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Abstract 

The objective of this dissertation is to better understand the contextual effects on the success 
of the transition of technologies generated through the U.S. Department of Defense (DOD) Small 
Business Innovation Research (SBIR) program, and to pull out policy recommendations for 
facilitating the way the SBIR transitions technologies from abstract concepts to concrete 
engineering capabilities that the U.S. can use in its military systems. To that end, I explore how 
social (network), spatial (region), and industrial (technology) factors affect the SBIR’s ability to 
do this. Specifically, I examine the contextual effects of network, regional, and industrial 
characteristics on the success of technology transition using various regression models. To 
incorporate multilevel factors, in particular, I employ hierarchical linear models with firm- and 
region/ industry-level variables related to state-level innovation capacity, anchor tenants, 
innovation brokers, technology life cycle, technology market, technological and network 
positions of SBIR awardees in relation to the DOD (including its research laboratories) and 
prime contractors.  

Findings of this dissertation include: small firms’ larger SBIR awards, higher age, more 
cutting-edge technology or high-tech focus are more likely to lead to success in technology 
transition; small firms’ higher technological distance (in particular, relative to prime contractors) 
and more central network position are more likely to facilitate technology transition; the number 
of defense labs in a state may matter in small firms’ winning federal procurement contracts and 
improving their return on investment; the number of DOD mentors (i.e., large prime contractors 
who signed up for mentoring small businesses) may be important in protégés’s (i.e., small firms) 
winning federal procurement contracts; small firms nested in industries that have higher 
inflection points of S curves (i.e., more recently emerging industries) are likely to win more 
federal procurement contracts; and small firms nested in industries that have larger gross output 
are likely to file more patent applications.   
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Summary 

This dissertation had two objectives: (1) better understanding the contextual effects on the 
success of the transition of technologies generated through the DOD SBIR program; and (2) 
developing policy recommendations for enhancing the contexts and, in turn, facilitating the way 
the SBIR transitions technologies from abstract concepts to concrete engineering capabilities that 
the U.S. can use in its military system. 

Of the various contexts surrounding the DOD SBIR technology transition, this dissertation 
focused on three: social (network), spatial (region), and industrial (technology). These contexts 
were chosen because, for technology-based small businesses (particularly, DOD SBIR 
awardees), close networks with other businesses (e.g., prime contractors) and government 
agencies (e.g., DOD) may provide a channel for obtaining complementary assets such as 
information (or knowledge) and capital. States with high innovation capacity and policy support 
may provide favorable business environments in receiving technological, managerial, and legal 
services from defense labs, mentoring large firms, business incubators, and patent practitioners. 
As well, industries with emerging technologies, big market sizes and high growth rates may 
mitigate market risk that small businesses face and offer a high chance of success in the 
technology transition.  

To explore how these three contexts influence the DOD SBIR technology transition, I first 
performed preliminary analyses of the SBIR awards and federal procurement contracts data from 
the network, regional, and industrial perspectives. The following summarizes the findings from 
the preliminary analyses: 

 (P1) Each service SBIR awardee tends to receive the SBIR funding from itself first, 
followed by other two services, NASA, MDA, DOE, DARPA, DHHS, and NSF;  

 (P2) Some small businesses and states have strong SBIR bonds to specific federal 
agencies (e.g., Virginia’s strong bond to the Navy); 

 (P3) DOD SBIR awardees are spatially clustered; 
 (P4) Small businesses in specific states have been awarded much more SBIR funding 

than others have. For instance, leading states include California, Massachusetts, Virginia, 
Maryland, and Ohio while lagging states include Wyoming, North Dakota, Nebraska, 
South Dakota, and Alaska;  

 (P5) While some states (e.g., California and Massachusetts) have been awarded SBIR 
funding from three services in a balanced manner, others have been awarded by a specific 
service (e.g., Ohio and Colorado from the Air Force, and Virginia, Pennsylvania, and 
Maryland from the Navy); 

 (P6) While most states are confined to the box drawn by $1 billion of Air Force and $1 
billion of Navy procurement contracts, some (e.g., California, Massachusetts, Virginia, 
Ohio, and Maryland) have won many more procurement contracts than others;  
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 (P7) Some states have won procurement contracts from a specific service (e.g., Ohio 
from the Air Force, and Virginia and Maryland from the Navy). 

 (P8) DOD SBIR awardees are sectorally clustered; 
 (P9) Small businesses in specific industries have been awarded much more SBIR funding 

than others have. For instance, leading industries include G06F (digital data processing), 
H01L (semiconductor devices), G01N (materials analysis), G02B (optical apparatus), 
G01S (radar and sonar), and B32B (layered products);  

 (P10) While some industries (e.g., G06F and G02B) have been awarded SBIR funding 
from three services in a balanced manner, others have been awarded from a specific 
service (e.g., H01Q—aerials technology—from the Air Force, and H04B—transmission 
technology—from the Navy); 

 (P11) While most industries are confined to the box drawn by $500 million of Air Force 
and $1 billion of Navy procurement contracts, some (e.g., H04B, G01S, G01N, G06F, 
and B32B) have won many more procurement contracts than others have; and 

 (P12) Some industries have won procurement contracts from a specific service (e.g., 
H02M—apparatus for power conversion—from the Air Force, and F41G—weapon 
sights—from the Navy). 

I then conducted regression analyses with four dependent variables (i.e., indicators for the 
success of technology transition)—amount of federal procurement contracts (FPC), return on 
investment (ROI),1 jobs created (JOB), and patents filed (PAT)—and multiple independent 
variables indicating firm demographics, network-, region-, and industry-related characteristics. 
For the network context, I performed regression analyses (Normal, Poisson, and Negative 
Binomial) with independent variables related to the technological (e.g., technological distance, 
specialization, and variety) and network (e.g., centrality and core/periphery in the SBIR funding 
network) positions of the DOD SBIR awardees. For the regional context, I conducted 
hierarchical linear modeling (HLM) analyses with independent variables related to state-level 
innovation capacity and policy support (e.g., State Tech and Science Index, and state-level SBIR 
supporting programs), anchor tenants (e.g., defense labs and DOD mentors) and innovation 
brokers (e.g., business incubators and patent practitioners). For the industrial context, I 
performed HLM analyses with independent variables related to technology life cycle (e.g., S-
curve2 characteristics such as saturation level, inflection point, and maximum growth rate) and 
technology market (e.g., market concentration and industry economic output). 

Findings from network context include: 

 (N1) Small firms’ larger SBIR awards, higher age, more cutting-edge technology or high-
tech focus are more likely to lead to success in technology transition;  

                                                 
1 Return on investment (ROI) used in this dissertation does not exactly correspond with one used in finance. I follow 
the new concept of ROI proposed by the SBIR/STTR Interagency Policy Committee (SSIPC): ROI = (Amount of 
federal procurement contracts – Amount of SBIR awards)/Amount of SBIR awards. 
2 S curves refer to the shape of the cumulative number of patent applications in a specific technology area over time. 
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 (N2) Small firms’ higher technological distance (in particular, relative to prime 
contractors) and more central network position are more likely to facilitate technology 
transition. To some extent, they are expected to lead to success, but excessive centrality 
and technological distance may stifle that success; 

 (N3) Small firms’ manufacturing facilities are expected to contribute to job creation; 
 (N4) Small firms’ ownership by women or minorities, and their technological 

specializations, are expected to lower their patent output whereas technological 
diversification (in particular, relative to the DOD) is expected to raise the patent output;  

 (N5) Small firms’ technological distance (in particular, relative to the DOD) is expected 
to increase their patent output to a certain degree, but undue distance may decrease the 
patent output; 

 (N6) Cutting-edge technology plays a more critical role for small firms with sparser 
networks in achieving larger federal procurement contracts or higher returns on 
investment; 

 (N7) Greater technological distance relative to prime contractors contributes to a higher 
return on investment only in small firms with denser networks; 

 (N8) A firm’s age and centrality are more important in job creation for small firms with 
sparser networks; 

 (N9) Firms’ centrality contributes to patent output differently depending on whether they 
belong to denser or sparser networks. In other words, more central firms in dense 
networks or less central firms in sparse networks are expected to file more patents; and 

 (N10) Firms’ SBIR awards and location in the HUBZone3 play different roles by group in 
patent output. In other words, SBIR awards or the HUBZone are more critical for firms 
with sparse networks than those with dense networks. 

Findings from regional context include: 

 (R1) States with higher scores in Technology Concentration and Dynamism—a better 
business environment for tech-based entrepreneurship (e.g., high birth and growth rate of 
tech companies and industries)—may facilitate their small firms to win federal 
procurement contracts enough to increase their return on investment; 

 (R2) The number of defense labs in a state may matter in small firms’ winning federal 
procurement contracts and improving their return on investment. This may confirm the 
role that defense labs play as anchor tenants. However, their role may be limited to 
assisting small firms in technology transition rather than technology development and 
transfer (evidenced by the analysis result that the number of defense labs is not 
statistically associated with the number of patent applications);  

 (R3) The number of DOD mentors (i.e., large prime contractors who signed up for 
mentoring small businesses) in a state may be important in protégés’s (i.e., small firms) 
winning federal procurement contracts. Because the primary goal of the DOD Mentor-
Protégé Program (MPP) is for mentors to help protégés make more federal procurement 
contracts, this analysis result may confirm that the DOD MPP is a useful program for 
DOD SBIR awardees; 

                                                 
3 The HUBZone refers to the historically underutilized business zones. To rejuvenate the economically distressed 
areas, the U.S. Small Business Administration provides preferential access to more federal contracting opportunities 
to small businesses in the HUBZone. 
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 (R4) State-level SBIR match programs may increase small firms’ return on investment. It 
may imply that state match programs alleviate the financial needs of small firms that 
otherwise totally depend on federal SBIR programs;  

 (R5) State-level SBIR outreach programs (e.g., SBIR proposal assistance) may help small 
firms win federal procurement contracts enough to make a high return on investment and 
to increase the number of employees. 

Findings from industrial context include: 

 (I1) Small firms nested in industries that have higher inflection points of S curves (i.e., 
more recently emerging industries) are likely to win more federal procurement contracts; 

 (I2) Small firms nested in industries that have higher value added are likely to make 
fewer federal procurement contracts and have a smaller employment change; 

 (I3) Small firms nested in industries that have a higher saturation level of S curves are 
likely to generate less return on investment; and 

 (I4) Small firms nested in industries that have larger gross output are likely to file more 
patent applications.  

Based on the findings, I develop the following policy recommendations:  

 The DOD SBIR program 

 Needs to strengthen intra- and inter-agency collaborations (based on the findings 
(P1), (P5), and (P10)); 

 Needs to address the issues related to multi-award winners (based on the findings 
(P2)-(P4), (P8), and (P9)); 

 Needs to cooperate more closely with state governments (based on the findings (P2)-
(P7), (R2), and (R3)); 

 Needs to utilize innovation brokers better (based on the findings (P8)-(P12), (N1)-
(N10), and (I1)-(I4)); and 

 Needs to orchestrate the program with other DOD programs (based on the findings 
(N2), (N8), and (N9)).  

 The Small Business Administration 

 Needs to respond more quickly to SBIR/STTR Interagency Policy Committee 
(2014c)’s recommendations on the establishment of a new database (based on the 
findings (P1)-(P12)); and 

 Needs to find ways to boost patenting activities in the small businesses that are owned 
by women or minority, or located in the HUBZone (based on the findings (N4) and 
(N10)). 

 The state governments 

 Need to sustain or improve their business environment for technology-based 
entrepreneurship depending on their location at the four quadrants4 (based on the 
finding (R1)); 

                                                 
4 To develop policy recommendations to state governments, I take a four-quadrant approach where I divide states 
(on the scatter plot of a technology transition-related dependent variable versus a statistically significant independent 
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 Need to collaborate with defense labs within their states to enhance their performance 
in the federal procurement contracts (based on the finding (R2)); 

 Need to attract more large businesses to their states and to stimulate them to 
participate in the DOD Mentor-Protégé Program (based on the findings (R3)); and 

 Need to formulate and implement state-level policy programs that aim to promote 
technological innovation and transition, and spur technology-based entrepreneurship 
(based on the findings (R4) and (R5)). 

 
 

  

                                                                                                                                                             
variable of interest) into four groups: first group at the upper right quadrant; second group at the upper left quadrant; 
third group at the lower left quadrant; and fourth group at the lower right quadrant. 
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Chapter 1. Introduction 

In any event, with the perceived threat to national security as the top priority, 
activities that focus on the Department of Defense technology transition far 
outweigh any concerns for improving technology transfer to the commercial 
world. – Spivey, Munson and Flannery (1994, p. 68) 

 
This chapter describes the objective of this dissertation, and briefly outlines its research 

questions and hypotheses, and the data, methods and variables that will be used in the analysis. 

1.1. Objective 

The objective of this dissertation is twofold: (1) to better understand the contextual effects on 
the success of the transition of technologies5 generated through the U.S. Department of Defense 
(DOD) Small Business Innovation Research (SBIR) program; and (2) to pull out policy 
recommendations for enhancing the contexts and in turn, facilitating the way the SBIR 
transitions technologies from abstract concepts to concrete engineering capabilities that the U.S. 
can use in its military systems.  

As a part of the success story of SBIR technology transition, the effects of contexts 
surrounding entrepreneurs are important. Given that small businesses are agile enough to be 
affected by the external environment, their success in technology transition may substantially 
depend on the contextual (e.g., social, spatial, and industrial) effects. Nonetheless, a great body 
of studies related to entrepreneurial innovation (including small business innovation) has focused 
on entrepreneurs themselves, ignoring the contextual effects. Only some recent studies started to 
stress the role of context in explaining entrepreneurial actions and outcomes (including 
technology transition). For instance, Autio et al. (2014) provided a list of contexts that are 
important for entrepreneurial innovation: temporal; spatial; organizational; institutional/policy; 
social; and industry/technology. Further, Zahra, Wright and Abdelgawad (2014) argued that 
because contextual factors can explain entrepreneurial activities with particular meaning, they 
should not be used just as controlling variables in the relevant studies. 

                                                 
5 As National Research Council (2014, p. 240) noted, there is no simple definition of “technology transition” 
particularly relative to “technology commercialization.” The NRC report provides a list of technology 
commercialization: all commercialization (including both DOD-related and private-sector sales and licensing); all 
DOD-related commercialization (including sales and licensing revenues generated from either DOD directly or 
through primes to DOD); DOD-only sales and revenue (from small business directly to the DOD, excluding sales 
through primes); and so forth. In this dissertation, I regard “all commercialization” as “technology 
commercialization”, and “DOD-only sales and revenue” as “technology transition” unless I define those terms 
differently in specific context. 
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Of various contexts, this dissertation seeks to explore the effects of social (network), spatial 
(region), and industrial (technology) factors on the transition of technologies developed through 
the DOD SBIR program to inform relevant policymakers. Based on the results of a series of 
empirical analyses, this dissertation provides policy recommendations to federal and state 
governments that would improve the contexts surrounding the DOD SBIR program and, in turn, 
accelerate the transition of technologies generated through the program. Thus, this study should 
be of general interest to policymakers concerned with entrepreneurial (particularly technology-
based small business) innovation, and of specific interest to small-business offices within DOD 
and the military services, the Small Business Administration, state governments that regard the 
SBIR technology transition as a vehicle to regional economic development, and members of 
Congress concerned with military procurement and small-business issues. 

1.2. Research Questions and Hypotheses 

This section describes a set of research questions and hypotheses that have been designed to 
provide SBIR policy makers with the necessary tools to identify characteristics that lead to 
successful technology transition and to suggest policies that are likely to improve technology 
transition in the future. 

1.2.1. Research Questions 

I attempt to explore three types—regional, industrial (technological), and network—of 
contextual effects on the transition of technologies created through the DOD SBIR Program. To 
do that, I seek to answer the following research questions: 

 What are the primary regional, industrial (technological), and network contexts of the 
DOD SBIR program?  

 How do industrial/regional/network characteristics influence the success of DOD SBIR 
awardees’ technology transition? 

1.2.2. Research Hypotheses 

The success of small businesses (SBs) can be defined several ways (Hayter, 2015). For 
technology-based small businesses (TBSBs), success can be the development of a new product 
or process, while for commercialization-oriented SBs it can be selling or licensing ideas. For 
startups, success can be just survival, while for mature SBs it can be sales or employment 
growth. While Table 1 concerns the success of spin-offs (i.e., startups spun off from large-size 
mother companies) that tend to be TBSBs, it provides additional measures for the success of 
SBs. As such, there is a broad array of definitions about general SBs’ success, but the success of 
DOD SBIR-participating TBSBs might be narrowly defined according to the objectives of DOD 
SBIR program. Given that the DOD SBIR program seeks TBSBs’ technological solutions while 
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the overall SBIR program encourages technology commercialization, the success of DOD SBIR 
participants can be technology transition.  

Table 1. Success of Spin-offs 

Categories Examples

Survival Not going out of business, merger and acquisition 

Early-stage financing Venture capital, initial public offering (IPO) 

Output measures Number of patents and scientific articles, sales growth, sales per employee, 
profitability, technology commercialization 

Employment Employee growth 

SOURCE: Adapted from Hayter (2015) 

 
In the vein of SBs’ success, there is a great body of studies on what factors influence their 

success. For instance, Elena, Sorina and Rus (2015) broke success drivers for entrepreneurship 
innovation down to four categories: entrepreneur features; internal features of the company; 
external features of the company; and location (see Table 2). While Elena, Sorina and Rus 
(2015) enumerated various factors contributing to TBSBs’ success, other studies focused on 
either internal or external factors while controlling for other factors. For instance, Weber and 
Jung (2015) and Sajilan, Hadi and Tehseen (2015) emphasized internal factors such as 
entrepreneur’s demographic characteristics (e.g., age and gender), personal characteristics (e.g., 
need for achievement, need for cognition and internal locus of control), educational 
interdisciplinarity, prior experience in industry and entrepreneurship. On the other hand, Fritsch, 
Brixy and Falck (2006) and Kim and Lui (2015) underscored external factors such as industry 
(e.g., minimum efficient size), region (e.g., regional demand growth), time, external network 
(e.g., market network and institutional network6), and business group. As indicated in Motoyama 
(2015), however, most of studies on the success of TBSBs focused on internal (or 
microeconomic) factors while little attention was paid attention to external (or macroeconomic) 
factors.   

Table 2. Main Factors Contributing to SBs' Success 

Categories Examples

Entrepreneur features Motivation, level of education, training, financing programs 

Internal features of the Field of activity, seniority of business, size of organization, legal form, investment 

                                                 
6 Kim and Lui (2015, p. 1965) define a market network as “the group of partners with which a firm interacts in the 
same competitive business market, such as suppliers, customers, and competitors, and an institutional network as 
“the group of partners in the public sector, such as government agencies, university research institutes, and trade 
associations.” 
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company costs, turnover, development strategy 

External features of the 
company 

Clusters and associations, collaborators, consultancy, external financing, sources of 
funding, stakeholders 

Location Location, area development 

SOURCE: Elena, Sorina and Rus (2015) 

 
For technology commercialization success specifically, recent studies stress firms’ external 

monitoring capacity in addition to internal R&D capacity. Lin and Wang (2015) paid attention to 
appropriability7 and complementary assets with a focus on the moderating effect of market 
sensing capability.8 Park and Ryu (2015) explained technology commercialization and firm 
performance by using R&D capability, learning capability, and environmental dynamism9 (e.g., 
competitor dynamism and customer dynamism).  

In the context of the DOD SBIR program, I seek to put more emphasis on external factors 
while controlling for internal factors given that SBs need to be more flexible, adaptive, and 
robust in response to external environment (e.g., industry, region, and network) relative to prime 
contractors (PCs). To that end, I focus on how characteristics of the external environment 
influence the success of technology transition implemented by DOD SBIR participants. 

To develop specific research hypotheses, this study posits the following:  

 Postulate 1: Industrial characteristics influence TBSBs’ success of technology transition. 
 Postulate 2: Regional characteristics influence TBSBs’ success of technology transition. 
 Postulate 3: Network characteristics influence TBSBs’ success of technology transition. 

For each postulate, the following hypotheses are tested: 

 Related to industrial characteristics: 

 Hypothesis 1a: Characteristics of the technology life cycle10 in a specific industry 
influence the success of technology transition by TBSBs that are situated in the 
industry. 

 Hypothesis 1b: Characteristics related to the technology market (e.g., market 
concentration and economic output) in a specific industry influence the success of 
technology transition by TBSBs that are situated in the industry. 

 Related to regional characteristics: 

                                                 
7 Appropriability indicates how hard others imitate someone’s innovation (Lin and Wang, 2015). For instance, 
patenting can provide strong appropriability to innovators, by preventing others from imitating and commercializing 
patented inventions. 
8 Lin and Wang (2015, p. 2) define market sensing capability as “the capability to gather and use the information 
required to commercialize patented innovations from markets.” 
9 Park and Ryu (2015, p. 340) define environmental dynamism as “the degree of unpredictability for competitors 
and customers or that of changes and innovation within the industry.” 
10 The technology life cycle is often described as S-shaped curves. This study captures the characteristics of the S 
curves. 
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 Hypothesis 2a: Regional characteristics related to innovation capacity and policy 
support (e.g., state-level science and innovation index and support for the SBIR 
program) influence TBSBs’ success of technology transition. 

 Hypothesis 2b: Regional characteristics related to anchor tenants and innovation 
brokers (e.g., defense labs, DOD mentors, business incubators, and patent 
practitioners) influence TBSBs’ success of technology transition. 

 Related to network characteristics: 

 Hypothesis 3a: Network characteristics related to SBIR funding (e.g., network 
centrality11 and structural equivalence12) influence TBSBs’ success of technology 
transition. 

 Hypothesis 3b: Network characteristics such as market network (i.e., technological 
positions of TBSBs relative to PCs) and institutional network (i.e., technological 
positions of TBSBs relative to DOD), expressed by technology distance, 
specialization and variety, influence TBSBs’ success of technology transition. 

1.3. Analytical Approach 

1.3.1. Data 

This study explores 2,889 firms that have been awarded SBIR phase II funding from the 
DOD (including Air Force, Army, and Navy) over ten years (between 2001 and 2010). Because 
there is a time lag (generally 5 to 7 years13) between R&D (i.e., SBIR phase II) and technology 
transition (i.e., SBIR phase III), dependent variables are collected as of the end of 2015 while 
independent ones are gleaned as of 2010. To examine the effects of firm-, region-, and industry-
level characteristics on technology transition, this study uses hierarchical data from various data 
sources. For instance, firms are geographically nested into a specific state while they are 
technologically clustered into a specific industry. Data structure and sources are graphically 
described in Figure 1 below; and the definitions and statistics of variables are presented in Table 
3 below. 

