01/27
running glm to get initial regression estimate
(Intercept) wins03 firstcontractyear employees top_no sub03
tns2002 phiiawards
-6.630e+07 2.061e+05 3.314e+04 9.608e+02 8.483e+03 -
4.562e+04 -9.261e-03 3.547e+04
phiawards caidummy
5.130e+03 -2.691e+05
> z.out6<-zelig(ts06 ~ wins03+ firstcontractyear+employees +top_no+ sub03 + tns2002+
phiiawards + phiawards+caidummy, data = m.datac ,model="normal.gee",id="wins03",
robust=TRUE)
Beginning Cgee S-function, @(#) geeformula.q 4.13 98/01/27
running glm to get initial regression estimate
(Intercept) wins03 firstcontractyear employees top_no sub03
tns2002 phiiawards
-3.901e+07 1.460e+05 1.950e+04 3.630e+03 7.509e+03 -
6.808e+03 -4.976e-02 3.590e+04
phiawards caidummy
2.979e+03 -2.187e+05
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