                                                 
11 Centrality measures how central a firm’s position is in a network in terms of network characteristics such as 
degree, closeness, betweenness, etc. 
12 Firms are structurally equivalent to the extent they have the same set of SBIR funders, which firms are connected 
to. 
13 For instance, Xue and Klein (2010) put a 5-year time lag between predictors and dependent variables to examine 
the effect of regional determinants on entrepreneurial activities. Maine and Seegopaul (2016) indicate 
development/commercialization times, faced by ventures, for software and advanced materials are 0-2 and 5-15 
years, respectively. National Research Council (2009, p. 239) presents a table regarding time elapsed between an 
SBIR award and sales. Of 378 SBIR projects, 349 (92.33%) and 372 (98.41%) projects led to sales in 5 and 7 year 
elapsed times, respectively. 
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Figure 1. Data Structure and Sources 

 
 

Table 3. Description of Variables 

Hierarchy Var Definition Source Obs Mean Min Max

Dependent: 

Firm FPC Action obligation of federal procurement 
contract ($million), as of December 2015 

FPDS-NG 2,889 39.50 0 3,041.02 

ROI Return on investment = (FPC – SBIR 
award amounts) / SBIR award amounts), 
as of December 2015 

FPDS-NG, 
SBA-SBIR 

2,889 25.62 -1.31 3,028.33 

JOB Change in the number of employees per 
year 

SBA-SBIR 2,889 1.62 -137.5 114.33 

PAT Number of patent applications, as of 
November 2015 

KIPRIS 2,889 6.32 0 1,251 

Independent: 

Firm AGE Firm age SAM 2,889 15.67 0 122 

MFG Dummy (0 or 1) whether manufacturer 
of goods or not 

SAM 2,889 0.32 0 1 

LST Dummy (0 or 1) whether locating in 
leading states or not 

STSI 2,889 0.66 0 1 

HTC Dummy (0 or 1) whether belonging to 
high-tech industries or not 

Eurostat 1,480 0.88 0 1 



 7 

SEQ Dummy (0 or 1) whether belonging to 
core or periphery in the SBIR funding 
network 

SBA-SBIR 2,889 0.30 0 1 

HUB Dummy (0 or 1) whether located in 
HUBZone14 or not 

SBA-SBIR 2,889 0.01 0 1 

OWN Ownership: dummy (0 or 1) whether 
owned by either minority, woman, or 
veteran 

SBA-SBIR 2,889 0.24 0 1 

TPA Timing of patent applications: dummy (0 
or 1) whether filing patents prior to the 
inflection point of S curve 

KIPRIS 1,480 0.27 0 1 

ASA Amount of SBIR awards ($million) SBA-SBIR 2,889 2.50 0.10 103.27 

(Network) SEC Eigenvector centrality in the SBIR 
funding network 

SBA-SBIR 2,889 0.016 0 0.045 

TDD Technological distance from DOD’s 
patent portfolio @ IPC subclass 

KIPRIS 1,480 0.18 0 0.88 

TDP Technological distance from prime 
contractor’s patent portfolio @ IPC 
subclass 

KIPRIS 1,480 0.21 0 0.97 

TSP Technological specialization @ IPC 
subclass 

KIPRIS 1,480 531.06 7.00 18,259 

TVD Technological variety relative to DOD’s 
patent portfolio 

KIPRIS 1,480 -0.01 -0.87 0.64 

TVP Technological variety relative to prime 
contractor’s patent portfolio 

KIPRIS 1,480 -0.04 -0.86 0.66 

Region HCI Human Capital Investment (0-100) STSI 50 51.18 19.33 77.90 

RDI Research and Development Inputs (0-
100) 

STSI 50 51.09 18.72 93.15 

REI Risk Capital and Entrepreneurial 
Infrastructure (0-100) 

STSI 50 50.06 23.56 79.67 

TSW Technology and Science Workforce (0-
100) 

STSI 50 56.10 21.67 89.41 

TCD Technology Concentration and 
Dynamism (0-100) 

STSI 50 52.38 25.63 82.61 

NDL Number of defense labs (per million 
people) 

DLE 50 0.2 0 2.42 

DSM Dummy (0 or 1) whether SBIR Match 
Programs exist or not 

Lanahan 
and 
Feldman 
(2015) 

50 0.34 0 1 

DSO Dummy (0 or 1) whether SBIR Outreach 
Program exist or not 

Lanahan 
and 
Feldman 

50 0.84 0 1 

                                                 
14 The HUBZone refers to the Historically Underutilized Business Zones 
(https://www.sba.gov/contracting/government-contracting-programs/hubzone-program). To rejuvenate the 
economically distressed areas, the U.S. Small Business Administration provides preferential access to more federal 
contracting opportunities to small businesses in the HUBZone. 

https://www.sba.gov/contracting/government-contracting-programs/hubzone-program
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(2015) 

NBI Number of business incubators (per 
million people) 

InBIA 50 2.22 0 4.79 

NPP Number of patent practitioners (per 
million people) 

USPTO-
OED 

50 102.00 8.76 330.76 

NDM Number of DOD mentors (per million 
people) 

DOD-
OSBP 

50 2.44 0 31.62 

Industry 
(Technology) 

SLS Saturation level of S curves EP 
database 

628 177.06 0.014 3,672.11 

IPS Inflection point of S curves (year) EP 
database 

628 1,996 1,916 2,308 

MGS Maximum growth rate of S curves (%) EP 
database 

628 4.18 0.85 46.31 

CRN Concentration ratio of four companies 
with largest patent applications 

PatBase 628 7.83 0.70 41.35 

HHI Herfindahl-Hirschman index of nineteen 
companies with largest patent 
applications 

PatBase 628 36.88 0.25 482.87 

GOS Gross output of industries (2013, 
$billion) 

BEA 628 34.38 3.93 539.83 

VAS Value added of industries (2007, 
$billion) 

BEA 628 14.82 1.49 172.94 

NOTE 1: The number of firms that have filed patent applications is 1,480 (out of 2,889); the number of states is 50; 
and the number of industry areas is 628. 
NOTE 2: BEA = Bureau of Economic Analysis (www.bea.gov) 

DLE = Defense Laboratory Enterprise (www.acq.osd.mil/rd/laboratories/labs/search_list.html) 
DOD-OSBP = Office of Small Business Programs, Department of Defense 
(www.acq.osd.mil/osbp/sb/programs/mpp/participants/all_mentors.shtml) 
EP database = European Patent Office database (Espacenet) 
FPDS-NG = Federal Procurement Data System – Next Generation (www.fpds.gov) 
InBIA = International Business Innovation Association (exchange.inbia.org/network/findacompany) 
KIPRIS = Korea Intellectual Property Rights Information Service (www.kipris.or.kr) 
PatBase = PatBase Analytics (www.patbase.com/) 
SAM = System for Award Management (www.sam.gov) 
SBA-SBIR = Small Business Administration – Small Business Innovation Research (www.sbir.gov) 
STSI = State Tech and Science Index by Milken Institute (statetechandscience.org/statetech.html) 
USPTO-OED = Office of Enrollment and Discipline, U.S. Patent and Trademark Office 
(oedci.uspto.gov/OEDCI/practitionerSearch.do) 
 

To address heteroscedasticity15 and multicollinearity16 issues in the empirical analysis, I take 
the natural logarithm of some dependent (i.e., FPC and ROI) and independent (i.e., ASA and 
TSP). Moreover, I center technological and network position-related independent variables (i.e., 

                                                 
15 When the variability of the dependent variable is not equal as the value of independent variable increases, it is 
called heteroscedasticity which breaks homoscedasticity (i.e., constant variance), one of main assumptions of a 
regression model. 
16 When two or more independent variables in a regression model are highly linearly related, it is called 
multicollinearity which may lead to the inaccurate estimate of one independent variable’s impact on the dependent 
variable. 

http://www.bea.gov
http://www.acq.osd.mil/rd/laboratories/labs/search_list.html
http://www.acq.osd.mil/osbp/sb/programs/mpp/participants/all_mentors.shtml
http://www.fpds.gov
http://www.kipris.or.kr
http://www.patbase.com/
http://www.sam.gov
http://www.sbir.gov
http://exchange.inbia.org/network/findacompany
http://statetechandscience.org/statetech.html
https://oedci.uspto.gov/OEDCI/practitionerSearch.do
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SDC, SEC, TDD, TDP, TVD, and TVP) to alleviate multicollinearity when they take squared 
forms and interaction terms.   

Some variables that are not obvious are described in the following subsections.  

1.3.1.1. Dependent Variables 

For dependent variables, this study uses federal procurement data, firm SBIR awards and 
employment data, patent data, and firm status data from the Federal Procurement Data System – 
Next Generation (FPDS-NG) database, the Small Business Administration’s Small Business 
Innovation Research (SBA-SBIR) database, the Korea Intellectual Property Rights Information 
Service (KIPRIS) database, and the System for Award Management (SAM) database, 
respectively. Of many potential dependent variables, this study uses four indicators to represent 
the success of technology transition: 

 Action obligation of federal procurement contract (FPC)—the money value of federal 
procurement contracts (measure for the effectiveness of the SBIR program); 

 Return on investment (ROI)17— 	 	 	

	
 (measure for the efficiency of 

the program);  
 Jobs created (JOB)—the average change in the number of employees per year (measure 

for the economic performance of the program); and 
 Patents filed (PAT)—the number of patent applications (measure for the technological 

performance of the program). 

The first metric directly measures technology transition (in terms of the SBIR program’s 
effectiveness) while others indirectly capture technology transition (in terms of the program’s 
technological and economic impacts). In particular, the second (ROI), third (JOB), and fourth 
(PAT) metrics shed light on the efficiency, economic, and technological performance, 
respectively. Those metrics have been widely employed in the evaluation of R&D programs 
(Lott, 2011) and are also suggested by the SSIPC (SBIR/STTR Interagency Policy Committee, 
2014b).  

1.3.1.2. Firm-level Independent Variables 

For firm-level independent variables, this study uses not only basic information (e.g., age) 
from the System for Award Management (SAM) database but also SBIR funding-related (e.g., 
amount of SBIR funding; and centrality of SBIR funding network) from the SBA-SBIR database 
and technological competitiveness-related (e.g., technological distance between a firm’s and the 
DOD’s/prime contractors’ patent portfolio) data that are calculated using SBIR and patent data, 
based on the concepts of technology life cycle and social network: 

                                                 
17 Return on investment (ROI) used in this dissertation does not exactly correspond with one used in finance. As 
shown in Table 3, SBIR/STTR Interagency Policy Committee (SSIPC) proposed the new concept of ROI from the 
perspective of not private sector but public sector. 
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 Timing of patent applications—T PA  = 1 if a firm’s patent application is filed at the 
beginning stage of technology life cycle (TLC), TPA = 0 otherwise (measure for a firm’s 
R&D capacity in emerging technology areas); 

 Eigenvector centrality (SEC)—the centrality18 of a firm in the SBIR funding network 
between funders (federal agencies) and awardees (small businesses) (measure for a firm’s 
network position); 

 Technological Distance19— 1	 	   where Pi = the distribution of firm 

i’s number of patent applications across patent classification codes,20 Pj = the distribution 
of DOD (or prime contractors)’s number of patent applications across corresponding 
patent classification codes, for instance, TDP = technological heterogeneity between the 
vector of firm i’s patent portfolio and  that of prime contractors’, and P’ = the transpose 
of P (measure for a firm’s technological dissimilarity from counterparts); 

 Technological Specialization21: max  where Pk = the number of a firm’s 

patent applications on patent classification code k, Qk = the number of patent applications 
of all firms on patent classification code k, P’’ = the number of a firm’s patent 
applications on overall patent classification codes, and Q’’ = the number of patent 
applications of all firms on overall patent classification codes (measure for a firm’s 
strategy as a specialized supplier); 

 Technological Variety22: TV = TD3 – TD4 where TD3 = difference in technological 
distance between at 3-digit (IPC’s class level) and 4-digit patent classification (IPC’s 
subclass level)23, for instance, TVP = a firm’s TV relative to prime contractors’ (measure 
for a firm’s strategy as a diversified supplier). 

                                                 
18 The eigenvector centrality of a firm is determined by not only the number of ties a firm has but also the value of 
ties (i.e., whether a firm is connected to an influential funding agency). 
19 This measure has been used for international R&D comparison studies such as Branstetter (2001) and Choi and 
Yeniyurt (2015). 
20 Patent classification gives a picture of how patents are distributed across technologies and reflects the important 
fact that patents are clustered into the hierarchy of patent classification codes—e.g., section – class – subclass – 
group – subgroup according to the international patent classification (IPC) code. For instance, footwear for sporting 
purposes has an IPC code, A43B 5/00 where section A, class A43, and subclass A43B indicate human necessities, 
footwear, and characteristic features of footwear, respectively. Such a function of patent classification enables not 
only to sort out patents but also to explore the patent landscape and analyze innovation patterns by 
technology/industry. 
21 This measure is a modified form of location quotient, which has been widely used for international patenting 
activities comparison studies including Archibugi and Pianta (1992) and Paci, Sassu and Usai (1997). 
22 Following Cusolito (2009)’s argument on quality (specialization) vs. variety, this study uses technological variety 
as well as technological specialization to better understand firms’ technological positions. 
23 International patent classification (IPC) code has a hierarchical structure: section, class, subclass, and group. For 
instance, footwear for sporting purposes has an IPC code, A43B 5/00 where section A, class A43, and subclass 
A43B indicate human necessities, footwear, and characteristic features of footwear, respectively. 
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1.3.1.3. Region-level Independent Variables 

To capture regional characteristics, this study uses various state-level data: State Tech and 
Science Index (STSI)—Human Capital Investment (HCI), Research and Development Inputs 
(RDI), Risk Capital and Entrepreneurial Infrastructure (REI), Technology and Science 
Workforce (TSW), and Technology Concentration and Dynamism (TCD)—created by the 
Milken Institute; Numbers of defense labs (NDL), business incubators (NBI), patent practitioners 
(NPP), and DOD mentors (NDM) from Defense Laboratory Enterprise (DLE), Office of 
Enrollment and Discipline, U.S. Patent and Trademark Office (USPTO-OED), and Office of 
Small Business Programs , Department of Defense (DOD-OSBP), respectively; and state SBIR 
match (DSM)/outreach (DSO) program created by Lanahan and Feldman (2015). 

1.3.1.4. Industry-level Independent Variables 

As another 2-level independent variables, this study uses industry (or technology market)-
level (i.e., IPC’s subclass level) data. To incorporate technological evolution in a specific 
industry, this study employs the concept of the technology lifecycle. To the end, this study fits 
the accumulation of patent applications over time into logistic curves for each IPC code: 

	
1

 

where St = the number of accumulated patent applications at time t; γNt = ceiling or saturation 
level of patent applications (γ = fraction, Nt = total population); τ = inflection point; and β/2 = 
maximum growth rate. To reflect the concentration of a technology market in a specific industry, 
in addition, this study computes Herfindahl-Hirschman indices for each IPC code: 

 

where si = the patent share of firm i in the technology market. To capture the potential of a 
specific industry, further, this study uses data of gross output and value added. To link industry 
data indexed by the North American Industry Classification System (NAICS) code with 
technology market data indexed by the IPC code, this study employs the probability-based 
concordance table suggested by Lybbert and Zolas (2012). 

1.3.2. Methodology 

1.3.2.1. Design 

To address my research questions and draw out policy recommendations, I employ both 
qualitative (for RQ 1) and quantitative (for RQ 2) approaches as shown in Figure 2. For RQ 1 I 
rely on a literature review to identify primary contextual effects on the DOD SBIR program. 
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With a literature review, for RQ 2 I conduct empirical analyses using not only ordinary, Poisson, 
and Negative Binomial regressions, but also hierarchical linear models.  

Figure 2. Research Methodology 

 
 

I begin with extensive literature review and data collection because my topic concerns a 
variety of subtopics, such as geographical, sectoral, and social contexts as shown in Figure 3, and 
my data comes from multiple sources, such as the Federal Procurement Data System and Patent 
Database (e.g., Espacenet and PatBase). 

Figure 3. Contextual Effects on Entrepreneurial Outcomes 

 
 

I first seek to explore major participants and processes specific to DOD SBIR technology 
transition (e.g., defense technology acquisition market). In particular, I focus on three major 
participants—the DOD (and its research labs), prime contractors (PCs), and SBIR-awarded 
TBSBs—and their interactions (e.g., R&D collaboration and competition between PCs and 
TBSBs, and SBIR funding network between DOD and TBSBs). In this stage, I seek to examine 
the technological (dis-)similarity between three major players through the comparison of patent 
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portfolios between them (based on patent classification codes) and subsequently how SBIR 
awardees fill the technology gaps of DOD and PCs.  

Next, I take a close look at multiple-award winners from different DOD components (and 
further other federal agencies). Some of the TBSBs are awarded SBIR funding many times, even 
more than 100 times,24 from different sources. To incorporate not only the number and amount 
of awards but also the variety and influence of funding sources, I look into the social network of 
the SBIR awardees-funders and examine how closely connected they are (in terms of how many 
awards or how much money was involved) and how this connectedness impacts the technology 
transition of SBIR awardees. In Figure 4, for instance, I examine if the SB 5 that was awarded a 
substantial amount of money from the NSF and NASA as well as the Air Force is more likely to 
make a successful technology transition than the SB 4 that was awarded a relatively small 
amount of money only from the Army. 

Figure 4. Social Network of SBIR Awardees and Funders 

 
 

After taking this network effect into account, I attempt to explore the effect of regional 
characteristics on DOD SBIR technology transition. To this end, I incorporate multiple state-
level factors such as State Tech and Science Index, and the existence of defense labs and state-
level SBIR supporting programs (see Figure 5). 

                                                 
24 Extreme cases include Foster-Miller, Inc. and Physical Optics Corp., both of which were awarded more than 400 
times when considering Phase I and II. 
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Figure 5. Regional Characteristics Related to DOD SBIR Technology Transition 

 
NOTE: Three maps show SBIR awards, State Tech and Science Index, and defense labs and SBIR match programs, 
respectively. 

 
Drawing on the importance of the SBIR topic generation and selection process, I endeavor to 

examine the characteristics of the DOD SBIR topics (or patent applications as a result of R&D 
on those topics). To that end, I first identify the maturity of technical areas linked to SBIR topics 
using the concept of technology life cycle (TLC) or S-curve approach.25 Based on the S curves, 
the technical maturity is determined between two categories (see Figure 6): (1) Infancy to 
Growth and (2) Growth to Maturity. Moreover, I examine to what extent the technology market 
is concentrated, using the patent data-based Herfindahl-Hirschman Index (HHI) or the 
Concentration Ratio (CRn)26. 

                                                 
25 The growth rate of cumulative patent applications becomes larger before the inflection point. After the point, 
however, the growth rate declines. It makes the technology trajectory S-shaped. 
26 These indices indicate the patent share of a specific number of firms in an industry. 
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Figure 6. TLC Curves Using Patent Data 

 
NOTE: y-axis = cumulative number of patent applications; and x-axis = time 

 
Then, I attempt to compute the economic value of industrial areas that correspond with the 

aforementioned technical areas. To estimate the value, I use value-added and gross output as a 
way to take commercialization prospects into account. To link technical areas with industrial 
ones, the concordance-table approach27 is employed. 

1.3.2.2. Analysis 

I look into how the aforementioned factors influence the success of the SBIR awardees' 
technology transition. Since my research questions put more emphasis on macroeconomic factors 
(e.g., industry and region) than microeconomic factors (e.g., entrepreneurs) while paying 
attention to network-related factors such as technological distance and network centrality, I first 
seek to categorize and compare two groups of SBIR awardees by the context of region, industry, 
and network. Details about the comparison are summarized in Table 4.  

Table 4. Comparison of SBIR Awardees 

Context Dichotomy Criteria Reference

Region Firms in leading states vs. Firms in 
lagging states 

Upper 25 states vs. Lower 
25 states in STSI scores 

State Tech and Science 
Index by Miken Institute 
(2010) 

                                                 
27 The concordance table allows the linking of IPC code (patent data) with NAICS code (industry data). In 
particular, I seek to use the probability-based concordance table presented in Lybbert and Zolas (2012). 
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Industry Firms in high-tech industry vs. Firms in 
low-tech industry 

High-tech28 and biotech 
vs. others 

Trilateral Statistical Report 
(2007) and Eurostat 
Indicators on High-tech 
Industry and Knowledge-
intensive  Services 

Network Two groups of firms with similar SBIR 
funding network 

Structural equivalence Blockmodeling29 of social 
network analysis 

 
For the network effect, I start with ordinary least squares (OLS) regressions for four types of 

dependent variables30 (i.e., FPC, ROI, JOB, and PAT). I also run Poisson and Negative Binomial 
Regressions for a dependent variable PAT because the number of patent applications is a non-
negative count variable. 

To better handle nested data (e.g., firms within specific region or industry), I employ 
hierarchical linear models (HLMs). The reason why I apply HLMs to the SBIR issues is twofold: 
theoretical and practical. As an extended form of ordinary least squares (OLS) regression, HLMs 
can handle independent variables at multiple levels that have been “commonly assessed using 
fixed parameter simple linear regression technique” (Woltman et al., 2012, p.52). Using HLMs, 
this study better incorporates within- and between-region /industry characteristics and overcomes 
the violation of independence of error terms (Zouaghi, Hirsch and Garcia, 2016; Short et al., 
2009). As entrepreneurship research on the context of entrepreneurs and small businesses’ 
activities emerges, on the other hand, it is not sufficient to simply control for contextual variables 
in the analysis of entrepreneurial innovations (Zahra, Wright and Abdelgawad, 2014). As 
Aldrich and Martinez (2001) noted, it might grossly ignore the micro foundations of 
entrepreneurial activities. 

Drawing on the ground, I analyze how not only firm-level but also industry- and state-level 
predictors influence firm-level dependent variables. In two-level HLMs (e.g., firm—industry or 
firm—region), lower-level models are developed for each upper-level unit. The model can be 
simply expressed as follows (for the case of one predictor):  

Yij = β0j + β1jXij + rij 

E(rij) = 0; var(rij) = σ2 

                                                 
28 The Trilateral Statistical Report (2007) defines high technology fields as follows: Computer and automated 
business equipment; Micro-organism and genetic engineering; Aviation; Communications technology; Semi-
conductors; and Lasers. Eurostat Indicators on High-tech Industry and Knowledge-intensive Services (Annex 6) 
identifies high- and bio-tech IPC subclasses as follows: B41J, G06C, G06D, G06E, G11C, G06Q, G06G, G06J, 
G06F, G06M, B64B, B64C, B64D, B64F, B64G, C40B, C12P, C12Q, H01S, H01L, H04B, H04H, H04J, H04K, 
H04L, H04M, H04N, H04Q, H04R, H04S, A01H, A61K, C02F, C12N, C12P, C12Q, C12S, and G01N. 
29 Based on structural equivalence, blockmodeling divides nodes in the network into two blocks: core (dense block) 
and periphery (sparse block). 
30 See Table 3 for definitions of variables. 



 17 

where Yij is an indicator of success measured for ith firm nested within the jth 
industry/region, Xij is a lower-level independent variable, β0j is an intercept for the jth 
industry/region, β1j is a regression coefficient associated with Xij for the jth industry/region, and 
rij is a random error associated with the ith firm nested within the jth technology/industry.  

In the upper-level models, the lower-level regression coefficients are used as dependent 
variables and are associated with upper-level independent variables: 

β0j = γ00 + γ01Gj + U0j 

β1j = γ10 + γ11Gj + U1j 

E(U0j) = 0; E(U1j) = 0; E(β0j) = γ00; E(β1j) = γ10; 

Var(β0j) = var(U0j) = τ00; var(β1j) = var(U1j) = τ11 

cov(β0j, β1j) = cov(U0j, U1j) = τ01; cov(U0j, rij) = cov(U1j, rij) = 0 

where Gj is a upper-level independent variable, γ00 is an overall mean intercept adjusted for 
G, γ10 is an overall mean slope adjusted for G, γ01 is a regression coefficient associated with G 
relative to lower-level intercept, γ11 is a regression coefficient associated with G relative to 
lower-level slope, U0j is a random effects of the jth technology/industry adjusted for G on the 
intercept, and U1j is a random effects of the jth technology/industry adjusted for G on the slope. 

1.4. Structure of Dissertation Chapters 

Entrepreneurial innovation, in particular the transition of technologies generated through the 
DOD SBIR program, is created and maintained in the system that is influenced by various 
contexts. Those contexts include temporal, spatial, organizational, institutional/policy, social, 
and industry/technology ones (Autio et al., 2014). Of them, the remainder of this dissertation 
seeks to shed light on the social (network), spatial (region), and industrial (technology) contexts 
underlying the DOD SBIR technology transition. Chapter two performs the preliminary analysis 
of SBIR awards and federal procurement contracts data from the social, spatial, and industrial 
perspectives. Chapter three looks into the social aspects of the DOD SBIR technology transition 
from the perspective of social embeddedness by exploring the technological and network 
positions of SBIR awardees. Chapter four examines the effect of regional contexts on the DOD 
SBIR technology transition by employing hierarchical linear models (HLMs) with firm- and 
state-level characteristics. Chapter five explores the effect of technological contexts on the DOD 
SBIR technology transition by employing HLMs with firm- and industry-level characteristics. 
Chapter six concludes this dissertation with findings, policy implications, limitations, and future 
study. 

In addition, Appendix A provides background information on technology transition and the 
SBIR program by reviewing literature on the SBIR program itself and the program assessments. 
Appendix B describes the geographical and sectoral distributions of SBIR awards and federal 
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procurement contracts with a focus on three services. Appendix C lays out the groundwork for 
understanding network aspects in the SBIR technology transition by reviewing literature on 
social embeddedness and entrepreneurship network, and by presenting the correlation between 
variables and the process of empirical analysis. Appendix D sheds light on regional aspects in 
SBIR technology transition by describing regional differences in entrepreneurial innovation 
(which is an essential ingredient for technology transition) and by reviewing literature on state-
level innovation capacity and support, and anchor tenants and innovation brokers. Appendix E 
delineates industrial contexts surrounding DOD SBIR technology transition by looking into 
sectoral differences in entrepreneurial innovation, and by presenting some characteristics related 
to technology market. 
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Chapter 2. Preliminary Analysis of the SBIR Awards and 
Procurement Contracts Data 

[W]hile innovation in areas such as genomics, bioinformatics, and 
nanotechnology present new opportunities, converting these ideas into 
innovations for the market involves substantial challenges. The American 
capacity for innovation can be strengthened by addressing the challenges faced 
by entrepreneurs. Public-private partnerships are one means to help entrepreneurs 
bring new ideas to market. The Small Business Innovation Research (SBIR) 
program is one of the largest examples of U.S. public-private partnerships. – 
National Research Council (2009, p. xiii) 

 
This chapter describes the results of preliminary analyses of the SBIR awards and federal 

procurement contracts data from the network, regional, and industrial perspectives. 

2.1. Preliminary Analysis of the SBIR Awards Data 

2.1.1. Network Analysis of the SBIR Awards Data 

A bipartite or 2-mode network31 is also called an affiliation network because a group of 
lower-level entities is affiliated with upper-level entities or events. In the network of SBIR 
funding, thousands of small firms are affiliated with a list of federal agencies. However, the 
extent to which each firm is affiliated with those agencies varies. As shown in Table 5 below, 
some firms have more ties with federal agencies (i.e., more diverse funding sources) than others 
do. While 1st Detect Corp, for instance, has only a single tie, 21st Century Systems, Inc. and 21st 
Century Technologies, Inc. are affiliated with 11 and 6 agencies, respectively. In addition, the 
latter two firms have links with non-military agencies such as NASA and NIST. 

Table 5. Example of Different Size of SBIR Funding by Small Firms 

Agencies 
1st Detect 

Corp 
21st Century 
Systems, Inc. 

21st Century 
Technologies, 

Inc. 

Air Force 7,449,663 17,571,535 

Army 4,566,446 4,745,835 

                                                 
31 Unlike an ordinary 1-mode network where nodes (e.g., individuals or organizations) are connected with each 
other, a bipartite or 2-mode network consists of connections only between entities in one group and those in another 
group, but none between entities within the group. In the SBIR funding network, for instance, there are connections 
only between funders (i.e., federal agencies) and awardees (i.e., small businesses) but none between funders or 
between awardees. This is because SBIR funding flows only from funders to awardees, not from one funder to 
another funder or from one awardee to another awardee. 
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Defense Advanced Research Projects Agency (DARPA) 395,995 2,242,043 

Defense Threat Reduction Agency (DTRA) 99,997 

Department of Energy (DOE) 100,000 

Department of Homeland Security (DHS) 849,995 849,940 

Missile Defense Agency (MDA) 169,646 

National Aeronautics and Space Administration (NASA) 139,899 

National Institute of Standards and Technology (NIST) 74,998 

Navy 6,212,832 3,755,636 

Office for Chemical and Biological Defense (CBD) 735,789 

Office of the Secretary of Defense (OSD) 850,000 

Special Operations Command (SOC) 199,998 

NOTE: Numeric values in the cells are the amount of SBIR awards ($) that each small firm has received from federal 
agencies during 2001 to 2010 period. 

 
Those multiple ties of SBIR awardees raise some interesting questions: (1) how do multiple 

awards influence the success of technology transition?; and (2) is there a specific tendency for 
small firms to seek and receive the SBIR funding? The first question is addressed in subsection 
3.3, particularly in the empirical analysis with explanatory variables such as SBIR awards and 
eigenvector centrality in the SBIR funding network. While the second question is also addressed 
in part by the eigenvector centrality that considers the influential funders, I tackle the problem 
with Figure 7 below. 

In the 2-mode network, upper-level entities or events can be connected via lower-level 
entities. Through 21st Century Systems, Inc., for instance, connections among Air Force, Army, 
Navy, NIST, and other agencies can be made. 21st Century Technologies, Inc., on the other 
hand, can make connections among the Air Force, Army, Navy, DARPA, DHS, and NASA, but 
cannot create links among the MDA, DOE, NIST, and SOC. Based on those connections 
between federal agencies, Figure 7 below shows how federal agencies are connected with each 
other through the SBIR funding. Specifically, the figure below indicates how the DOD (in 
particular, three-service) SBIR awardees receive the SBIR funding from other agencies. In other 
words, it describes the other SBIR funding sources of three-service SBIR awardees. According 
to the figure below, each service SBIR awardee tends to receive the SBIR funding from itself 
first, followed by other two services, NASA, MDA, DOE, DARPA, DHHS, and NSF. In the case 
of Air Force SBIR awardees, they tend to obtain the funding primarily from itself, other DOD 
components such as the Navy, Army, and MDA, and other federal agencies such as NASA, 
DOE, and NSF.  



 21 

Figure 7. Other SBIR Funding Sources of Major DOD SBIR Awardees 

 
NOTE: blue bar = Air Force SBIR awardees; red bar = Army SBIR awardees; and green bar = Navy SBIR awardees. 

 
These results have some policy implications. For instance, the DOD SBIR program office 

may need to develop intra- and inter-agency collaborations in implementing the program. 
Moreover, because three-service SBIR awards are much greater than other agencies’ and have a 
substantial portion of SBIR awardees in common, they may need to cooperate in managing their 
SBIR awardees. When generating the SBIR topics and selecting awardees, for instance, the SBIR 
program officers may need to share relevant information with other services’ or components’ 
officers. All three services generating similar topics and selecting the same awardees may be 
helpful for the selected small firms’ technological specialization, but it could be lavish funding to 
those selected while precluding other firms from participating in the SBIR program. 
Furthermore, when providing technical, managerial, and financial assistance to the awardees for 
facilitating their technology commercialization, it could save public money to share the 
information about the awardees that have multiple SBIR funding sources. 

In addition to multiple ties, some firms or states in which the SBIR awardees are located 
have strong bonds to specific agencies. Some examples are roughly shown in Figures 8 and 9 
below, which were created by singular value decomposition (SVD) analysis. Similar to factor 
analysis or components scaling technique, the SVD analysis identifies “the factors underlying 
two-mode (valued) data” and visualizes the locations of lower-level and upper-level entities or 
events “in a scatterplot defined by scale scores on the various dimensions” (Hanneman and 
Riddle, 2005, Ch. 17). As a result of SVD analysis, figures below show how SBIR funding 
agencies and awardees are clustered over various dimensions. According to figures below, most 
firms and states are concentrated in the central area and far from major agencies (e.g., three 
services) while some firms and states are much closer to major agencies. At the business level, 
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for instance, Radiation Monitoring Devices, Inc. is located near DHHS while PHYSICAL 
OPTICS CORP. is adjacent to Army (see Figure 8). At the state level, Virginia is close to Navy 
while Massachusetts, California, Ohio, and Colorado are located between Air Force and Army 
(see Figure 9).  

Figure 8. SVD Scatter Plot of the SBIR Agencies and Awardees 

 
NOTE: Both x-axis and y-axis are determined by factors resulting from SVD analysis, but they are not specified. 
Instead, this plot shows which entities are clustered and have a strong bond. 

 



 23 

Figure 9. SVD Scatter Plot of the SBIR Agencies and States 

 
NOTE: Both the x-axis and the y-axis are determined by factors resulting from SVD analysis, but they are not 
specified. Instead, this plot shows how federal agencies and states where SBIR awardees are located are clustered 
and have strong bonds. 

 
Among the DOD SBIR awardees, in fact, Radiation Monitoring Devices, Inc. has received 

the largest SBIR funding from the DHHS ($78.9M), followed by Lynntech, Inc. ($41.3M), 
although it is funded from other major agencies ($6.6M from Air Force, $6.3M from Army, and 
$7.2M from Navy) to some extent. PHYSICAL OPTICS CORP., on the other hand, has obtained 
the largest SBIR funding from the Army ($102.9M), followed by Charles River Analytics, Inc. 
($41.0M). For the details on the SBIR funding connections between federal agencies and states, 
Table 6 below presents each state’s SBIR funding and concentration index across federal 
agencies. While concentrated on the SBIR funding from the Air Force, MDA, DARPA and 
NASA, for instance, California has received the largest SBIR funding from the Air Force. 
Colorado, Massachusetts, and Ohio also have obtained the largest SBIR funding from the Air 
Force, but while the first two states are more concentrated on non-defense agencies such as DOE 
and DHHS, the last one is more concentrated on the Air Force. Virginia, on the other hand, is 
highly concentrated on the Navy and has obtained the largest SBIR funding from it.  
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Assuming that the SBIR funding significantly influences technology transition, 
entrepreneurial innovation and in turn, regional economic development, a strong bond among 
federal agencies, states, and small firms may inform federal-, state-, and local-level policymakers 
about how to consider the geographic distribution of SBIR awards, how to promote regional 
economic growth via the SBIR program, and how to develop and retain technology-based SBIR 
firms in the community, respectively. 

Table 6. SBIR Funding Portfolios of Major States ($million) 

State 

DOD Non-DOD 

Air Force Navy Army MDA DARPA NASA DOE DHHS

CA 

1,231 

(1.14) 

741 

(0.87) 

686 

(0.98) 

418

(1.13) 

235

(1.16) 

425

(1.08) 

268 

(0.92) 

207 

(0.75) 

CO 

296 

(1.12) 

128 

(0.62) 

126 

(0.74) 

87 

(0.96) 

39 

(0.79) 

114

(1.20) 

141 

(1.98) 

55 

(0.82) 

MA 

722 

(0.91) 

510 

(0.81) 

474 

(0.93) 

231 

(0.85) 

160 

(1.08) 

290

(1.01) 

335 

(1.56) 

306

(1.51) 

OH 

435 

(1.87) 

136 

(0.74) 

103 

(0.69) 

42 

(0.53) 

25 

(0.58) 

48 

(0.57) 

53 

(0.85) 

64

(1.08) 

VA 

316 

(0.85) 

576 

(1.96) 

187 

(0.78) 

94 

(0.74) 

75

(1.09) 

128 

(0.95) 

45 

(0.45) 

42 

(0.44) 

NOTE: Values in the parenthesis indicate states’ SBIR funding concentration indices that were calculated following 
the concept of location quotient. Generally, if the concentration index is greater than 1, it means high concentration. 

 

2.1.2. Geographic Analysis of the SBIR Awards Data 

Regional differences in entrepreneurial innovation reflect the geographic concentration of 
various resources for businesses. As an important vehicle for entrepreneurial innovation, the 
SBIR funding is supposed to be geographically equally distributed,32 at least from the 
perspective of congress men and women who want small businesses in their districts to receive 
more funding and to contribute to regional economic growth.  

In this vein, geographic concentration has attracted scholars’ and policymakers’ attention. 
The geographic concentration of poverty, human capital, and industry has been an object of 
inquiry by sociologists, urban planners, and economists, respectively (e.g., Massey, Gross and 
Shibuya (1994), Rauch (1993), and Ellison and Glaeser (1999)). Of them, geographic 
concentration of (entrepreneurial) firms or industries, known as cluster or agglomeration, has 

                                                 
32 There may be argument about what is equal distribution. Simply considering the number or amount of SBIR 
awards might be too naïve. While per capita or per business SBIR awards may be better than the previous measures, 
there is no cure-for-all measure. 
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been thought to be advantageous for cost reduction (Ellison and Glaeser, 1999), productivity 
gains (Rauch, 1993), increasing returns (Hanson, 2005), and knowledge spillovers (Audretsch 
and Feldman, 1996). In particular, knowledge spillovers were believed to be a driving force in 
the geographic concentration of innovative activity (Feldman and Florida, 1994; Audretsch, 
1998). As a result, innovative clusters (including incubators and science/technology parks) 
became a major policy strategy for regional economic development (Schukla, 2012).  

As the SBIR program emerges as one of primary technology/industrial policy programs in 
the U.S., scholars and policymakers have assessed the program. One of the political aspects of 
the assessment considered whether the SBIR awards have been distributed according to program 
goals, and in turn, whether the program has contributed to not only national competitiveness but 
also regional economic development. This aspect has particularly attracted politicians’ attention 
because they wanted the program to help their districts thrive economically. As a result, 
questions about whether the SBIR funds are distributed in an equal or inclusive manner across 
regions have been raised and the program managers have been under pressure from politicians 
who regarded the SBIR awards as one of their pork-barrel programs (Lerner, 2000).  

Tables 7 and 8 below indicate a geographic concentration of SBIR awards and awardees. The 
first table concerns the SBIR of all agencies while the second pertains to the DOD SBIR. 
Although there are some differences, they suggest that some specific states such as California, 
Massachusetts, Maryland, and Virginia are leading while others such as Alaska, Wyoming, West 
Virginia, and South Dakota are lagging in both the amount of awards and the number of 
awardees overall and of the DOD SBIR programs. In the second table, I added the state’s 
proportion of awards and awardees in the DOD SBIR program. California accounts for more 
than 20% in both the SBIR awards and awardees, followed by Virginia (13.07%) and 
Massachusetts (7.51%), respectively. In addition, I calculated per capita DOD SBIR awards to 
reflect the size of states. This information shows a somewhat different picture where New 
Hampshire enters the top 5 while California33 is not in top 5 anymore. The bottom 5 states, on 
the other hand, changed dramatically on a per capita basis. Some states, such as Louisiana, Iowa, 
Kansas, and Kentucky, which did not belong to the bottom 5 in terms of the SBIR awards and 
awardees, are now in bottom 5 states. 

Table 7. Geographic Concentration of SBIR Awards and Awardees 

Category van der Vlist et al. (2004)

SBIR Awards, 1983-1993 

Wallsten (2000)

SBIR Firms, 1993-1996 

Mann et al. (2015)

SBIR Firms, 2000-2014 

State # Awards State # Firms State # Firms

Top 5 California 6,774 California 923 California 2,607 

                                                 
33 California still ranks high (8th), but its per capita SBIR award is $41.05 that is less than one third of 
Massachusetts’s. 
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Massachusetts 

Maryland 

Virginia 

Colorado 

4,571 

1,652 

1,611 

1,354 

Massachusetts 

New York 

Maryland 

Virginia 

440 

225 

211 

195 

Massachusetts 

Virginia  

New York 

Maryland 

1,059 

653 

611 

609 

Bottom 5 Alaska 

South Carolina 

West Virginia 

South Dakota 

Wyoming 

32 

21 

19 

7 

5 

Wyoming 

West Virginia 

Mississippi 

Arkansas 

Alaska 

2 

2 

2 

2 

2 

Nebraska 

West Virginia 

South Dakota 

Alaska 

North Dakota 

34 

33 

29 

23 

22 

SOURCE: Wallsten (2001, p. 580), van der Vlist et al. (2004, p. 84), and Mann et al. (2015, p. 21) 
 

Table 8. Geographic Concentration of DOD SBIR Awards and Awardees, 2001-2010 

Category DOD SBIR Firms DOD SBIR Awards Per Capita DOD SBIR 
Awards 

State # Firms State Awards 
($million) 

State Per 
Capita 
Awards 

($) 

Top 5 California 

 

Massachusetts 

 

Virginia 

 

Maryland 

 

Ohio 

584 

(20.21%) 

217 

(7.51%) 

202 

(6.99%) 

145 

(5.02%) 

135 

(4.67%) 

California 

 

Virginia 

 

Maryland 

 

Massachusetts 

 

Alabama 

1,529.31 

(21.15%)  

 944.97 

(13.07%)  

 575.30 

(7.96%)  

 363.32 

(5.02%)  

 343.99 

(4.76%) 

Massachusetts 

 

New Hampshire 

 

Colorado 

 

Virginia 

 

Maryland 

144.32 

 

94.11 

 

72.24 

 

71.90 

 

54.23 

Bottom 5 Wyoming 

 

North Dakota 

 

Nebraska 

 

South Dakota 

 

Alaska 

5 

(0.17%) 

4 

(0.14%) 

4 

(0.14%) 

4 

(0.14%) 

3 

(0.10%) 

Wyoming 

 

West Virginia 

 

Mississippi 

 

Arkansas 

 

Alaska 

6.18 

(0.09%)  

 5.28 

(0.07%)  

 4.01 

(0.06%)  

 3.55 

(0.05%)  

 2.50 

(0.03%) 

Louisiana 

 

Iowa 

 

Kansas 

 

South Carolina 

 

Kentucky 

 

3.39 

 

3.34 

 

3.06 

 

2.85 

 

1.22 

NOTE: Proportion is presented in the parenthesis. 
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I also mapped the geographical distribution of DOD SBIR awardees who won the award 
during the 2001 to 2010 period, and I tested whether they are clustered using their ZIP codes. 
Spatial autocorrelation results show that z-score is 4.78 and p-value is less than 0.01, meaning 
there is a less than 1% likelihood that this clustered pattern could be the result of random chance. 
In other words, DOD SBIR awardees are significantly clustered in terms of location. Figure 10 
below indicates that many SBIR awardees are located on the east and west coasts. In particular, 
they are clustered in the regions ranging from Virginia and Maryland to New York and 
Massachusetts and from California to Washington. Some Midwest states, Florida, Texas, and 
Colorado also have clusters to a degree. 

Figure 10. Geographical Distribution of DOD SBIR Awardees 

 
NOTE: Blue circles stand for SBIR awardees, and the bubble size indicates the number of SBIR awards. Light green 
circles are defense laboratories. Each state is contrasted with Milken Institute’s State Tech and Science Index. 

 
As an agglomeration of DOD SBIR awardees, on the other hand, states are concentrated in 

three services in terms of the amount of SBIR awards. Figure 11 below shows the extent to 
which each state relies on the SBIR awards from three services. While most states are confined 
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to the box drawn by $200M of Air Force and $150M of Navy SBIR awards, California has 
received an enormous amount of SBIR awards from all three services, followed by a pair in 
Massachusetts and Virginia, and a group in each of Ohio, Colorado, Texas, Maryland, and 
Pennsylvania. 

Figure 11. SBIR Awards of Three Services by State, 2001-2010 

 
NOTE: y-axis = SBIR awards from Air Force ($); x-axis = SBIR awards from Navy ($); and bubble size = SBIR 
awards from Army ($). 

 
Aside from the question of whether the geographic clustering of SBIR awards is desirable or 

not, there is little literature on the link between geographic concentration and SBIR awards. 
Wallsten (2001), van der Vlist, Gerking and Folmer (2004), and Mann, Loveridge and Miller 
(2015), for instance, presented the concentration of SBIR awards/awardees by state. In particular, 
Wallsten (2001) examined the spillover of knowledge about the SBIR program. To do that, 
Wallsten tested whether the observed firm’s participation in the SBIR program is influenced by 
geographic proximity with neighboring SBIR awardees. van der Vlist, Gerking and Folmer 
(2004) explored what state-level characteristics influence the state’s SBIR awards in term of both 
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number and amount. According to their results, the number and amount of SBIR awards were 
associated with three determinants: employment of workers in six R&D-intensive manufacturing 
sectors; the number of scientists and engineers; and the number of universities in a state. 

2.1.3. Sectoral Analysis of the SBIR Awards Data 

Similar to the fact that SBIR awards and awardees are geographically concentrated, they are 
also sectorally clustered. Table 9 below shows the top 5 and bottom 5 IPC subclasses (i.e., 
technological areas presented by patent classification codes) in terms of DOD SBIR awards and 
awardees. DOD SBIR awards and awardees tend to be concentrated in some high-tech areas34 
such as G06F (digital data processing), H01L (semiconductor devices) and G01N (materials 
analysis), and low/mid-tech areas such as G02B (optical apparatus), G01S (radar and sonar) and 
B32B (layered products). 

Table 9. Sectoral Concentration of SBIR Awards and Awardees 

Category DOD SBIR Firms, 2001-2010 DOD SBIR Awards, 2001-2010

IPC # Firms Proportion 
(%) 

IPC Awards 
($million) 

Proportion 
(%) 

Top 5 G06F 

H01L 

G01N 

G02B 

G01S 

123 

90 

85 

71 

35 

8.32 

6.09 

5.75 

4.80 

2.37 

G06F 

G02B 

G01N 

H01L 

B32B 

484.86 

360.42 

306.07 

273.63 

220.64 

9.849 

7.321 

6.217 

5.558 

4.482 

Bottom 5 G21D 

G21H 

G21K 

H01C 

H03L 

1 

1 

1 

1 

1 

0.07 

0.07 

0.07 

0.07 

0.07 

B61B 

C10B 

C13D 

B05B 

E01F 

0.46 

0.36 

0.35 

0.16 

0.14 

0.009 

0.007 

0.007 

0.003 

0.003 

NOTE: Details on the top 5 technical areas are presented as follows: 
B32B = Layered products, i.e. products built-up of strata of flat or non-flat, e.g. cellular or honeycomb, form 
G01N = Investigating or analyzing materials by determining their chemical or physical properties 
G01S = Radio direction-finding; radio navigation; determining distance or velocity by use of radio waves; 
locating or presence-detecting by use of the reflection or re-radiation of radio waves; analogous arrangements 
using other waves 
G02B = Optical elements, systems, or apparatus 
G06F = Electric digital data processing 
H01L = Semiconductor devices; electric solid state devices not otherwise provided for 

 

                                                 
34 There is no absolutely right criterion for the division of high-tech and low/mid-tech areas, but I follow the 
definition of Trilateral Statistical Report (2007). 
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Since most DOD SBIR funding comes from three services, I analyze the technological 
distribution of their SBIR awards in more detail. Figure 12 below shows the SBIR awards of 
three services by IPC. While most IPCs are confined to the box drawn by $50M of the Air Force 
and $40M of the Navy SBIR awards, some technical areas such as G06F (digital data processing) 
and G02B (optical apparatus) have successfully obtained the SBIR awards from all three 
services, followed by a pair of B32B (layered products) and G01N (materials analysis), a group 
of H01Q (aerials), H01L (semiconductor devices), G01S (radar and sonar), H04B (transmission), 
and others such as A61B (diagnosis and surgery), G06Q (data processing system), H01M 
(batteries), and G06K (data recognition).  

Figure 12. SBIR Awards of Three Services by IPC 

 
NOTE: y-axis = SBIR awards from Air Force ($); x-axis = SBIR awards from Navy ($); and bubble size = SBIR 
awards from Army ($). 

A61B = Diagnosis; surgery; identification 
G06K = Recognition of data; presentation of data; record carriers; handling record carriers 
G06Q = Data processing systems or methods, specially adapted for administrative, commercial, financial, 
managerial, supervisory or forecasting purposes; systems or methods specially adapted for administrative, 
commercial, financial, managerial, supervisory or forecasting purposes, not otherwise provided for 
H01M = Processes or means, e.g. batteries, for the direct conversion of chemical energy into electrical energy 
H01Q = Aerials 
H04B = Transmission 
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Further, Figure 13 below shows the technological areas of the SBIR awards that have been 

made by three services during 2001-2010 period. As expected, major IPCs such as G06F, G02B, 
B32B, G01N, G01S, H01Q, and H01L are technological areas that have been the most invested 
by all three services via the DOD SBIR programs, although the order of investment is somewhat 
different by service. Aside from the seven common IPCs, each service has three specific IPCs on 
its top 10 list of SBIR investment. The Air Force has A61B, H01S and G06Q whereas the Navy 
has H04B, G06K and H01S, and the Army has A61B, H01M, and G06Q on its top 10 list. 

Figure 13. Technology Space of SBIR Awards by Three Services 

Air Force 
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Navy 

Army 

NOTE: The size and thickness of the green boxes in each panel are determined by the amount of SBIR awards. 
Thus, bigger and thicker boxes labeled by patent classes mean that the technical areas have been awarded more 
SBIR funding. 
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2.2. Preliminary Analysis of the Federal Procurement Contracts Data 

2.2.1. Geographic Analysis of the Federal Procurement Contracts Data 

Before running empirical models, this subsection provides some regional analysis with a 
focus on the DOD SBIR awardees’ federal procurement contracts made by three services of the 
DOD. While subsection 2.1.2 show the geographic concentration of SBIR awards, this 
subsection indicates the concentration of federal procurement contracts, in particular made by 
three services: the Air Force, Navy, and Army. 

Figure 14 below shows DOD SBIR awardees’ federal procurement contracts made by three 
services across states. While most states are confined to the box drawn by $1 billion of Air Force 
and $1 billion of Navy procurement contracts, California has won much more procurement 
contracts than others—more than $6 billion from the Air Force and more than $5.5 billion from 
the Navy. The following group includes Massachusetts, Virginia, Ohio, and Maryland. Like 
California, Massachusetts has obtained procurement contracts from both the Air Force (more 
than $2 billion) and the Navy (more than $2.5 billion) in a balanced manner. However, while 
Ohio has won procurement contracts primarily from the Air Force (more than $3 billion), 
Virginia and Maryland have mainly relied on the Navy’s procurement contracts (more than $7.5 
billion and $3 billion, respectively). Florida follows Ohio’s trajectory whereas Georgia and 
Pennsylvania follow Virginia and Maryland’s. Some states (e.g., Alabama and Florida) in the 
box, on the other hand, have won considerable procurement contracts from the Army. 
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Figure 14. Scatter Plot of Federal Procurement Contracts of Three Services by State 

 
NOTE: y-axis = procurement contracts of Air Force ($); x-axis = procurement contracts of Navy ($); and bubble size = 
procurement contracts of Army ($). 

 

2.2.2. Sectoral Analysis of the Federal Procurement Contracts Data 

Before running empirical models, this subsection provides regional and industrial analysis 
with a focus on the DOD SBIR awardees’ federal procurement contracts made by three services 
of DOD. While subsection 2.1.3 show the sectoral concentration of SBIR awards, this subsection 
indicates the concentration of federal procurement contracts, in particular made by three 
services—the Air Force, the Navy, and the Army. 

Figure 15 below shows DOD SBIR awardees’ federal procurement contracts made by three 
services across industries (indexed by IPC codes). While most industries are confined to the box 
drawn by the $500 million of the Air Force and the $1 billion of the Navy procurement contracts, 
the electric communication industry—H04B (transmission)—has won much more procurement 
contracts than others—more than $800 million from the Air Force and the $4 billion from Navy. 
The following group includes G01S (radar and sonar), G01N (materials analysis), G06F (digital 
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data processing), B32B (layered products), and H01Q (aerials). Each industry in this group has 
won procurement contracts of approximately $900 million from the Air Force and $1 billion 
from the Navy. Some industries—e.g. B64C (airplanes and helicopters) and F41G (weapon 
sights)—in the box, on the other hand, have won substantial procurement contracts from the 
Army. 

Figure 15. Federal Procurement Contracts of Three Services by IPC 

 
NOTE: y-axis = growth output ($Billion); and x-axis = value added ($Billion). Details on some specific IPC codes are 
presented as follows: 

B32B = Layered products, i.e. products built-up of strata of flat or non-flat, e.g. cellular or honeycomb, form 
B64C = Airplanes; helicopters 
F41G = Weapon sights; aiming 
G01N = Investigating or analyzing materials by determining their chemical or physical properties 
G01S = Radio direction-finding; radio navigation; determining distance or velocity by use of radio waves; 
locating or presence-detecting by use of the reflection or re-radiation of radio waves; analogous arrangements 
using other waves 
G06F = Electric digital data processing 
H01Q = Aerials 
H04B = Transmission 
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Chapter 3. Network Context of SBIR Technology Transition 

Although social relationships influence many aspects of economic life and may 
have relevance to many domains of public policy, they likely play a particularly 
important role in the development of policy related to innovation and 
entrepreneurship for at least two reasons. First and foremost, … these processes 
frequently require the combination of expertise or information distributed across 
individuals and organizations. … Second, these processes involve a great deal of 
uncertainty. – Sorenson (2017, pp. 2-3) 

 
This chapter explores the network context of the SBIR technology transition. To the end, the 

reason why networks35 are important to technology-based small businesses needs to be found. 
Given that small businesses have limited assets—both technology (or knowledge) and capital—
they tend to rely on external resources obtained via their networks. As a channel for knowledge 
absorption (e.g., through R&D collaboration) and government funding (e.g., the SBIR R&D 
support), the network can play a significant role in the success of a DOD SBIR technology 
transition. In this vein, this chapter seeks to understand the social context (with a focus on the 
network) of SBIR technology transition by exploring how social embeddedness36 influences 
economic outcomes. Specifically, drawing on two types of embeddedness—relational 
embeddedness37 and structural embeddedness38—I examine SBIR awardees’ technological 
position relative to the DOD (and its research labs) and large businesses (mainly prime 
contractors) in terms of relational embeddedness; and the SBIR funding network between 
funders—SBIR-participating government agencies (with concentration on DOD components)—
and awardees—SBIR-participating small businesses in terms of structural embeddedness.   

                                                 
35 Although networks have many different meanings and applications, they are defined as various relationships in 
the social context in this dissertation. Specifically, networks of DOD SBIR awardees include relationships with the 
DOD and prime contractors. 
36 As Zukin and DiMaggio (1990) noted, embeddedness contains several dimensions including structural, cognitive, 
cultural, and political, most of which are closely related to social context. 
37 Relational embeddedness examines where SBIR awardees interact (e.g., collaborate or exchange resources) and 
build relationship with other two participants—DOD and prime contractors (PCs)—in technology transition through 
their technological position (e.g., what different technologies they have from the DOD and PCs). For instance, small 
businesses with unique technical skill sets (i.e., higher or stronger technological position) may be able to establish 
better relationship with the DOD and prime contractors (by cooperating in R&D) than those with ordinary skill sets. 
38 Structural embeddedness, on the other hand, is based on the assumption that SBIR awardees are structurally 
influenced by the SBIR funding network through their network position (e.g., how many different sources they have 
received the SBIR funding from). For instance, small businesses with multiple SBIR funding sources (i.e., more 
central network position) may be more likely to succeed in technology transition than those with just a single 
funding source. 
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3.1. Technological Position of SBIR Awardees (Relational 
Embeddedness) 

This section seeks to describe why technological position (i.e., how small businesses position 
themselves in various technical areas) is important to the success of the DOD SBIR technology 
transition and how it can be understood from the perspective of technological distance, 
specialization, and variety. 

3.1.1. Technological Position 

Within the concept of relational embeddedness, technological positions and strategic 
alliances (e.g., R&D cooperation) of firms have attracted attention in understanding the 
performance of firms. This is because firms’ competitive advantages extensively rely on 
relational capability where they can build and sustain networks with the right partners (Lechner 
and Dowling 2003). Thus, firms can become competitive in the market, based on resources 
obtained externally through their networks, and at the same time based on their internal learning 
ability, called absorptive capacity (Cohen and Levinthal, 1990). To small firms that have scarce 
resources, networking through their technological positions and collaborations is of particular 
importance. 

In this vein, many studies look into the relationship between technological positions 
(particularly technological distance), absorptive capacity, and strategic alliances. For instance, 
Stuart (1998; 2000) categorized technological positions into two—technological crowding and 
prestige39—and examined how these two dimensions influence the formation of technology 
development and/or exchange alliance. In this vein, Nooteboom et al. (2007) introduced the 
concept of cognitive distance40 (i.e., resource heterogeneity) to the formation of a strategic 
alliance and explored how cognitive distance is related to innovation performance. As a result, 
Nooteboom et al. (2007) found an inverted U-shaped relationship between cognitive distance and 
innovation performance, meaning that at the beginning stage of the alliance the bigger cognitive 
distance gives birth to the higher absorptive capacity (e.g., if collaborators have more 
heterogeneous knowledge/technologies bases, the innovation outcomes improve), while at the 
later stage the bigger cognitive distance leads to the lower absorptive capacity (e.g., if 
collaborators have more homogeneous knowledge/technology bases, the innovation outcomes 
become better). Further, more recently, Stolwijk et al. (2015) combined cognitive distance theory 

                                                 
39 Kim and Mauborgne (2005) used different terms: red ocean and blue ocean. 
40 According to Nooteboom et al. (2007, p. 1017), cognition refers to the mental activity to “understand and evaluate 
the world differently” which stems from “different life paths and different environment” at the individual level. 
Because an organization is composed of individuals with different motives, competencies and knowledge, the 
organization needs an organizational focus, which creates cognitive distance between firms. Although cognitive 
distance may encompass various types of heterogeneity between firms, Nooteboom et al. (2007), in the vein of 
innovation, focus on the technological heterogeneity that has the same meaning as the term “technological distance” 
used in other literature, such as Branstetter (2001). 
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with technology life cycle (TLC), and examined how cooperation (with similar or dissimilar 
partners) influences firms’ innovative and market performance over the technology life cycle. 
Stolwijk et al. (2015) found that different strategies work better in different stages: working with 
technologically similar partners helps early on in the TLC, while working with technologically 
dissimilar partners assists in firms’ performance later on in the TLC.  

In the transition of technologies created by DOD SBIR participating SBs, the network effect 
mainly comes from the relationship between SBs and prime contractors (PCs) (in terms of 
market network), or between SBs and DOD (in terms of institutional network). As shown in 
Figure 16, for instance, SBs identify R&D opportunities (based on warfighters’ needs) through 
the institutional networks with the DOD, and they search for collaboration opportunities (based 
on industry needs) through the market network. Of the various relationships, I focus on the 
technological one in explaining the success of technology transition. Specifically, I look into the 
technological positions of SBs in relation to PCs and DOD, taking cognitive distance (or 
technological distance) into account. 

Figure 16. Technological Position of Small Firms in the Military Technology Market 

 
NOTE: Small firms in the military technology market interact with the DOD (its components and research labs) 
through institutional networks while cooperating and competing with prime contractors (e.g., Lockheed Martin, 
Raytheon, and Northrop Grumman) through market networks. 

 

3.1.2. Technology Space and Distance 

R&D performing entities such as firms and laboratories undertake R&D efforts, create 
knowledge, and gain expertise across various technical fields, which are called “technology 
space” (Branstetter, 2001). To delineate the technology space, most studies have used patent 
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data. Thus, the technology space is frequently described by the patent portfolio where patent 
applications are distributed across patent classification. 

There are many reasons why many investigators use patent data41 to better understand the 
technology space. It is because R&D operators have many incentives and purposes for filing 
patents (Nikzad, 2014). First, patents provide technology protection. The government grants 
exclusive intellectual property rights to inventors, which prevents competitors from 
commercially using their inventions. Second, patents contribute to financing, particularly of 
small firms. Firms can commercialize their patents by selling or licensing them, and they can 
increase their value in the event of a M&A. Lastly, patents have a signaling function. Firms, 
especially small ones, can attract investment in costly and risky R&D by boasting their 
technological merits and growth prospects to potential funders through patents. Based on 
accumulated patents, they can also improve their reputation as a technology leader. 

Specifically, patent classification gives a picture of how patents are distributed across 
technologies and reflects the important fact that patents are clustered into the hierarchy of patent 
classification codes—e.g., section – class – subclass – group – subgroup according to the 
international patent classification (IPC) code. For instance, footwear for sporting purposes has an 
IPC code, A43B 5/00 where section A, class A43, and subclass A43B indicate human 
necessities, footwear, and characteristic features of footwear, respectively. Such a function of 
patent classification enables not only to sort out patents but also to explore the patent landscape 
and analyze innovation patterns by technology/industry. 

Figure 17 below shows the technological spaces of DOD, prime contractors (PCs), and small 
businesses (SBs). Each panel indicates patent portfolios of the DOD, PCs, and SBs. The size and 
thickness of green boxes in each panel are determined by the concentration of patent 
applications. For instance, bigger and thicker boxes (e.g., G01S in the DOD panel) mean that the 
technical areas have relatively more patent applications than others (e.g., G01M in DOD panel), 
implying the DOD makes more R&D investment in radar and sonar technology (G01S) than 
structures testing (G01M). While the DOD’s R&D tends to focus on G01S (radar and sonar) and 
F42B (explosives), PCs and SBs tend to place their emphasis on G06F (digital data processing) 
and B41J (printing apparatus), and H01L (semiconductors) and G01N (materials analysis), 
respectively.  

                                                 
41 While many components of patent documentation are useful, patent classification has various applications. As a 
complete set—every patent is given a specific class (usually more than one class)—patent classification defines the 
specific technical areas of inventions. 
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Figure 17. Technology Spaces of DOD, Prime Contractors, and Small Firms by Patent Class 

DOD42 

 
Prime 
Contractors (PCs)43 

 

                                                 
42 This is based on 23,758 patent applications of the DOD’s major components and research labs (as of December 
2015). 
43 This is based on 54,058 patent applications of top 20 prime contractors (as of December 2015). They include 
Lockheed Martin Corp., Northrop Grumman Corp., Boeing Co,. Raytheon Co., SAIC, etc. (Source: 
http://washingtontechnology.com/toplists/top-100-lists/2012.aspx?Sort=Top-100-Defense-Revenue)  

http://washingtontechnology.com/toplists/top-100-lists/2012.aspx?Sort=Top-100-Defense-Revenue
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Small 
Businesses (SBs)44 

 
NOTE: Each panel delineates the distribution of patents at subclass (4-digit class) level. The top five technical areas 
of interest to each entity are DOD = [G01S, F42B, H01L, G01N, G02B], PCs = [G06F, B41J, H01L, B64C, G02B], 
and SBs = [H01L, G06F, G01N, G02B, B01J], respectively. Details on those technical areas are presented as follows: 

B01J – Chemical or physical processes, e.g. catalysis, colloid chemistry; their relevant apparatus 
B41J – Typewriters; selective printing mechanisms, i.e. mechanisms printing otherwise than from a form; 
correction of typographical errors 
B64C – Airplanes; helicopters 
F42B – Explosive charges, e.g. for blasting; fireworks; ammunition 
G01N – Investigating or analyzing materials by determining their chemical or physical properties 
G01S – Radio direction-finding; radio navigation; determining distance or velocity by use of radio waves; 
locating or presence-detecting by use of the reflection or re-radiation of radio waves; analogous arrangements 
using other waves 
G02B – Optical elements, systems, or apparatus 
G06F – Electric digital data processing 
H01L – Semiconductor devices; electric solid state devices not otherwise provided for. 

 
Figure 18 shows a slightly different picture of the technology spaces of the DOD, PCs, and 

SBs when compared to Figure 17. While Figure 17 lists the concentrated technical areas of three 
entities, Figure 18 shows the relative concentration of the three entities over specific technical 
areas. For instance, G06F (digital data processing technology) is dominated by prime contractors 
while G01S (radar and sonar technology) is led by the DOD, and H01L (semiconductor 
technology) is dominated more by small businesses than the other two entities. 

                                                 
44 This is based on 368 patent applications of 198 DOD SBIR awardees that indicated their SBIR records in the 
“Government” section of patent documents (as of December 2015). 
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Figure 18. Comparison of Relative Patent Applications among DOD, PCs, and SBs 

 
NOTE: y-axis = percent of patent applications in specific technical area; x-axis = technical areas (4-digit patent class); 
and purple, red, and green bars represent DOD, PCs, and SBs, respectively. 

 
Figure 19 below provides a snapshot of relatively concentrated technical areas by three 

entities. Some technical areas such as F42 (ammunition) and C06 (explosives) are closer to the 
DOD while others such as G06 (computing) are closer to PCs, implying that the DOD focuses its 
R&D on weapon technology while PCs focus on information technology. This shows the 
comparative advantage of the DOD and PCs, which might inform the technological position of 
SBs. The percentages of patent applications by the DOD and PCs vary across patent classes, 
suggesting that the technological positions and strategies (e.g., technological distance, variety, 
and specialization) of SBs relative to the DOD and PCs may be critical for their success of 
technology transition. 
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Figure 19. Percent of Patent Applications by the DOD, PCs, and SBs across Patent Classes 

 
NOTE: y-axis = percent of patent applications by DOD; x-axis = percent of patent applications by PCs; and the size of 
bubble = percent of patent applications by SBs. 

 
Drawing on the usefulness of patent classification, two slightly different approaches have 

been used to compute the technological distance between two R&D performing entities. The first 
approach, which is simpler, was suggested by Branstetter (2001). He sought to calculate the 
technological proximity (Tij), i.e., to what degree two firms’ patent portfolios are similar: 

	 /  

where Tij = technological proximity; Fi = vector of firm i’s patent portfolio (i.e., distribution 
of patent applications across patent classes); Fj = vector of firm j’s patent portfolio. Given that Tij 
is the uncentered correlation, technological distance (TDij) between two firms i and j is calculated 
by taking the inverse value of Tij (Choi and Yeniyurt, 2015): 

1 	  
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The second approach is the extended version of Branstetter’s (2001). Drawing on the concept 
of cognitive distance, Nooteboom et al. (2007) defined technological distance as “the average of 
the correlations between the focal firm’s technology profile and that of its alliance partners” (p. 
1022). To compute the technology profiles, Nooteboom et al. (2007) used the revealed 
technology advantage or specialization of each firm in each of the patent classes. In other words, 
while Branstetter (2001) used the distribution of firms’ patents for the vector F, Nooteboom et al. 
(2007) used another form of F. When firm i’s technological knowledge base is Fi = (f1 … fk): 

Branstetter (2001)’s fk = number of patents in class k 

Nooteboom et al. (2007)’s 	 /
∑

∑
 

where Pk = number of patents in class k filed by firm i; Qk = number of patents in class k filed 

by all firms in the market; ∑  = number of patents in all classes filed by firm i; and ∑  = 
number of patents in all classes filed by all firms in the market. 

Of the two approaches, I follow Branstetter’s (2001) approach instead of Nooteboom et al.’s 
(2007). The only difference between the two approaches is what elements are used for the vector 
of a firm’s patent portfolio. While Branstetter (2001) uses the number of patents, Nooteboom et 
al. (2007) use the location quotient45 such as technological specialization (or revealed technology 
advantage) for the vector elements of technological distance. Because I include technological 
specialization (described in the next subsection) separately in my empirical models, I use 
Branstetter’s concept of technological distance. 

3.1.3. Technological Specialization and Variety 

In addition to how to position firms relative to market competitors and institutional 
collaborators, another important strategy firms can take is specialization vs. diversification. 
Faced by severe competition in the technology market, some (small) firms may pursue a 
technological specialization strategy by concentrating on the small number of technologies and 
producing high-quality innovative goods and services (e.g., radical innovation). Other firms may 
adopt a diversification strategy by imitating and improving existing technologies and producing a 
variety of goods and services (e.g., incremental innovation) (Cusolito, 2009). Not only can 
market forces influence firms’ strategy, but also government intervention can. Intellectual 
property right (IPR) policy, for instance, can impact a firms’ decision about either specialization 

                                                 
45 According to Sentz (October 14, 2011), location quotient (LQ) is a ratio that compares a region to a larger 
reference region according to some characteristic or asset. Suppose X is the amount of some asset in a region (e.g., 
manufacturing jobs), and Y is the total amount of assets of comparable types in the region (e.g., all jobs). X/Y is 
then the regional “concentration” of that asset. If X’ and Y’ are similar data points for some larger reference region 
(like a state or nation), then the LQ or relative concentration of that asset in the region compared to the nation is 
(X/Y) / (X’/Y’). 
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or diversification. Without a strong IPR regime (e.g., technology protection through patenting), 
firms may be tempted to choose the diversification strategy by imitating various kinds of 
available technologies. Otherwise, firms may emphasize technological specialization based on 
their legally protected technologies. 

Given that the purpose of the DOD SBIR program is to accelerate technological innovation 
while providing technical solutions tailored to DOD needs, both strategies may be important to 
SBIR awardees. Ideally, the SBIR program can be a stepping stone for small firms to become 
specialized suppliers,46 but realistically it may be very difficult and take a long time. Depending 
on the internal capacity firms have and the external environment they face, they may select 
different strategies and bring out different technological and economic performances. Thus, my 
focus in this dissertation is on the network perspective rather than on the choice of strategy itself. 
In other words, I seek to examine which strategy—roughly technological diversification or 
specialization; and even within diversification, technological variety relative to the DOD or 
relative to prime contractors—works better in terms of the DOD SBIR technology transition. 

Technological specialization (TSP) intends to indicate to what extent small firms specialize 
in specific technical areas. As already introduced in the previous subsection, TSP is computed 
using Nooteboom et al. (2007): 

	∑
∑

 

where Pk = number of patents in patent class k filed by firm i; Qk = number of patents in class 

k filed by all firms in the market; ∑  = number of patents in all classes filed by firm i; and 
∑  = number of patents in all classes filed by all firms in the market. 

But the difference is that this formula takes the maximum value on Nooteboom et al.’s 
(2007) technological specialization. It is because firm i can have as many TSPs as k, the number 
of patent classes across which the firm’s patents are distributed. Thus, I choose the highest value 
of TSP to represent a firm i’s degree of technological specialization.47 

Technological variety (TV) aims to measure how many various technologies a firm owns. To 
the end, I observe how technological distance changes from using the 4-digit patent class 
(subclass) to using the 3-digit patent class (class), and I generate TV based on the difference. The 
basic idea of TV is that because the 3-digit patent class includes broader technical areas than the 
                                                 
46 Hicks and Hegde (2005) argued that to be specialized suppliers with long lives, small firms should be “serial 
innovators.” They use 15 patents as a threshold value for serial innovators. 
47 Let’s assume a firm has a patent portfolio consisting of 5 patents in class A, 10 patents in class B, and 20 patents 
in class C and an industry in which the firm is nested has a patent portfolio composing of 500 patents in class A, 400 
patents in class B, and 300 patents in class C. The firm has the following technological specialization indices: 
(5/500)/(35/1,200) = 0.34 for class A; (10/400)/(35/1,200) = 0.86 for class B; and (20/300)/(35/1,200) = 2.29 for 
class C. As such, the firm has three indices for its technological specialization across three patent classes. To 
represent the firms’ technological specialization, I select the highest value (i.e., 2.29) out of three. 
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4-digit patent class,48 firms with more diverse technologies tend to have relatively high 
technological distance at the 3-digit patent class when compared to technological distance at the 
4-digit subclass. Similar to technological distance, technological variety (TV) is also calculated 
relative to DOD (and its labs) (TVD) and relative to prime contractors (TVP): 

	 	 3	– 	 4	 		 	 	 :	 3 4
	 	 :	 3 4

 

where TV = difference in TD3 and TD4; TD3 = technological distance at 3-digit patent 
classification (IPC’s class level); TD4 = technological distance at 4-digit patent classification 
(IPC’s subclass level); TVD = difference in TDD3 and TDD4; TDD3 = TD3 in relation to DOD; 
TDD4 = TD4 in relation to DOD; TVP = difference in TDP3 and TDP4; TDP3 = TD3 in relation 
to PCs; and TDP4 = TD4 in relation to PCs. Thus, TVP means a small firm’s TV relative to prime 
contractors’ while TVD means a small firm’s TV relative to the DOD (and its labs). 

3.2. Network Position of SBIR Awardees (Structural Embeddedness) 

This section seeks to describe why network position (i.e., how small businesses position 
themselves in their networks) is important to the success of the DOD SBIR technology transition 
and how it can be understood from the perspective of network centrality49 and core/periphery 
structure.50 Given that the SBIR awards positively influence the commercialization of SBIR 
technologies (Wessner and Gaster, 2008) and most DOD SBIR awards lead to procurement 
contracts, the SBIR funding networks consisting of points51 (i.e., federal agencies as a funder, 
and small businesses as the awardees) and their links52 (i.e., SBIR contracts or grants) may be an 
important vehicle to better understand the mechanism of SBIR awards and how it influences the 
technology transition. In some aspects, the SBIR funding network is unique. It is a bipartite (or 
2-mode) network where there are connections only between funders and awardees but none 
between funders or between awardees. This is because SBIR funding flows only from funders to 
awardees, not from one funder to another funder or from one awardee to another awardee. It is 
different from an ordinary 1-mode network where nodes are connected with each other. Another 
unique aspect of the SBIR funding network comes from the fact that a bipartite network 
                                                 
48 The patent classification code system has a hierarchy where classes with the smaller number of digits include 
those with the larger number of digits because the former is a broader technical areas than the latter. For instance, 
the 3-digit patent class G01 (measuring technology) includes 4-digit subclasses such as G01B (measuring length) 
and G01C (measuring distance) that are more specific than the 3-digit class. 
49 As a node-level characteristic, network centrality is defined in several ways: degree, closeness, betweenness, and 
eigenvector. In our context, network centrality is a firm-level characteristic and can imply some small firms are 
central, for instance, if they have many connections to federal funding agencies. 
50 Core/periphery is a network-level characteristic. Put simply, the dense part of the whole network is called core 
while the sparse part is referred to as periphery. 
51 In the social network theory and graph, points are also known as vertices, nodes, etc. 
52 In the social network theory and graph, links are also known as edges, connections, etc. 
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generally includes different types of entities (or events) and their connections.53 Unlike 1-mode 
networks consisting of the same type of entities (e.g., only individuals or only organizations), the 
2-mode SBIR funding network is composed of relations between small firms and federal 
agencies. 

I discuss this uniqueness of the SBIR funding network (as a 2-mode social network) in 
relation to the network position of SBIR awardees in the following subsection. Then I describe 
two key features of the SBIR funding network: centrality and core/periphery structure. 

3.2.1. Network Position 

Within the concept of structural embeddedness, most entrepreneurship network-related 
studies have focused on the networks between same-type entities—i.e., between individuals 
(e.g., between business founders) and between organizations (e.g., between firms). As a result, 
their analyses have been limited to 1-mode networks and the networks that include intangible 
resources (e.g., information and knowledge) as the content of network; in other words, they tend 
to research only the search and acquisition of knowledge that is pivotal at the relatively early 
stage of startups, ignoring tangible assets (e.g., capital), another important ingredient for 
entrepreneurial innovation, which is critical at a relatively later stage. 

No literature directly concerns the SBIR funding network. Furthermore, very little literature 
sheds light on bipartite networks, specifically firm-government networks or other funding 
networks. One example of firm-government networks is Mokken and Stokman (1978) and 
Heemskerk, Mokken and Fennema (2012)’s studies on elite interlocks who worked in both 
private and public sectors. Those studies explored bipartite corporate-government networks but 
contained human resources as the content of networks. Lin et al. (2009) surveyed R&D consortia 
between firms and between firms-research institute and examined the network embeddedness 
(e.g., network ties, trust, and norm) with a focus on technology transfer, but they focused on 
knowledge. Lazega et al. (2008) and Bellotti (2012), on the other hand, tested the so-called “big 
fishes in big ponds” 54 phenomenon by analyzing networks between individuals, between 
universities, and between individuals and universities through a medium of research projects. 
Those studies examined research funding on the network; however, they did not focus on the 
interplay of firms (awardees) and governments (funders). Faulk, McGinnis Johnson and Lecy 
(2017) investigated donor-winner networks, but their research objects were private foundations 
and non-profit organizations that attempted to receive funding from the foundations. 

                                                 
53 One example of a 1-mode network is a co-inventor network where inventors are connected through co-
inventorship relations. One example of a 2-mode network is an inventor-assignee network where inventors are 
affiliated with organizations that are assigned inventors’ patent rights. 
54 Here, big fishes and big ponds refer to central actors (researchers who have successfully won research funding) 
and central laboratories/universities (organizations that have received a high amount of funding), respectively. 
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Based on this limited existing literature, I explore the network between different-type entities 
(i.e., between small firms and federal agencies) containing money that flows through the SBIR 
funding network that is 2-mode (or bipartite). 

Figure 20 below shows a snapshot of the SBIR funding network between federal agencies 
and states where the DOD SBIR awardees are located.55 Because technology-based small 
businesses seek R&D funding not only from the components of DOD but also from other 
agencies such as the DOE and the DHS, the social network among SBIR-participating entities is 
formed. Major entities (e.g., Air Force, Army, and Navy from the funders’ side and California, 
Massachusetts, and Maryland from the awardees’ side) are closer to the center while minor ones 
(e.g., the Department of Education and the Environmental Protection Agency from the funders’ 
side and West Virginia and Mississippi from the awardees’ side) are farther from the center. In 
other words, some entities are situated in the core while others are on the periphery of SBIR 
funding network. My basic assumption is that small firms located in the states in the “core” or 
that receive the SBIR funding from the federal agencies in the “core” are more likely to succeed 
in the DOD SBIR technology transition than others that are located in the states in the 
“periphery” or that receive funding from the agencies on the “periphery.” For instance, small 
firms that are located in California and that receive SBIR funding from the Air Force are more 
likely to perform better than those that are located in West Virginia and that receive funding 
from the Defense Microelectronics Activity. 

                                                 
55 Because the number of DOD SBIR awardees studied in this dissertation is almost 3,000, it is too messy to 
incorporate all of them into the social network map. In this figure, for the simplicity of visualization, I present the 
social network between the federal agencies and state governments where SBIR awardees are located. 
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Figure 20. SBIR Funding Network between Federal Agencies and States where SBIR Awardees Are 
Located 

 
NOTE: Blue squares = SBIR-participating government agencies; red circles = states in which SBIR awardees are 
located; and the width of arrows = the size of the SBIR funding. 

 

3.2.2. Centrality of SBIR Funding Network 

As an indicator for the network position of SBIR awardees, I use the concept of centrality to 
explore how small firms’ centrality in the SBIR funding network affects their technology 
transition. In addition, I explain why I choose specific centrality (i.e., eigenvector centrality) over 
other centrality measures. 

When linking social network characteristics with economic outcomes, the most widely used 
indicator for representing structural embeddedness is centrality because it explains the position, 
role, and status in the network (Freeman, 1979). For instance, an actor in a favored position is 
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assumed to have greater power than those in less favored positions (Hanneman and Riddle, 
2005). The power may be exerted through various channels such as information flow, influence, 
and access to resources (Sorenson, 2017) and result in more opportunities and fewer constraints, 
which are captured by the concept of centrality (Hanneman and Riddle, 2005).  

In this network shown in Figure 21 below, for instance, 21st Century Technologies, Inc. has 
higher centrality than 1st Detect Corp. because the former has more ties (with higher values) than 
the latter. It suggests that the former has better access to resources (in particular, money for 
R&D) necessary for technology innovation and transition than the latter does. 

Figure 21. Part of SBIR Funding Network 

 
NOTE: Red circles = SBIR funding agencies; and blue squares = SBIR awardees. The thickness of arrows between 
the SBIR funders and awardees is determined by the amount of funding. 

 
Of various centrality measures, relevant studies have widely used three types of centralities: 

degree, between, and eigenvector centrality. Degree centrality is based on the belief that actors 
with more ties may be in favored positions. In the case of directed data (e.g., actor A gives 
money to actor B) when compared to the undirected case (e.g., actor A and B know each other), 
if actors have high in-degree and out-degree centralities, they are frequently called “prominent” 
(or “prestigious”) and “influential” actors, respectively. In Lazega et al.’s (2008) and Bellotti’s 
(2012) studies, for instance, they used degree centrality in distinguishing between big fishes and 
little fishes, and between big ponds and little ponds. In other words, actors with more ties (i.e., a 
larger number of connections) to research projects (i.e., those who have won more project 
funding) were regarded as central ones. Because big fishes and big ponds are given funding from 
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projects, they can be said to be “prominent.” If there are specific projects that distribute money to 
relatively many actors, those projects can be said to be “influential.”  

Betweenness centrality assumes that actors located on the geodesic line between other pairs 
of actors have central positions in the network (Freeman, 1979). Gilsing et al. (2008), for 
instance, used betweenness centrality to represent a focal firm’s position in the alliance network. 
Because knowledge transfer and economic exchange are of primary interest to alliance partners, 
they used the betweenness centrality, “the fraction of shortest paths of alliances between other 
companies that pass through the focal firm” (Gilsing et al., 2008, p. 1724).  

Eigenvector centrality takes a totally different approach. While degree and betweenness 
centrality focus on points (i.e., vertices or nodes) of interest (e.g., their number of ties and 
distance), eigenvector centrality is computed based on the (degree or other) centrality of 
neighboring points, not points of interest. Unlike degree and betweenness centralities that are 
based on binary relations between points and put equal weights on ties (i.e., edges or links), 
eigenvector centrality can treat valued or signed relations and weight ties according to the 
centralities of connected points (Bonacich, 2007). In examining the interplay of network position 
and firm performance, for instance, Powell et al. (1999, p. 14) used eigenvector centrality to 
consider “not only the number of other firms connected to the focal firm (whether directly or 
indirectly), but also how well those others are connected.” Faulk et al. (2017) also used 
eigenvector centrality in exploring the effect of nonprofits’ network positions on the 
philanthropic grants. They assumed that “more centrally embedded funders … will be more 
prominent foundations … and will have more status within the grant market. More centralized 
funders … will therefore lend greater status to the nonprofits they are associated with” (Faulk et 
al., 2017, p. 270). I thus use eigenvector centrality because it best takes account of the 
connections of small business to important funding agencies.  

3.2.3. Core and Periphery of the SBIR Funding Network 

In addition to centrality, there is another useful indicator for identifying structural 
embeddedness—core/periphery structure. While centrality tends to represent point-level 
characteristics, core/periphery structure shows the traits of the overall network. As Borgatti and 
Everett (2000) mentioned, core/periphery structure can be intuitively understood: the core block 
is dense and cohesive while the periphery block is sparse and unconnected. Theoretically, the 
core consists of nodes that “are proximate not only to each other but to all nodes in the network” 
(p. 376) and that are located near the center of Euclidean space with myriad points. On the 
contrary, the periphery is composed of nodes that “are relatively close only to the center” 
(Borgatti and Everett, 2000, p. 376) and thus they are on the outskirts of the space. Further, 
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core/periphery structure can be obtained by block modeling56 that is based on the concept of 
structural equivalence.57 

Basically, core/periphery structure categorizes both the rows and columns of the network 
matrix into two blocks. In the SBIR funding network, core/periphery structure divides both SBIR 
funding agencies and SBIR awardees into two classes. Thus, the core/periphery structure of the 
SBIR funding network can separate SBIR awardees into two depending on whether or not they 
are closely connected to each of funding agencies. 

Despite its usefulness, studies that applied the core/periphery structure to entrepreneurship, 
innovation, or funding networks are rare. Bellotti (2012), for instance, manually created 
core/periphery structure (e.g., big fishes vs. little fishes) based on the value of degree centrality, 
instead of using the logic of core/periphery (e.g., structural equivalence). Faulk et al. (2017) also 
divided network actors (i.e., nonprofits) into core and periphery blocks but used different 
centrality (i.e., eigenvector centrality). They identified the core as follows: “nonprofits in the 
core of the network (i.e., that receive multiple grants from centralized foundations) will share 
high status, partly through their relationships with high-status funders and partly by virtue of 
their own reputations” (Faulk et al., 2017, p. 270). 

Figure 22 below indicates the complex relationship between tens of federal agencies (SBIR 
funders) and thousands of small firms (SBIR awardees). Because small firms seek R&D funding 
not only from the DOD but also from other agencies, there exists a social network between a 
group of funders and a much larger group of awardees. Small firms in the central area (core) tend 
to receive the SBIR funding from more agencies while those in the outer area (periphery) tend to 
rely on fewer funding sources.  

                                                 
56 Wasserman and Faust (1994) defines blockmodel as a partition of the set of actors, in one or more relational 
networks, into discrete positions, with permuted and blocked matrices showing the presence or absence of ties 
within and between positions for each type of relation. 
57 In the social network theory, “structural equivalence” determines “positions” within social structure and “roles” 
associated with those positions. 
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Figure 22. Whole Picture of SBIR Funding Network 

 
NOTE: Red circles = SBIR funding agencies; blue squares = SBIR awardees; and the width of arrow = the size of 
SBIR funding. 

 

3.3. Effect of Network Characteristics on TBSB’s Success 

3.3.1. Data 

For the empirical analysis of how network characteristics affect the DOD SBIR technology 
transition, I use multiple variables: four for dependent variables and sixteen independent 
variables (eight for network characteristics and eight for controls) as shown in Table 10. The 
units of observation are small businesses that have been awarded DOD SBIR funding. As 
explained in subsection 1.3.1, four dependent variables (i.e., FPC, ROI, JOB, and PAT) measure 
the effectiveness, efficiency, economic and technological performances, respectively. Of eight 
network characteristics, five (i.e., TDD, TDP, TSP, TVD, and TVP) capture relational 
embeddedness while three (i.e., SDC, SEC, and SEQ) do structural embeddedness. TDD and 
TDP measure TBSBs’ technological distance relative to DOD and prime contractors, 
respectively. TSP measure TBSBs’ technological specialization. TVD and TVP measure TBSBs’ 
technological variety relative to DOD and prime contractors, respectively. SDC and SEC 
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measure TBSB’s degree and eigenvector centralities in the SBIR funding network, respectively. 
SEQ measures whether TBSBs are located in the core or on the periphery of the network. 

Eight other independent variables are used to control at firm, industry, local and regional 
levels. For the firm-level control, I use variables concerning firms’ age (AGE), SBIR awards 
(ASA), ownership (OWN), and manufacturing facility (MFG). For the industry-level control, I 
use variables concerning the high-tech industry (HTC) and the timing of patent applications 
(TPA). For the local and regional level control, I use variables concerning the location of firms in 
the HUBZone (HUB) and leading states (LST). 

As explained previously, I take the natural logarithm of some dependent (i.e., FPC and ROI) 
and independent (i.e., ASA and TSP), and center technological and network position-related 
independent variables (i.e., SDC, SEC, TDD, TDP, TVD, and TVP) because of statistical issues.  

Table 10. Description of Variables 

Variable Definition Source Obs Mean Min Max

Dependent: 

Firm FPC Action obligation of federal procurement 
contract ($million), as of December 2015 

FPDS-NG 2,889 39.50 0 3,041 

Log of FPC 15.72 9.71 21.84 

ROI Return on investment = (FPC – SBIR 
award amounts) / SBIR award amounts), 
as of December 2015 

FPDS-NG, 
SBA-SBIR 

2,889 25.62 -1.31 3,028 

Log of ROI 2,783 1.11 -13.53 8.02 

JOB Change in the number of employees per 
year 

SBA-SBIR 2,889 1.62 -137.5 114.33 

PAT Number of patent applications, as of 
November 2015 

KIPRIS 2,889 6.32 0 1,251 

Independent: 

Controls AGE Firm age SAM 2,889 15.67 0 122 

MFG Dummy (0 or 1) whether manufacturer of 
goods or not 

SAM 2,889 0.32 0 1 

LST Dummy (0 or 1) whether locating in 
leading states or not 

STSI 2,889 0.66 0 1 

HTC Dummy (0 or 1) whether belonging to 
high-tech industries or not 

Eurostat 1,480 0.88 0 1 

HUB Dummy (0 or 1) whether located in 
Hubzone or not 

SBA-SBIR 2,889 0.01 0 1 

OWN Ownership: dummy (0 or 1) whether 
owned by either minority, woman, or 
veteran 

SBA-SBIR 2,889 0.24 0 1 

TPA Timing of patent applications: dummy (0 
or 1) whether filing patents prior to the 
inflection point of S curve 

KIPRIS 1,480 0.27 0 1 
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ASA Amount of SBIR awards ($million) SBA-SBIR 2,889 2.50 0.10 103.27 

Log of ASA 14.15 11.51 18.45 

Network 
Characteri
stics 

SDC SBIR funding network: degree centrality SBA-SBIR 2,889 0.13 0 0.828 

Centered SDC -2.08e-10 -0.133 0.695 

SEC SBIR funding network: eigenvector 
centrality 

SBA-SBIR 2,889 0.016 0 0.045 

Centered SEC -4.67e-10 -0.016 0.029 

SEQ Dummy (0 or 1) whether belonging to core 
or periphery 

SBA-SBIR 2,889 0.30 0 1 

TDD Technological distance from DOD’s patent 
portfolio @ IPC subclass 

KIPRIS 1,480 0.18 0 0.88 

Centered TDD 3.75e-10 -0.177 0.703 

TDP Technological distance from prime 
contractor’s patent portfolio @ IPC 
subclass 

KIPRIS 1,480 0.21 0 0.97 

Centered TDP -7.72e-10 -0.205 0.768 

TSP Technological specialization @ IPC 
subclass 

KIPRIS 1,480 531.06 7.00 18,259 

Log of TSP 5.13 1.95 9.81 

TVD Technological variety relative to DOD’s 
patent portfolio 

KIPRIS 1,480 -0.01 -0.87 0.64 

Centered TVD 3.91e-10 -0.855 0.649 

TVP Technological variety relative to prime 
contractor’s patent portfolio 

KIPRIS 1,480 -0.04 -0.86 0.66 

Centered TVP -4.22e-10 -0.819 0.695 

 

3.3.2. Empirical Model 

To examine the effect of network characteristics on the TBSB’s success, I use the following 
empirical model: 

TS = f(N, C) 

where TS is a measure of the success of DOD SBIR technology transition, N is a vector of 
network characteristics, and C is a vector of control variables. Drawing on the model, I run 
ordinary linear square regressions for four types of dependent variables58 (i.e., FPC, ROI, JOB, 
and PAT). I also run Poisson and negative binomial regressions for PAT because the number of 
patents is a non-negative count variable. The result of these two regressions may be used for the 
robustness check. 

In terms of network characteristics, I employ independent variables related to relational 
embeddedness (i.e., TDP, TDD, TSP, TVP, and TVD) and structural embeddedness (i.e., SDC, 
                                                 
58 See table immediately above for definitions of variables. 
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SEC, and SEQ). While these variables represent all firm-level characteristics, SEQ has some 
network-level ones at the same time. Thus, I employ a Chow test59 to examine the moderating 
effect of SEQ by dividing the total sample into two different groups (some firms in the core of 
SBIR funding network and others in the periphery). 

In order to determine the effect of the independent variables, specifically technological 
distance and variety and network centrality, I relate them below to determinants of innovation 
performance. 

Following Gilsing et al.’s (2008) approach, I also attempt to test some polynomial and 
interaction terms. They argued that innovation performance (IP) is determined by absorptive 
capacity (AC) and novelty value (NV). In turn, AC is negatively dependent on technological 
distance (TD) and network centrality (NC), while NV is positively dependent on TD and NC60. 
Numerically, equations for absorptive capacity (AC) and novelty value (NV): 

AC = a0 − a1 • TD − a2 • NC 

NV = b0 + b1 • TD + b2 • NC 

where a0, a1, a2, b0, b1, b2 > 0 

Multiplying two formulas provides the equation for innovation performance (IP): 

IP = AC • NV = a0 • b0 + (a0 • b1 − b0 • a1) • TD + (a0 • b2 − b0 • a2) • NC − a1 • b1 • TD2 − 
a2 • b2 • NC2 − (a1 • b2 + a2 • b1) • TD • NC 

where a0 • b1 > b0 • a1, a0 • b2 > b0 • a2 

Extending their argument, I also include technological variety (TV), assuming that TV 
influences positively AC and negatively NV. As indicated in subsection 3.1.3, technological 
diversification strategy may be able to expose firms to heterogeneous sets of technologies (and 
thus provide them with learning opportunities), but may devote them to exploitive or incremental 
innovation rather than explorative or radical innovation (and thus preclude them from searching 
for novelty). In this vein, I add TV to the equations above to obtain new absorptive capacity 
(AC*) and novelty value (NV*): 

AC* = a0 − a1 • TD − a2 • NC + a3 • TV 

                                                 
59 A Chow test is used for determining if the coefficients and intercepts are equal between two parts of data set 
when conducting linear regression analysis. In other words, the test shows whether there is a structural break 
between two subsets of data. As Gujarati (1970) noted, dummy variables can be used for the test. 
60 Gilsing et al. (2008, p. 1719), arguing about the role of technological distance on absorptive capacity and novelty 
value, write that “a certain degree of mutual understanding … and familiarity … facilitates successful collaboration. 
However, too much familiarity may take out the innovative steam from collaboration.” They also argued about the 
role of network position that “[c]entral firms become better informed about what is going on in the network. … 
Centrality has a positive effect on the search for novel combinations and hence on exploration, in particular on 
novelty value. … centrality spurs the possibilities for novelty creation but at high(er) levels it may impede the 
possibilities for absorption of this novelty” (p. 1720). 
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NV* = b0 + b1 • TD + b2 • NC – b3 • TV 

where a0, a1, a2, a3, b0, b1, b2, b3 > 0 
Multiplying two new formulas provides the equation for new innovation performance (IP*): 

IP* = AC* • NV* = a0 • b0 + (a0 • b1 − b0 • a1) • TD + (a0 • b2 − b0 • a2) • NC + (a3 • b0 – b3 
• a0) • TV − a1 • b1 • TD2 − a2 • b2 • NC2  − a3 • b3 • TV2 − (a1 • b2 + a2 • b1) • TD • NC + (a1 • b3 

+ a3 • b1) • TD • TV + (a3 • b2 + a2 • b3) • TV • NC 

where a0 • b1 > b0 • a1, a0 • b2 > b0 • a2, and a3 • b0 > b3 • a0 
As a result, in addition to existing variables, I include not only the squared form of 

technological distance (e.g., TDP2) and variety (e.g., TVP2), and network centrality (e.g., SEC2) 
but also the interaction terms (e.g., TDP • TVP, TDP • SEC, and TVP • SEC). 

3.3.3. Empirical Analysis and Discussion 

For the empirical analysis I run ordinary least squares (OLS) regressions. Before running the 
empirical model suggested in the previous subsection, I lay the groundwork that includes 
changing the form of some independent variables. For instance, as described previously, I take 
some variables (e.g., FPC and ASA) in a natural log form and center some others (e.g., TDD and 
TVD) that are included as squares or interaction terms.  

Then I first seek to apply the “stepwise” function61 to sort out statistically significant 
variables. Based on the model, I then run OLS regressions for all dependent variables and 
additionally run Poisson and Negative Binomial regressions for PAT. 62 Lastly, I perform a Chow 
test to examine the moderating effect of SEQ (i.e., whether a firm is located in the core or 
periphery of SBIR funding network) on the structural break in the success of technology 
transition. To do that, I divide my whole sample into two subgroups depending on whether SEQ 
= 1 or 0, and I test whether their coefficients are statistically different. For the best linear 
unbiased estimator (BLUE) of the coefficients, I take additional measures as described in 
Appendix C.4. The detailed results of regression analysis for four dependent variables (FPC, 
ROI, JOB, and PAT) are described in Appendix C.5.  

Overall, some controls (e.g., ASA_ln, AGE, TPA, and HTC) and network variables (e.g., 
SEC_ct, and TDP_ct) tend to be positively associated with most dependent variables (see Table 
11). On the other hand, the squares of the two network variables (i.e., SEC_ct_sq, and 
TDP_ct_sq) tend to be negatively associated with dependent variables. Conditioning on other 
variables, this means that: 

                                                 
61 I conducted the forward stepwise analysis with the significance of 0.10. The algorithm starts with full models and 
gradually removes variables that are not statistically significant. 
62 Because PAT (i.e., the number of patent applications) is a count variable that is not negative, a Poisson or 
Negative Binomial model is often used. 
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 Small firms’ larger SBIR awards, higher age, more cutting-edge technology or high-tech 
focus are more likely to lead to the success of technology transition; and 

 Small firms’ higher technological distance (in particular, relative to prime contractors) 
and more central network position are more likely to facilitate technology transition. To 
some extent, they are expected to lead to the success but excessive centrality and 
technological distance might stifle that success. 

Table 11. Summary of Regression Analysis Results 

Dependent Variable Statistically Significant Independent Variable 

Controls Network Characteristics 

FPC (+) ASA_ln; AGE; TPA; HTC (+) SEC_ct; TDP_ct 

(-) SEC_ct_sq; TDP_ct_sq 

ROI (+) AGE; TPA; HTC 

(-) ASA_ln 

(+) SEC_ct; TDP_ct 

(-) SEC_ct_sq 

JOB (+) ASA_ln; AGE; MFG 

(-) OWN; HUB 

(-) SEC_ct_sq; TVD_TDD 

PAT Normal (+) TPA; HTC (+) SEC_ct_sq; TDP_ct; TDP_ct_sq; TVP_ct 

(-) TSP_ln; SEC_TDP 

Poisson (+) ASA_ln; AGE; HUB; LST; 
TPA; HTC 

(-) OWN; MFG 

(+) SEC_ct; SEC_ct_sq; TDD_ct; TDP_ct; TVD_ct; 
TVP_ct; TVD_TDD 

(-) SEQ; TDD_ct_sq; TSP_ln; TVP_ct_sq; SEC_TDP; 
TVP_TDP 

Negative 
Binomial 

(+) AGE; MFG; TPA; HTC 

(-) OWN 

(+) SEC_ct; TDD_ct; TVD_ct; TVP_ct_sq 

(-) SEQ; TDD_ct_sq; TSP_ln; TVP_ct 

NOTE: (+) = positive relations with dependent variables; (-) = negative relations with dependent variables 
 
Figure 23 below, for instance, demonstrates a clear positive relationship between federal 

procurement contracts (logged) and SBIR awards (logged). The relationship indicates that as 
small firms receive more SBIR funding, they are more likely to make federal procurement 
contracts. Holding other conditions constant, specifically, a one percent increase in the SBIR 
funding is expected to create a 0.67 percent increase in the federal procurement contract. 
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Figure 23. Scatter Plot of Relationship between FPC and ASA 

 
 
Figure 24 below, on the other hand, shows a smooth inverted U-shaped relationship63 

between federal procurement contracts (logged) and small firms’ technological distance in 
relation to prime contractors. The relationship indicates that as small firms have more 
heterogeneous patent portfolios relative to prime contractors, they are more likely to make more 
federal procurement contracts. If the technological heterogeneity is excessive (i.e., the 
technological distance becomes greater than approximately 0.45), however, the likelihood of 
procurement contracts may go down.   

                                                 
63 As indicated in Table 11, coefficients of TDP_ct and TDP_ct_sq are statistically significant. As shown in Figure 
24, however, the practical significance is relatively low. That is why the inverted U-shaped curve looks like a flat 
line. 
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Figure 24. Scatter Plot of Relationship between FPC and TDP 

 
 
In addition to common independent variables, some influence specific dependent variables. 

For instance, MFG is positively associated with JOB. OWN, TDD_ct_sq, TSP_ln are negatively 
associated with PAT while TDD_ct and TVD_ct is positively associated. Conditioning on other 
variables, it means that: 

 Small firms’ manufacturing facilities are expected to contribute to job creation; 
 Small firms’ ownership by women or minorities, and their technological specialization, 

are expected to lower their patent output whereas technological diversification (in 
particular, relative to DOD) is expected to raise the patent output; and 

 Small firms’ technological distance (in particular, relative to the DOD) is expected to 
increase their patent output to a certain degree, but undue distance may decrease the 
patent output. 

Figure 25 below, for instance, shows an inverted U-shaped relationship between the number 
of patent applications (logged) filed by small firms and their technological distance in relation to 
the DOD. The relationship indicates that as small firms have more different technologies from 
the DOD, they are more likely to file a larger number of patents. If the technological gap 
becomes severe (i.e., the technological distance is greater than approximately 0.7), the likelihood 
of more patent applications diminishes. 
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Figure 25. Scatter Plot of Relationship between PAT and TDD 

 
 
Table 12 below summarizes how firms’ locations in the core/periphery of the SBIR funding 

network moderates the success of the technology transition, and whether there is a structural 
difference between the group in the core and the group on the periphery. Overall, there is no 
structural difference between two groups regarding four types of dependent variables, except for 
PAT. Even though there is no structural difference between two groups, some variables play 
different roles in each group. For instance, TPA is statistically significant only in Group 2 
regarding FPC and ROI. TDP_ct is statistically significant only in Group 1 regarding ROI. AGE 
and SEC_ct are significant only in Group 2 regarding JOB. Conditioning on other variables, it 
means that: 

 Cutting-edge technology plays a more critical role for small firms with sparser networks 
in achieving larger federal procurement contracts or higher return on investment; 

 Greater technological distance relative to prime contractors contributes to a higher return 
on investment only in small firms with denser networks; 

 A firm’s age and centrality are more important for small firms with sparser networks in 
job creation. 

Table 12. Summary of Chow Test Results 

Dependent 
Variable 

Statistically Significant Independent Variable Chow Test

Group 1 Group 2
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FPC (+) ASA_ln; AGE; HTC; SEC_ct; 
TDP_ct 

 

(+) ASA_ln; AGE; TPA; HTC; 
SEC_ct; TDP_ct 

(-) SEC_ct_sq; TDP_ct_sq 

No Structural 
Difference 

ROI (+) AGE; HTC; SEC_ct; TDP_ct 

(-) ASA_ln; SEC_ct_sq 

(+) AGE; TPA; HTC; SEC_ct 

(-) ASA_ln; SEC_ct_sq 

No Structural 
Difference 

JOB (+) ASA_ln; MFG 

(-) SEC_ct_sq 

(+) ASA_ln; AGE; MFG; SEC_ct 

(-) SEC_ct_sq 

No Structural 
Difference 

PAT OLS (+) TPA; TDP_ct; TVP_ct 

(-) TSP_ln; TVP_ct_sq; 
TVP_TDP 

(+) HTC; SEC_ct_sq; TDP_ct; 
TDP_ct_sq; TVP_ct 

(-) TSP_ln; SEC_TDP 

Structural 
Difference 

Poisson (+) AGE; LST; TPA; HTC; 
SEC_ct; SEC_ct_sq; TDD_ct; 
TDP_ct; TVD_ct 

(-) ASA_ln; OWN; HUB; 
TDD_ct_sq; TSP_ln; TVP_ct_sq; 
SEC_TDP; TVP_TDP 

(+) ASA_ln; AGE; HUB; LST; TPA; 
HTC; SEC_ct_sq; TDD_ct; TDP_ct; 
TVP_ct 

(-) OWN; MFG; SEC_ct; 
TDD_ct_sq; TSP_ln; TVP_ct_sq; 
SEC_TDP; TVP_TDP 

Structural 
Difference 

Negative 
Binomial 

(+) AGE; TPA; SEC_ct; TDD_ct; 
TVD_ct 

(-) OWN; TDD_ct_sq; TSP_ln; 
TVP_ct 

(+) AGE; MFG; TPA; HTC; TDD_ct; 
TVD_ct; TVP_ct_sq 

(-) OWN; TDD_ct_sq; TSP_ln; 
SEC_TVP 

No Structural 
Difference 

NOTE: (+) = positive relations with dependent variables; and (-) = negative relations with dependent variables 
 
Figure 26 below shows a relationship between the return on investment (logged) and small 

firms’ technological distance in relation to prime contractors. While small firms in the core of the 
SBIR funding network tend to gradually increase the return on investment as they have greater 
technological distance in relation to prime contractors, those in the periphery tend to gradually 
decrease the return on investment. 

Figure 26. Scatter Plot of Relationship between ROI and TDP 
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More dramatically, some variables have opposite impacts depending on the group. For 

instance, SEC_ct has a positive impact on PAT in Group 1, but a negative impact in Group 2. On 
the contrary, ASA_ln and HUB are negatively associated with PAT in Group 1, but they are 
positively associated in Group 2. Conditioning on other variables, it means that: 

 Firms’ centrality contributes to patent output differently depending on whether they 
belong to denser or sparser networks. In other words, more central firms in dense 
networks or less central firms in sparse networks are expected to file more patents; 

 Firms’ SBIR awards and location in the HUBZone play different roles by group in patent 
output. In other words, SBIR awards or HUBZone are more critical for firms with sparse 
networks than those with dense networks. 

Figure 27 below, for instance, shows a linear relationship between the number of patent 
applications (logged) and the number of SBIR awards received by small firms that are located in 
the core and periphery of the SBIR funding network. Small firms in the periphery have a slightly 
greater slope than those in the core.  

Figure 27. Scatter Plot of Relationship between PAT and ASA 
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Chapter 4. Regional Context of SBIR Technology Transition 

Regional variation in productivity and growth related to the innovation process 
has important implications for public policy as well as private investment 
decisions, but its causes remain imperfectly understood. – Agrawal and Cockburn 
(2003, p. 2) 

 
This chapter explores how regional characteristics influence the success of DOD SBIR 

technology transition, especially state-level innovation capacity (e.g., State Tech and Science 
Index, and state-level support for the SBIR program), anchor tenants (e.g., defense labs and 
DOD mentors), and innovation brokers (e.g., business incubators and patent practitioners).64 I 
examine the contextual effects of regional aspects by employing hierarchical linear models with 
firm-level and state-level variables.  

4.1. Effect of Regional Characteristics on TBSB’s Success 

4.1.1. Data 

As explained in subsection 1.3.1 and subsection 3.3.1, four dependent variables (i.e., FPC, 
ROI, JOB, and PAT) are used. Because subsection 3.3.1 summarized all firm-level (i.e., lower-
level or level-1) variables, this subsection summarizes state-level (i.e., upper-level or level-2) 
independent variables. Although I introduce 11 state-level variables in Table 13 below, I drop 
some variables and take some variables in a natural log form because of statistical issues as 
explained in subsection 1.3.1.  

Table 13. Description of Upper-Level Variables 

Variable Definition Source Obs Mean Min Max

Independent: 

Regional 
Characteri
stics 

HCI Human Capital Investment (0-100) STSI 50 51.18 19.33 77.90 

RDI Research and Development Inputs (0-
100) 

50 51.09 18.72 93.15 

REI Risk Capital and Entrepreneurial 
Infrastructure (0-100) 

50 50.06 23.56 79.67 

TSW Technology and Science Workforce (0-
100) 

50 56.10 21.67 89.41 

                                                 
64 Background information on state-level innovation capacity, anchor tenants, and innovation brokers is described in 
Appendix D. 
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TCD Technology Concentration and Dynamism 
(0-100) 

50 52.38 25.63 82.61 

NDL Number of defense labs (per million 
people) 

DLE 50 0.2 0 2.42 

DSM Dummy (0 or 1) whether SBIR Match 
Programs exist or not 

Lanahan 
and 

Feldman 
(2015) 

50 0.34 0 1 

DSO Dummy (0 or 1) whether SBIR Outreach 
Program exist or not 

50 0.84 0 1 

NBI Number of business incubators (per 
million people) 

InBIA 50 2.22 0 4.79 

NPP Number of patent practitioners (per million 
people) 

USPTO-
OED 

50 102.00 8.76 330.76 

NDM Number of DOD mentors (per million 
people) 

DOD-
OSBP 

50 2.44 0 31.62 

NOTE 1: The number of firms that have filed patent applications is 1,480 (out of 2,889); the number of states is 50; 
and the number of industry areas is 628. 
NOTE 2: DLE = Defense Laboratory Enterprise (www.acq.osd.mil/rd/laboratories/labs/search_list.html) 

DOD-OSBP = Office of Small Business Programs, Department of Defense 
(www.acq.osd.mil/osbp/sb/programs/mpp/participants/all_mentors.shtml) 
EP database = European Patent Office database (Espacenet) 
InBIA = International Business Innovation Association (exchange.inbia.org/network/findacompany) 
STSI = State Tech and Science Index by Milken Institute (statetechandscience.org/statetech.html) 
USPTO-OED = Office of Enrollment and Discipline, U.S. Patent and Trademark Office 
(oedci.uspto.gov/OEDCI/practitionerSearch.do) 

 

4.1.2. Empirical Model 

To examine the effect of regional characteristics on TBSB’s success, I use the following 
empirical model: 

TS = f(R, N, C) 

where TS is a measure of the success of DOD SBIR technology transition (lower level), R is 
a vector of regional characteristics (upper level), N is a vector of network characteristics (lower 
level), and C is a vector of control variables (lower level). Drawing on the models, I run 
hierarchical linear models (HLMs) for four types of dependent variables (i.e., FPC, ROI, JOB, 
and PAT). I also run Poisson HLMs for PAT because the number of patents is a non-negative 
count variable. 

4.1.2.1. Intraclass Correlation Coefficient 

Before conducting HLM analysis, intraclass correlation coefficients (ICCs) are computed to 
describe the proportion of the total variance that depends on the upper level (i.e., region). The 
ICCs are calculated, based on the following formula, using a null model (i.e., a model without 
any independent variable): 

http://www.acq.osd.mil/rd/laboratories/labs/search_list.html
http://www.acq.osd.mil/osbp/sb/programs/mpp/participants/all_mentors.shtml


 66 

	
	

 

where τ00 = variance at level 2; and σ2 = variance at level 1. To identify not only regional 
effects (stemming from level 2) but also a network effect (coming from level 1), I further 
compare R2s in regressions with and without network-related variables. The result of ICCs and 
differences in R2 computation are presented in Table 14 below. According to the table, the effect 
of two contexts (network and region) is relatively high in PAT while negligible in JOB. 
Specifically, more than 12% variance of PAT is explained by the two-context effects. On the 
other hand, the 6-9% variance of FPC or ROI is explained by the two-context effects. In contrast, 
less than 1% variance of JOB is explained by the two-context effects. Although dependent 
variables tend to have relatively small ICCs, it would be still worth executing HLMs because as 
Roberts (2007) pointed out, the addition of more independent variables can lead to additional 
dependence.  

Table 14. Effect Size of Region and Network 

Dependent Variable 

ICC ∆R2

Sum Region Network

FPC 3.56% 2.61% 6.17% 

ROI 3.55% 5.23% 8.78% 

JOB 0.17% 0.27% 0.44% 

PAT 0.28% 11.77% 12.05% 

NOTE: Differences in R2 were roughly computed for only 7 network-related variables (i.e., SEQ, TDD, TDP, TSP, 
TVD, TVP, and SEC), excluding their squares or interaction terms. 

 

4.1.2.2. Centering 

Because some variables used in this study do not contain a true zero point, centering is 
applied to all continuous independent variables (Anderson, 2012). For instance, ASA_ln (i.e., the 
log of SBIR awards) is entered into models in the centered form (centASA_ln) because all study 
subjects are awarded at least one SBIR award and thus ASA_ln does not have a zero value.65 For 
the same reason, all continuous variables are entered into models either group-mean centered or 
grand-mean centered. I apply group-mean centering to level-1 continuous variables while 
applying grand-mean centering to level-2 continuous variables. Through the centering, I can also 
reduce the possibility of multicollinearity issues that might cause biased estimation. 

                                                 
65 The minimum value of ASA_ln is 11.51 while that of ASA is 100,000. 
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4.1.2.3. HLMs with Firm- and Region-level Variables 

For HLMs with level-1 (firm-related) and level-2 (region-related) variables, I run five models 
for four types of dependent variables: RF 1-5 models for FPC; RR 1-5 models for ROI; RJ 1-5 
models for JOB; and RP 1-5 models for PAT. For PAT, in addition, I run Poisson HLMs: RS 1-4 
models. The first models for each dependent variable include no independent variable. The 
second models contain only firm demographics (e.g., centAGE and HUB). Third models add 
network-related variables (e.g., centTDP and centSEC) to examine the network effects on the 
success of the technology transition. The fourth models include not only all level-1 variables but 
also all level-2s (e.g., centTCD and DSO) to explore the regional effects. The fifth models 
include only some selected variables that are believed to be statistically significant. Those 
models use unstructured covariance matrix and random intercept. In multilevel equations form, 

 First models:  

 Level 1: Yij = β0j + γij 
 Level 2: β0j = γ00 + μ0j 
 Mixed: Yij = γ00 + μ0j + γij 

 Second models:  

 Level 1: Yij = β0j + β1j(centASA_ln)ij + β2j(centAGE)ij + β3j(HUB)ij + β4j(OWN)ij 
+ β5j(TPA)ij + β6j(LST)ij + β7j(HTC)ij + γij 

 Level 2: β0j = γ00 + μ0j 
 Mixed: Yij = γ00 + μ0j + β1j(centASA_ln)ij + β2j(centAGE)ij + β3j(HUB)ij + 

β4j(OWN)ij + β5j(TPA)ij + β6j(LST)ij + β7j(HTC)ij + γij 

 Third models:  

 Level 1: Yij = β0j + β1j(centASA_ln)ij + β2j(centAGE)ij + β3j(HUB)ij + β4j(OWN)ij 
+ β5j(TPA)ij + β6j(LST)ij + β7j(HTC)ij + β8j(SEQ)ij + β9j(centTDD)ij + 
βAj(centTDP)ij + βBj(centTSP_ln)ij + βCj(centTVD)ij + βDj(centTVP)ij + 
βEj(centSEC)ij + γij 

 Level 2: β0j = γ00 + μ0j 
 Mixed: Yij = γ00 + μ0j + β1j(centASA_ln)ij + β2j(centAGE)ij + β3j(HUB)ij + 

β4j(OWN)ij + β5j(TPA)ij + β6j(LST)ij + β7j(HTC)ij + β8j(SEQ)ij + β9j(centTDD)ij + 
βAj(centTDP)ij + βBj(centTSP_ln)ij + βCj(centTVD)ij + βDj(centTVP)ij + 
βEj(centSEC)ij + γij 

 Fourth models:  

 Level 1: Yij = β0j + β1j(centASA_ln)ij + β2j(centAGE)ij + β3j(HUB)ij + β4j(OWN)ij 
+ β5j(TPA)ij + β6j(LST)ij + β7j(HTC)ij + β8j(SEQ)ij + β9j(centTDD)ij + 
βAj(centTDP)ij + βBj(centTSP)ij + βCj(centTVD)ij + βDj(centTVP)ij + βEj(centSEC)ij 
+ γij 

 Level 2: β0j = γ00 + μ0j + γ01(centHCI)j + γ02(centRDI)j + γ03(centREI)j + 
γ04(centTSW)j + γ05(centTCD)j + γ06(centNDL)j + γ07(centNBI)j + γ08(centNPP)j + 
γ09(centNDM)j + γ0A(DSM)j + γ0B(DSO)j 
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 Mixed: Yij = γ00 + μ0j + γ01(centHCI)j + γ02(centRDI)j + γ03(centREI)j + 
γ04(centTSW)j + γ05(centTCD)j + γ06(centNDL)j + γ07(centNBI)j + γ08(centNPP)j + 
γ09(centNDM)j + γ0A(DSM)j + γ0B(DSO)j + γ10(centASA_ln)ij + γ20(centAGE)ij + 
γ30(HUB)ij + γ40(OWN)ij + γ50(TPA)ij + γ60(LST)ij + γ70(HTC)ij + γ80(SEQ)ij + 
γ90(centTDD)ij + γA0(centTDP)ij + γB0(centTSP_ln)ij + γC0(centTVD)ij + 
γD0(centTVP)ij + γE0(centSEC)ij + γij 

 Fifth models:  

 Level 1: 	 	∑ ∗ 	  
 Level 2: 	 	 	∑ ∗ 
 Mixed: 	 	 	∑ ∗ 	∑ ∗ 	  

 
where Yij = FPCij or ROIij or JOBij or PATij, i = firm, j = state; βmj = γm0; m = number of 

(selected) level-1 variables; n = number of (selected) level-2 variables; X* = selected level-1 
variables; and R* = selected level-2 variables. 

4.1.3. Analysis and Discussion 

Since the effects of firm-level characteristics were alreary described in subsection 3.3.3, I 
focus on the effects of regional characteristics on technology transition in this subsection. More 
detailed analysis and discussion are made in Appendix D.4. 

4.1.3.1. HLM Analysis of Regional Effects on Technology Transition 

4.1.3.1.1. Dependent Variable 1: FPC 

The table in Appendix D.4.1 shows the result of the HLM analysis of regional effects on 
small firms’ federal procurement contracts. At the firm level, statistically significant variables 
include: centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and SEQ, centSEC, 
centTDP, and centTVD from firms’ network characteristics. All these variables, except SEQ, are 
positively associated with FPC_ln. At the regional level, statistically significant variables 
include centTCD, centNDL, centNDM, and DSO that are all positively associated with FPC_ln. 
Both fixed and random intercepts are also statistically significant, meaning there is regional 
variation across states. 

The result can be interpreted as follows (based on model RF 5 in Appendix D.4.1): 

 Characteristics of states where small firms are located are positively associated with 
firms’ federal procurement contracts. Specifically, holding others constant: 

 If states’ Technology Concentration and Dynamism (of Milken Institutes’ State 
Tech and Science Index) score increases (e.g., if states’ business environment for 
high-tech entrepreneurship becomes better), the federal procurement contracts of 
small firms that are located in the states are expected to increase. 
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 If states’ number of defense labs per million people increases, the federal 
procurement contracts of small firms that are located in the states are expected to 
increase. 

 If states’ number of DOD mentors per million people increases, the federal 
procurement contracts of small firms that are located in the states are expected to 
increase. 

 If states have state-level SBIR outreach programs, the federal procurement 
contracts of small firms that are located in the states are expected to increase.  

4.1.3.1.2. Dependent Variable 2: ROI 

The table in Appendix D.4.2 shows the result of the HLM analysis of regional effects on 
small firms’ return on investments (ROI). At the firm level, statistically significant variables 
include: centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and centSEC, 
centTDD, centTVD, and centTVP from firms’ network characteristics. Most of these variables, 
except centASA_ln and centTVP, are positively associated with ROI_ln. At the regional level, 
statistically significant variables include centTCD, centNDL, DSM, and DSO that are all 
positively associated with ROI_ln. Both fixed and random intercepts are also statistically 
significant, meaning there is regional variation across states. 

The result can be interpreted as follows (based on model RR 5 in Appendix D.4.2): 

 The characteristics of states where small firms are located are positively associated with 
firms’ ROI. Specifically, holding others constant: 

 If states’ Technology Concentration and Dynamism (of Milken Institutes’ State 
Tech and Science Index) score increases, the ROI of small firms that are located 
in the states is expected to increase. 

 If states’ number of defense labs per million people increases, the ROI of small 
firms that are located in the states is expected to increase. 

 If states have state-level SBIR match programs, the ROI of small firms that are 
located in the states is expected to increase. 

 If states have state-level SBIR outreach programs, the ROI of small firms that are 
located in the states is expected to increase.  

4.1.3.1.3. Dependent Variable 3: JOB 

The table in Appendix D.4.3 shows the result of the HLM analysis of regional effects on 
small firms’ change in the number of employees per year (JOB). At the firm level, statistically 
significant variables include: centASA_ln, centAGE, and OWN from firms’ demographics; and no 
network-related variable is statistically significant. While centASA_ln and centAGE are 
positively associated with JOB, OWN is negatively associated. At the regional level, only DSO is 
statistically significant with a positive relationship with JOB. Random intercepts are not 
statistically significant, meaning there is no regional variation across states. 

The result can be interpreted as follows (based on model RJ 4 in Appendix D.4.3): 
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 Characteristics of states where small firms are located are positively associated with the 
firms’ JOB. Specifically, holding others constant: 

 If states have state-level SBIR outreach programs, the JOB of small firms that are 
located in the states is expected to increase. 

4.1.3.1.4. Dependent Variable 4: PAT (Normal) 

The table in Appendix D.4.4 shows the result of the HLM analysis of regional effects on 
small firms’ patent applications (PAT). At the firm level, statistically significant variables 
include: TPA and HTC from firms’ demographics; and centTDP, centTSP_ln, and centTVP from 
firms’ network characteristics. Most these variables, except centTSP_ln, are positively associated 
with PAT. At the regional level, there is no statistically significant variable. Random intercepts 
are not statistically significant, meaning there is no regional variation across states. 

4.1.3.1.5. Dependent Variable 4: PAT (Poisson) 

The table in Appendix D.4.5 shows the result of the HLM analysis of regional effects on 
small firms’ patent applications. At the firm level, statistically significant variables include: 
centASA_ln, centAGE, HUB, OWN, TPA, LST, and HTC from firms’ demographics; and SEQ, 
centSEC, centTDD, centTDP, centTSP_ln, centTVD and centTVP from firms’ network 
characteristics. Most these variables, except OWN, SEQ, centSEC, and centTSP_ln, are 
positively associated with PAT_ln. At the regional level, there is no statistically significant 
variable. Both fixed and random intercepts are also statistically significant, meaning there is 
regional variation across states. 

4.1.3.2. Discussion 

Overall, random intercept HLMs work well for some dependent variables such as FPC_ln, 
ROI_ln, and PAT (Poisson), but not for JOB and PAT (Normal). In the HLMs for FPC_ln, 
ROI_ln, and PAT (Poisson), random intercepts are statistically significant as shown in Table 15 
below. This means there is variation across states. 

Table 15. Statistical Significance of Random Intercept 

HLM FPC_ln ROI_ln JOB PAT 
(Normal) 

PAT 
(Poisson) 

Random 
Intercept 

Statistically 
significant 

Statistically 
significant 

Not 
significant 

Not 
significant 

Statistically 
significant 

 
Figure 28 below shows an example of regional variation. Instead of depicting all states 

(because it is too messy in visualization), I incorporated eight regions defined by the Bureau of 
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Economic Analysis.66 Each trend line represents each region’s regression line fitted by the 
relationship between the log of federal procurement contracts and the log of SBIR awards. They 
tend to show different intercepts while maintaining similar slopes. It suggests the HLMs with 
random intercept would work.  

Comparing their intercepts, the Southeast, Far West, and New England regions tend to have 
higher values while the Plains and Rocky Mountain regions tend to have lower values than 
others. 

Figure 28. Scatter Plot of FPC_ln and ASA_ln by Region 

 
NOTE: y-axis = log of federal procurement contracts; x-axis = log of SBIR awards; and each trend line = each 
region’s linear regression line. The region is categorized by the BEA’s region code. 

 
Table 16 below summarizes the result of a series of HLM analyses with firm- and state-level 

factors (FR HLM). Overall, some controls (e.g., centASA_ln, centAGE, TPA, and HTC) and 
network variables (e.g., SEC_ct, TDP_ct, and TVP_ct) are statistically significant regardless of 
dependent variables. While some of them are positively (or negatively) associated with all 
dependent variables, others’ relationships depend on specific dependent variables. For instance, 
centAGE and TPA are positively associated and OWN is negatively associated with all dependent 
variables whereas centASA_ln is associated negatively with ROI_ln but positively with others, 
and centSEC is associated positively with FPC_ln and ROI_ln but negatively with PAT.  

Since firm-level demographics and network-related variables are fully discussed in Chapter 
3, I focus on level-2 characteristics in this chapter. Primary findings are presented as follows: 

                                                 
66 There are several categories for the U.S. region (e.g., federal standard and time zone). However, because I look 
into industrial/economic aspects of regions, I use the BEA’s regional code in this study 
(https://www.bea.gov/regional/docs/regions.cfm). 

https://www.bea.gov/regional/docs/regions.cfm
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 In FR HLMs, some regional characteristics (e.g., centTCD, centNDL, and DSO) are 
positively associated with the success of the technology transition. 

 centTCD is positively associated with FPC_ln and ROI_ln. In other words, states 
that have higher scores in Technology Concentration and Dynamism—better 
industrial environment for tech-based entrepreneurship (e.g., high birth and 
growth rate of tech companies and industries)—may facilitate their small firms to 
win federal procurement contracts enough to increase their return on investment. 

 centNDL is positively associated with FPC_ln and ROI_ln. In other words, the 
number of defense labs may matter in small firms’ winning federal procurement 
contracts and improving their return on investment. It may confirm that defense 
labs play as anchor tenants. However, their role may be limited to assisting small 
firms in technology transition rather than technology development and transfer 
(evidenced by the analysis result that centNDL is not statistically associated with 
PAT).  

 centNDM is positively associated with FPC_ln. In other words, the number of 
DOD mentors (i.e., large prime contractors) may be important in protégés’s (i.e., 
small firms) winning federal procurement contracts. Because the primary goal of 
DOD Mentor-Protégé Program (MPP) is for mentors to help protégés make more 
federal procurement contracts, this analysis result may confirm that the DOD 
MPP is a useful program for DOD SBIR awardees. 

 DSM is positively associated only with ROI_ln. In other words, state-level SBIR 
match programs may increase small firms’ return on investment. Because return 
on investment is defined as ROI = (federal procurement contracts – SBIR 
awards) / SBIR awards, and DSM is not statistically associated with FPC_ln, it 
may mean DSM decreases SBIR awards rather than increasing federal 
procurement contracts. It may imply that state match programs alleviate the 
financial needs of small firms that otherwise totally depend on federal SBIR 
programs.67 

 DSO is positively associated with FPC_ln, ROI_ln, and JOB. In other words, 
state-level SBIR outreach programs (e.g., SBIR proposal assistance) may help 
small firms win federal procurement contracts enough to make a high return on 
investment and to increase their employees. 

Table 16. Summary of HLM Analysis Results 

Dependent 
Variable 

HLM: Firm-Region

FPC_ln (+): centASA_ln, centAGE, TPA, HTC, centSEC, centTDP, centTVD, centTCD, centNDL, centNDM, 
DSO 

(-): SEQ 

                                                 
67 For instance, assume that small firm A is located in a state that has a state match program (1 to 1 matching) while 
small firm B is in a state without the program. If they need $2 million to develop their technologies, firm A can 
receive $1 million from the federal SBIR program and $1 million from the state program. However, firm B can 
receive $2 million only from the federal SBIR program. 
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ROI_ln (+): centAGE, TPA, HTC, centSEC, centTDD, centTVD, centTCD, centNDL, DSM, DSO 

(-): centASA_ln, centTVP 

JOB (+): centASA_ln, centAGE, DSO 

(-): OWN 

PAT (+): TPA, HTC, centTDP, centTVP 

(-): OWN, centTSP_ln 

PAT 
(Poisson) 

(+): centASA_ln, centAGE, HUB, TPA, LST, HTC, centTDD, centTDP, centTVD, centTVP 

(-):OWN, SEQ, centSEC, centTSP_ln 

NOTE: Statistically significant level-2 variables are bolded. 
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Chapter 5. Industrial Context of SBIR Technology Transition 

Three stages in an industry's development are commonly recognized: an early 
exploratory stage, an intermediate development stage, and a mature stage. The 
first or early formative stage involves the supply of a new product of relatively 
primitive design, manufactured on comparatively unspecialized machinery, and 
marketed through a variety of exploratory techniques. Volume is typically low. A 
high degree of uncertainty characterizes business experience at this stage. The 
second stage is the intermediate development stage in which manufacturing 
techniques are more refined and market definition is sharpened; output grows 
rapidly in response to newly recognized applications and unsatisfied market 
demands. A high but somewhat lesser degree of uncertainty characterizes market 
outcomes at this stage. The third stage is that of a mature industry. Management, 
manufacturing, and marketing techniques all reach a relatively advanced degree 
of refinement. Markets may continue to grow, but do so at a more regular and 
predictable rate. – Williamson (1975, pp. 215-216) 

 
This chapter explores how environmental characteristics related to technology/industry 

influence the success of DOD SBIR technology transition. To that end, I examine the contextual 
effects—particularly technology life cycle68 and technology market69—by employing 
hierarchical linear models with firm-level and technology/industry-level characteristics.  

5.1. Technology Life Cycle 

This section explains the technology life cycle whose characteristics may affect the DOD 
SBIR technology transition. Specifically, I describe how S curves (as a visualization of the 
technology life cycle) are created using patent data with different patent classification codes. In 
the previous chapters, the usefulness of patent data and patent classification has been briefly 
introduced. In this subsection, however, I emphasize it again because it is closely related to the 
technology life cycle. To the end, I delineate the applications of patent data, with a focus on a 
patent class-based approach, and then I explore the concept of S curves. 

                                                 
68 As Williamson (1975) noted, there is an industry life cycle (ILC) from an early exploratory stage to an 
intermediate development stage to a mature stage. Each stage is closely related to technological innovation (e.g., 
demand for a new product and manufacturing techniques). Similar to the ILC, there is a technology life cycle 
explaining technological maturity from an emerging stage to a growth stage to a maturity stage. 
69 Another point Williamson (1975) made is about market uncertainty, volume, and output. While high market 
uncertainty at an early stage may discourage firms from entering the market, relatively low uncertainty at a mature 
stage may lift the barrier to entry. In addition, market volume depends on how the market is structured. For instance, 
a monopolistic market provides less output than that of socially optimal level. 
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5.1.1. Applications of Patent Data 

Patent data have been used in numerous academic disciplines, including law, economics, 
business, sociology, and public policy (in particular, science and technology policy). Most of 
them considered patent data as an indicator of innovation-related activities such as technology 
development and diffusion. For instance, law researchers have defined the patent as an exclusive 
intellectual property (IP) in exchange for the disclosure of new knowledge, which leads to 
knowledge diffusion and guided patent reforms to better reflect all stakeholders’ voices and to 
maintain national leadership in technology and the economy. Based on the definition of a patent, 
economists have utilized the data to measure technological competitiveness at various levels 
(e.g., firm, industry, region, and country) as a proxy for innovation or an ingredient for 
productivity gains. Some economists capitalized on specific analysis techniques such as citation 
analysis (i.e., forward and backward citations), noting the usefulness of patent citations to 
observe the quality of technologies claimed in the patent applications. Business, in particular 
strategic management, researchers have also shown keen interest in patent data, emphasizing the 
offensive and defensive uses of patents (e.g., barriers to entry of new firms or patent thickets), 
patent portfolios related to the technology lifecycle, and recently non-practicing entities (also 
known as patent trolls). Furthermore, sociologists have paid attention to technology-related 
social phenomena, such as creativity and technology diffusion, through patent data. In particular, 
the emergence of social network analysis enabled social scientists to look at co-inventorship and 
relations between innovators and followers (or the mobility of inventors) as well as citations. 

By the nature of public policy, policy researchers have embraced what have been addressed 
in other disciplines. Specifically, science and technology policy researchers have used patent 
data in planning and assessing various R&D programs so as to inform R&D decision makers 
with more quantitative metrics. This approach became possible and more valuable as the number 
of patent applications has soared since the enactment of relevant laws, which underscored 
technology transfer from the public sector to the private sector, such as Bayh-Dole Act and 
Stevenson-Wydler Act. Health policy researchers also have noted the usefulness of patent data in 
measuring the performance of new drug development while indicating the negative effects of 
drug-related patents on public availability and ethical concerns about human body-related patents 
(e.g., gene patents). Even trade policy researchers have paid attention to patent data to examine 
international transactions of IP-intensive goods, the relationship between trade (e.g., foreign 
direct investment and international technology transfer) and the patent regime, and the 
ramifications of the World Trade Organization (WTO) Agreement on Trade-Related Aspects of 
Intellectual Property Rights (TRIPS). 

Such various applications of patent data came from not only patent counts but also essential 
components consisting of patent documents such as bibliographic information. Table 17 below 
summarizes the primary uses of patent data disclosed in numerous publications. 
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Table 17. Applications of Patent Data 

Components of patent 
documentation 

Metrics Attributes 

Title/Abstract Length of title; keywords in title/abstract Value of technology 

Classification Primary class; Number of classes Area of technology; Generality of 
technology 

Applicant/Assignee Number of new applicants; 
University/research institutes; Assignment 
from a firm to another firm; Address of 
applicant/assignee 

Maturity of technology market; 
Scientific nature of technology; 
Licensing of technology; Geography 
of technology development 

Application/Issuance 
dates 

Time lag between application and issuance 
dates 

Value of technology 

References Number of citations (forward, backward); 
Scientific literature 

Quality of technology; Scientific 
nature of technology 

Claims Number of claims Breadth of technology 

Others (operational 
components) 

Number of countries designated (family 
patents); Opposition procedure or third-party 
observations; Lawsuit of patent infringement 

Economic value of technology 

SOURCE: Grimaldi et al. (2015) and Gao et al. (2013) 
 
Using various metrics in the table above, a great body of literature has addressed numerous 

technology development and further economic growth issues in terms of geography and 
technology/industry. Some literature explored the motive for patenting by individual inventors 
and companies at the micro level while others examined regional clusters (meso-level) and 
national competitiveness (macro-level) using patent data. On the other hand, some literature 
sought to identify differences in innovation patterns by technology/industry, based on the 
concordance table combining patent data with industrial data.  

Despite such a broad applicability, patent data have been utilized to a minimal degree in 
assessing the SBIR program. Qualitative studies of the SBIR program did not look into patent 
data while a handful of quantitative studies, such as ones conducted by the National Academies 
and RAND, included patent data considering some simple metrics such as the number of patent 
applications and issuances. This means that they did not fully capitalize on the usefulness of 
patent data, and there is spacious room to apply patent data in this area. 

5.1.2. S Curves 

As discussed before, patent documents have several components of value to scholars in many 
disciplines. Of them, patent classifications have been less exploited relative to other components 
such as patent citations. Patent citation analysis has been widely accepted and is undoubtedly a 
useful tool for measuring the importance of specific patents (Jaffe, Fogarty and Banks, 1998), 
but recent studies also note that patent citations have several weaknesses. For instance, some 
studies found that the relationship between the number of citations and the value of patents is not 
linear (suggesting inversed U-shaped curves), while others observed that references cited are 
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discretionarily determined by patent applicants and added by patent examiners and are thus an 
incomplete set (Abrams, Akcigit and Popadak, 2013). 

Unlike patent references, patent classes are a complete set—every patent is given a specific 
class (usually more than one class)—which defines specific technical areas. More importantly, 
patent classifications give a picture of how patents are distributed across technologies and reflect 
the important fact that patents are clustered into the hierarchy of patent classification codes (e.g., 
section – class – subclass – group – subgroup). Such a function of patent classification enables 
one not only to sort out patents but also to explore the patent landscape and analyze innovation 
patterns by technology/industry, which is linked to the concept of the technology life cycle 
(TLC) or S-curve (Eusebi and Silberglitt, 2014). As a growth model depicting technology 
trajectory over time, TLC is composed of four phases: Emerging – Growth – Maturity – 
Saturation (in other words, research and development phase – ascent phase – maturity phase – 
decline phase in terms of R&D; or initial diffusion – early growing – late growing – maturity in 
terms of technology diffusion). These phases entail different levels of technological maturity (or 
risk) in a specific technology area and show different patterns of development across various 
technologies (Andersen, 1999). 

Figure 29 below, for instance, shows multiple S-shaped curves that represent the life cycle of 
class G01 (measuring or testing) technologies. Each S curve is created based on the cumulative 
patent applications over time. Each curve demonstrates different shapes characterized by 
different inflection points (IPS), different maximum growth rates (MGS), and different saturation 
levels (SLS). G01N (materials analysis) technology, for instance, emerges in the late 1870s, 
remains underdeveloped until the late-1960s, and grows rapidly from the early 1970s up to now. 
G01J (velocity and color measurement) technology, on the other hand, gradually grows up to the 
mid-1990s after passing an embryonic stage in the early 1970s, and it becomes mature from the 
early 2000s. While the inflection points of the two technologies may be similar, their growth 
rates and saturation levels are distinguishable. 

Fitting the curves to the following logistic function, the numeric values for S-curve 
trajectories can be obtained: 

	
1 exp	

 

where  = the number of accumulated patents at time t;  = ceiling or saturation level of 

patents (SLS);  = fraction;  = total population;  = inflection point (IPS); and /2 = maximum 
growth rate (MGS). 

Fitting the curves of G01N and G01J technologies, for instance, IPS, MGS, and SLS for 
G01N are 1990.431, 5.275% and 362,417 while those for G01J are 1990.237, 5.073% and 
60,141. As presented in Figure 9 below, both inflection points are around 1990, meaning that 
those G01N and G01J technologies turned from the growth stage to the maturity stage in 1990. 
The maximum growth rate of G01N technology is greater than that of G01J’s by 0.2% point. The 
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biggest contrast occurs in the saturation level – G01N technology is predicted to have six times 
more patent applications than G01J. 

Figure 29. Example of S Curves Based on Technology Life Cycle 

 
NOTE: Each S-shaped curve represents the life cycle of specific technologies. IPC subclasses for each technical 
area are presented as follows: 

G01B = Measuring length, thickness or similar linear dimensions; measuring angles; measuring areas; 
measuring irregularities of surfaces or contours 
G01C = Measuring distances, levels or bearings; surveying; navigation; gyroscopic instruments; 
photogrammetry or videogrammetry 
G01D = Measuring not specially adapted for a specific variable; arrangements for measuring two or more 
variables not covered by a single other subclass; tariff metering apparatus; transferring or transducing 
arrangements not specially adapted for a specific variable; measuring or testing not otherwise provided for 
G01F = Measuring volume, volume flow, mass flow, or liquid level; metering by volume 
G01G = Weighing 
G01H = Measurement of mechanical vibrations or ultrasonic, sonic or infrasonic waves 
G01J = Measurement of intensity, velocity, spectral content, polarization, phase or pulse characteristics of 
infra-red, visible or ultra-violet light; colorimetry; radiation pyrometry 
G01K = Measuring temperature; measuring quantity of heat; thermally-sensitive elements not otherwise 
provided for 
G01L = Measuring force, stress, torque, work, mechanical power, mechanical efficiency, or fluid pressure 
G01M = Testing static or dynamic balance of machines or structures; testing of structures or apparatus, not 
otherwise provided for 
G01N = Investigating or analyzing materials by determining their chemical or physical properties 
G01P = Measuring linear or angular speed, acceleration, deceleration or shock; indicating presence or 
absence of movement; indicating direction of movement 
G01Q = Scanning-probe techniques or apparatus; applications of scanning-probe techniques, e.g. scanning-
probe microscopy [SPM] 
G01R = Measuring electric variables; measuring magnetic variables 
G01S = Radio direction-finding; radio navigation; determining distance or velocity by use of radio waves; 
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locating or presence-detecting by use of the reflection or re-radiation of radio waves; analogous arrangements 
using other waves 
G01T = Measurement of nuclear or x-radiation 
G01V = Geophysics; gravitational measurements; detecting masses or objects; tags 
G01W = Meteorology 

 
Although patent classification analysis is useful to technology cluster analysis and growth 

analysis, this approach also has some weaknesses. The primary barrier to the use of this approach 
is that it requires knowledge of the patent classification code system (more broadly, patent 
space). For instance, U.S. Patent Classification (UPC) has hundreds of classes (from Class 2 
Apparel to Class 987 Organic compounds). If considering subclasses, then it becomes much 
more complex. Moreover, given that a patent application is generally given multiple 
classification codes, dealing with them would require some assumptions. The problem becomes 
worse when conducting an international comparison study because each country uses different 
patent classification codes. For instance, the United State uses UPC while many of other 
countries use International Patent Classification (IPC).70 Recently, some efforts to harmonize the 
classification system—e.g., the Cooperative Patent Classification (CPC), a compatible 
classification system between the US and Europe—have been made, but it is still challenging to 
do patent class analysis. 

Beyond the analysis of patent classes only, some studies have sought to match patent data 
with other data such as industrial data. Since technology development is closely connected to 
economic growth, most of those studies focused on the linkages between patents (an indicator for 
technology development) and jobs/payroll (a proxy for economic growth), using a concordance 
table. Matching different classification codes, various concordance tables have been proposed: 
between USPC and IPC; between USPC and SIC (Standard Industrial Classification)/NAICS 
(North American Industry Classification System); between IPC and Standard International Trade 
Classification (SITC)/International Standard Industrial Classification (ISIC); between IPC and 
35 technology fields; and so forth. Those tables resulted from different entities’ efforts, including 
domestic and international government organizations such as the U.S. Patent and Trademark 
Office (USPTO), the Organisation for Economic Co-operation and Development (OECD), and 
the World Intellectual Property Office (WIPO), academia such as Yale University and the 
Maastricht Economic Research Institute on Innovation and Technology, and individuals such as 
Silverman’s concordance table.71 

5.2. Technology Market 

While the approach of the technology life cycle addresses well the technological aspects, I 
also consider technology market-related characteristics because industry sectors are closely 

                                                 
70 In case of the Japanese Patent Office, it uses not only IPC but also its own system such as FI and F-Term. 
71 http://www-2.rotman.utoronto.ca/~silverman/ipcsic/documentation_ipc-sic_concordance.htm 

http://www-2.rotman.utoronto.ca/~silverman/ipcsic/documentation_ipc-sic_concordance.htm
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linked to economic conditions. In the process of technology commercialization, particularly, not 
only technological aspects but also market conditions are important. Table 18 below, for 
instance, shows industrial differences in technology commercialization. Aside from the first 
three elements (i.e., R&D time and costs and technological uncertainty) related to technological 
aspects, I take into account market conditions such as the last two elements (i.e., 
commercialization costs and market uncertainty). To do that, I hypothesize that those market 
characteristics stem from market concentration and economic output or value added. If the 
market is less concentrated (i.e., there are more competitors in the market), firms may need more 
commercialization expenditures (e.g., marketing costs) to distinguish their technology from 
others’. Furthermore, if the market has a sufficient size (in terms of gross output and value 
added), market uncertainty that firms face might be alleviated.  

Table 18. Industrial Differences in Technology Commercialization 

Industry Development 
time (years) 

R&D costs 
($million) 

Technological 
uncertainty 

Commercialization 
costs ($million) 

Market 
uncertainty 

Software 0-2 0-3 Low 1-10 Medium 

Biotechnology 10-15 5-10 Very high 300-900 Medium 

Advanced 
materials 

5-15 2-20 High 50-500 High 

SOURCE: Maine and Seegopaul (2016, p. 488) 
 
Unlike the technology life cycle (TLC) that focuses on the number of patent applications in 

technical areas, the industry life cycle (ILC) stresses the number of firms in industries. Thus, ILC 
considers market structure resulting from the entry, exit, and survival of firms when explaining 
industrial characteristics (Klepper, 1997). Similar to the TLC, however, the ILC incorporates 
some cycles or stages that industries undergo: from an early exploratory stage to an intermediate 
development stage, and to a mature stage (Williamson, 1975); from an early fluid state to a 
highly specific and rigid state in terms of (Utterback and Abernathy, 1975); and from an 
embryonic one to growing to mature markets (Drew, 1987). Klepper (1997, p. 148) describes the 
ILC in more detail with three stages of market evolution: 

In the initial, exploratory or embryonic stage, market volume is low, uncertainty 
is high, the product design is primitive, and unspecialized machinery is used to 
manufacture the product. Many firms enter and competition based on product 
innovation is intense. In the second, intermediate or growth stage, output growth 
is high, the design of the product begins to stabilize, product innovation declines, 
and the production process becomes more refined as specialized machinery is 
substituted for labor. Entry slows and a shakeout of producers occurs. Stage 
three, the mature stage, corresponds to a mature market. Output growth slows, 
entry declines further, market shares stabilize, innovations are less significant, 
and management, marketing, and manufacturing techniques become more 
refined.  
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This quote explains the relationship between technological innovation and market structure 
in delineating the dynamic evolution of industries. Aside from technological aspects, the quote 
contains some important keywords such as “uncertainty,” “output,” “market shares,” and 
“marketing” in relation to market conditions. As discussed above, those keywords may 
characterize the specific industries. 

In this vein, I focus on two market-related characteristics: market concentration and 
economic output (gross output and value added). 

5.2.1. Market Concentration 

To describe the market structure, some market concentration indices, such as concentration 
ratio (CRn) and Herfindahl-Hirschman index (HHI), are widely used. While the former measures 
the total output produced by a specific number of firms in the industry,72 the latter measures the 
size of firms relative to the industry by tallying the sum of the squares of the market shares of the 
firms within the industry. Because HHI is also used as an indicator of competition among firms, I 
use HHI to reflect the concentration of a technology market in a specific industry. Specifically, I 
compute HHIs73 for each IPC code as follows: 

 

where si = the patent share of firm i in the technology market.  
Figure 30 below shows the HHIs (with the total number of patent applications) for each IPC 

code (subclass-level technical areas). Because overall the HHIs are smaller than 500, all 
industries indexed by IPC codes are regarded as unconcentrated. Further, the HHIs of most IPC 
codes are smaller than 100, indicating that their market is highly competitive. However, there is 
clear variation in the HHIs across IPC codes. Some industries such as G03C (X-ray), G03G 
(electrography), G10B (organs) and G10H (electrophonic musical instruments) have relatively 
high HHIs (with relatively small number of patent applications) whereas others such as A61K 
(medical devices), G06F (digital data processing), and H01L (semiconductors) have relatively 
low HHIs (with relatively large number of patent applications). Other military-related industries 
such as G01S (radar and sonar), G01N (materials analysis), and F42B (explosives) also have 
very low HHIs (17, 3 and 18, respectively). 

                                                 
72 CR4, for instance, measures the total market share of the four largest firms in the industry. 
73 In this dissertation, I employ HHI19 because the PatBase database I use provides patent information about top 19 
applicants. When computing HHIs, it is sometimes limited to the 50 largest firms. Thus, the top 19 firms are a 
reasonable number for calculating HHIs. 
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Figure 30. Scatter Plot of HHI and Number of Patent Applications by IPC 

 
NOTE: y-axis = Herfindahl-Hirschman Index; and x-axis = number of patent applications. Details on some specific 
IPC codes are presented as follows: 

A61K = Preparations for medical, dental, or toilet purposes 
G03C = Photosensitive materials for photographic purposes; photographic processes, e.g. cine, X-ray, color 
or stereo-photographic processes; auxiliary processes in photography 
G03G = Electrography; electrophotography; magnetography 
G06F = Electric digital data processing 
G10B = Organs, harmoniums or like musical instruments with associated blowing apparatus 
G10H = Electrophonic musical instruments; instruments in which the tones are generated by 
electromechanical means or electronic generators, or in which the tones are synthesized from a data store 
H01L = Semiconductor devices; electric solid state devices not otherwise provided for 

 

5.2.2. Economic Output: Gross Output and Value Added 

As noted in Klepper (1997), the growth output is related to market “uncertainty” that offers 
not only threats but also opportunities to firms in the industry. To capture the potential of the 
specific industry, I use growth output and value added data provided by the Bureau of Economic 
Analysis. The problem here is that the BEA uses its own industry classification code, IO code, 
while patent data (for technology market) is categorized by IPC. To link the the BEA’s industry 
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data indexed by IO code with the technology market data indexed by IPC code, therefore, I take 
two steps: first I convert the IO code to NAICS code by following the BEA’s suggestion, and 
then I bridge the NAICS code to IPC code by using a concordance table. 

Although there are some approaches to link technological and economic activities 
(particularly at the industry level),74 I employ the probability-based concordance table suggested 
by Lybbert and Zolas (2012). Compared to other approaches that match IPC with NAICS codes 
on a one-on-one basis, Lybbert & Zolas’s (2012) approach is more reliable because they place a 
probability weight on each link between IPC and NAICS codes, based on their “Algorithmic 
Links with Probabilities” approach where they match two codes as a result of text analysis. 

Figure 31 below shows the scatter plot of growth output and value added by IPC codes. 
Overall, information technology-related industries such as G06F (digital data processing), G02B 
(optical apparatus) and H01L (semiconductors) lead in both growth output and value added, 
followed by chemical industries such as B01J (catalysis), B01D (separation) and C01B (non-
metallic compounds). 

                                                 
74 Kortum and Putnam (1997), for instance, linked the IPC to the Canadian Standardized Industrial Classification 
(SIC) code by using a concordance table that is called the Yale Technology Concordance (YTC). To extend the 
YTC for the international purpose, in addition, Johnson (2002) proposed the OECD Technology Concordance 
(OTC) that links IPC to the International Standard Industrial Classification (ISIC) code. Recently, there are some 
efforts to use Natural Language Processing (NLP) techniques such as CPC to NAICS Concordance 
(https://commercedataservice.github.io/cpc-naics/#). 

https://commercedataservice.github.io/cpc-naics/#
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Figure 31. Scatter Plot of Growth Output and Value Added by IPC 

 
NOTE: y-axis = growth output ($Billion); and x-axis = value added ($Billion). Details on some specific IPC codes are 
presented as follows: 

B01D = Separation 
B01J = Chemical or physical processes, e.g. catalysis, colloid chemistry; their relevant apparatus 
C01B = Non-metallic elements; compounds thereof 
G01N = Investigating or analyzing materials by determining their chemical or physical properties 
G02B = Optical elements, systems, or apparatus 
G06F = Electric digital data processing 
H01L = Semiconductor devices; electric solid state devices not otherwise provided for 

 

5.3. Effect of Industrial Characteristics on TBSB’s Success 

5.3.1. Data 

As explained in subsection 1.3.1 and subsection 3.3.1, four dependent variables (i.e., FPC, 
ROI, JOB, and PAT) are used. Because subsection 3.3.1 summarized all firm-level (i.e., lower-
level or level-1) variables, this subsection summarizes industry-level (i.e., upper-level or level-2) 
independent variables. Although I introduce 7 industry-level variables in Table 19 below, I drop 
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some variables and take some variables in a natural log form because of statistical issues as 
described in subsection 1.3.1.  

Table 19. Description of Upper-Level Variables 

Variable Definition Source Obs Mean Min Max

Independent: 

Industrial 
Characteri
stics 

SLS Saturation level of S curves EP 
database 

628 177.06 0.014 3,672 

Log of SLS 12.03 6.31 17.42 

IPS Inflection point of S curves (year) 628 1,996 1,916 2,308 

MGS Maximum growth rate of S curves (%) 628 4.18 0.85 46.31 

CRN Concentration ratio of four companies with 
largest patent applications 

PatBase 628 7.83 0.70 41.35 

HHI Herfindahl-Hirschman index of nineteen 
companies with largest patent applications 

628 36.88 0.25 482.87 

GOS Gross output of S curves (2013, $billion) BEA 628 34.38 3.93 539.83 

Log of GOS 23.96 22.76 26.13 

VAS Value added of S curves (2007, $billion) 628 14.82 1.49 172.94 

Log of VAS 22.79 21.12 25.88 

NOTE 1: The number of firms that have filed patent applications is 1,480 (out of 2,889); the number of states is 50; 
and the number of industry areas is 628. 
NOTE 2: BEA = Bureau of Economic Analysis (www.bea.gov) 

EP database = European Patent Office database (Espacenet) 
PatBase = PatBase Analytics (www.patbase.com/) 

 

5.3.2. Empirical Model 

To examine the effect of industrial characteristics on TBSB’s success, I use the following 
empirical model: 

TS = f(P, N, C) 

where TS is a measure of the success of DOD SBIR technology transition (lower level), P is 
a vector of industrial characteristics (upper level), N is a vector of network characteristics (lower 
level), and C is a vector of control variables (lower level). Drawing on the models, I run 
hierarchical linear models (HLMs) for four types of dependent variables (i.e., FPC, ROI, JOB, 
and PAT). I also run Poisson HLMs for PAT because the number of patents is a non-negative 
count variable. 

5.3.2.1. Intraclass Correlation Coefficient 

Before conducting HLM analysis, intraclass correlation coefficients (ICCs) are computed to 
describe the proportion of the total variance that depends on an upper level (i.e., industry). The 

http://www.bea.gov
http://www.patbase.com/
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ICCs are calculated, based on the following formula, using a null model (i.e., a model without 
any independent variable): 

	
	

 

where τ00 = variance at level 2; and σ2 = variance at level 1. To identify not only the 
region/industry effects (stemming from level 2) but also the network effect (coming from level 
1), I further compare R2s in regressions with and without network-related variables. The result of 
ICCs and differences in R2 computation are presented in the table below. According to Table 20, 
the effect of three contexts (network, region, and industry) is substantial in PAT while negligible 
in JOB. Specifically, more than 90% variance of PAT is explained by the three-context effects 
(particularly by industrial effect). On the other hand, 11% to 15% variance of FPC or ROI is 
explained by the three-context effects (somewhat higher from industrial effect than regional or 
network effect). In contrast, less than 1% variance of JOB is explained by the three-context 
effects. Although most dependent variables (except PAT) have relatively small ICCs, it would be 
still worth executing HLMs because as Roberts (2007) pointed out, the addition of more 
independent variables can lead to additional dependence.  

Table 20. Effect Size of Region, Industry, and Network 

Dependent Variable 

ICC ∆R2

Sum Region Industry Network

FPC 3.56% 5.50% 2.61% 11.67% 

ROI 3.55% 5.78% 5.23% 14.56% 

JOB 0.17% 0.09% 0.27% 0.53% 

PAT 0.28% 80.35% 11.77% 92.40% 

NOTE: Differences in R2 were roughly computed for only 7 network-related variables (i.e., SEQ, TDD, TDP, TSP, 
TVD, TVP, and SEC), excluding their squares or interaction terms. 

 

5.3.2.2. Centering 

Because some variables used in this study do not contain a true zero point, centering is 
applied to all continuous independent variables (Anderson, 2012). For instance, ASA_ln (i.e. the 
log of SBIR awards) is entered into models in the centered form (centASA_ln) because all study 
subjects are awarded at least one SBIR award and thus ASA_ln does not have a zero value.75 For 
the same reason, all continuous variables are entered into models either group-mean centered or 
grand-mean centered. I apply group-mean centering to level-1 continuous variables while 

                                                 
75 The minimum value of ASA_ln is 11.51 while that of ASA is 100,000. 
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applying grand-mean centering to level-2 continuous variables. Through the centering, I can also 
reduce the possibility of multicollinearity issues that may cause biased estimation. 

5.3.2.3. HLMs with Firm- and Industry-level Variables 

For HLMs with level-1 (firm-related) and level-2 (industry-related) variables, I run five 
models for four dependent variables: PF 1-5 models for FPC; PR 1-5 models for ROI; PJ 1-5 
models for JOB; and PP 1-5 models for PAT. For PAT, in addition, I run Poisson HLMs: PS 1-4 
models. As with HLMs with firm- and state-level predictors, the first models have no 
independent variable while the second and third models for each dependent variable include 
firm- and network-related variables, respectively. The fourth models include not only level-1 
variables but also level-2s (e.g., centSLS_ln and centVAS_ln) to explore the industry effects. The 
fifth models include only some selected variables that are believed to be statistically significant. 
Those models use unstructured covariance matrix and random intercept. Because the first 
through third models are the same as those in subsection 4.1.2 (except for using subscript k = 
industry instead of i = region), I provide only the fourth and fifth models here. In multilevel 
equations form, 

 Fourth models: 

 Level 1: Yik = β0j + β1k(centASA_ln)ik + β2k(centAGE)ik + β3j(HUB)ik + 
β4k(OWN)ik + β5k(TPA)ik + β6k(LST)ik + β7j(HTC)ik + β8k(SEQ)ik + β9k(centTDD)ik 
+ βAk(centTDP)ik + βBk(centTSP_ln)ik + βCk(centTVD)ik + βDk(centTVP)ik + 
βEk(centSEC)ik + γik 

 Level 2: β0k = γ00 + γ01(centSLS_ln)k + γ02(centIPS)k + γ03(centMGS)k + 
γ04(centHHI)k + γ05(centGOS_ln)k + γ06(centVAS_ln)k + μ0k 

 Mixed: Yik = γ00 + μ0k + γ01(centSLS_ln)k + γ02(centIPS)k + γ03(centMGS)k + 
γ04(centHHI)k + γ05(centGOS_ln)k + γ06(centVAS_ln)k + μ0k + γ10(centASA_ln)ik + 
γ20(centAGE)ik + γ30(HUB)ik + γ40(OWN)ik + γ50(TPA)ik + γ60(LST)ik + γ70(HTC)ik 
+ γ80(SEQ)ik + γ90(centTDD)ik + γA0(centTDP)ik + γB0(centTSP_ln)ik + 
γC0(centTVD)ik + γD0(centTVP)ik + γE0(centSEC)ik + γik. 

 Fifth models:  

 Level 1: : 	 	∑ ∗ 	  
 Level 2: 	 	 	∑ ∗ 
 Mixed: 	 	 	∑ ∗ 	∑ ∗ 	  

 
where Yik = FPCik or ROIik or JOBik or PATik, i = firm, k = industry; βmj = γm0; m = number of 

(selected) level-1 variables; n = number of (selected) level-2 variables; X* = selected level-1 
variables; and R* = selected level-2 variables. 
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5.3.3. Analysis and Discussion 

Since the effects of firm-level characteristics were alreary described in subsection 3.3.3, I 
focus on the effects of industrial characteristics on technology transition in this subsection. More 
detailed analysis and discussion are made in Appendix E.3. 

5.3.3.1. HLM Analysis of Industrial Effects on Technology Transition 

5.3.3.1.1. Dependent Variable 1: FPC 

The table in Appendix E.3.1 shows the result of the HLM analysis of industrial effects on 
small firms’ federal procurement contracts. At the firm level, statistically significant variables 
include: centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and centSEC and 
centTDP from firms’ network characteristics. All these variables are positively associated with 
FPC_ln. At the industrial level, statistically significant variables include centIPS and 
centVAS_ln. While the former is positively associated with FPC_ln, the latter is negatively 
associated. Both fixed and random intercepts are also statistically significant, meaning there is 
regional variation across industries. 

The result can be interpreted as follows (based on model PF 5 in Appendix E.3.1): 

 Characteristics of industries where small firms are nested are positively or negatively 
associated with firms’ federal procurement contracts. Specifically, holding others 
constant: 

 If an industry’s inflection point increases (i.e., the S curve of an industry moves to 
the right because of new technology emergence), the federal procurement 
contracts of small firms that are nested in that industry are expected to increase. 

 If an industry’s value added increases, the federal procurement contracts of small 
firms that are nested in that industry are expected to decrease. 

5.3.3.1.2. Dependent Variable 2: ROI 

The table in Appendix E.3.2 shows the result of the HLM analysis of industrial effects on 
small firms’ return on investment (ROI). At the firm level, statistically significant variables 
include: centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and centSEC, 
centTDP, and centTVD (only in models PR 3 and 4) from firms’ network characteristics. Most 
these variables, except centASA_ln, are positively associated with ROI_ln. At the industrial level, 
statistically significant variables include centSLS_ln (only in model PR 4). Both fixed and 
random intercepts are also statistically significant, meaning there is regional variation across 
industries. 

5.3.3.1.3. Dependent Variable 3: JOB 

The table in Appendix E.3.3 shows the result of the HLM analysis of industrial effects on 
small firms’ change in the number of employees per year (JOB). At the firm level, statistically 
significant variables include centASA_ln, centAGE, and OWN from firms’ demographics; and no 
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network-related variable is statistically significant. While centASA_ln and centAGE are 
positively associated with JOB, OWN is negatively associated. At the industrial level, only 
centVAS_ln is statistically significant with negative relationship with JOB. Random intercepts 
are not statistically significant, meaning there is no variation across industries. 

The result can be interpreted as follows (based on model PJ 5 in Appendix E.3.3): 

 Characteristics of industries where small firms are nested are negatively associated with 
firms’ JOB. Specifically, holding others constant: 

 If an industry’s value added increases, the job creation of small firms that are 
nested in that industry is expected to decrease.  

5.3.3.1.4. Dependent Variable 4: PAT (OLS) 

The table in Appendix E.3.4 shows the result of the HLM analysis of industrial effects on 
small firms’ patent applications (PAT). At the firm level, statistically significant variables 
include: centASA_ln, OWN (only in model PP 2), and TPA from firms’ demographics; and 
centSEC (only in models PP 3 and 4), centTDP, centTSP_ln, and centTVP from firms’ network 
characteristics. While centASA_ln, TPA, centTDP, and centTVP are positively associated with 
PAT while OWN, centSEC, and centTSP_ln are negatively associated. At the industrial level, 
there is no statistically significant variable. Both fixed and random intercepts are statistically 
significant, meaning there is variation across industries. 

5.3.3.1.5. Dependent Variable 4: PAT (Poisson) 

The table in Appendix E.3.5 shows the result of the HLM analysis of industrial effects on 
small firms’ patent applications. At the firm level, statistically significant variables include: 
centASA_ln, centAGE, HUB, OWN, TPA, LST (only in model PS 2), and HTC from firms’ 
demographics; and SEQ, centSEC, centTDD, centTDP, centTSP_ln, centTVD and centTVP from 
firms’ network characteristics. While centASA_ln, centAGE, HUB, TPA, centTDD, cenTDP, 
centTVD, and centTVP are positively associated with PAT_ln, OWN, HTC, SEQ, centSEC, and 
centTSP_ln are negatively associated. At the industrial level, only centGOS_ln is statistically 
significant. Both fixed and random intercepts are also statistically significant, meaning there is 
industrial variation across states. 

The result can be interpreted as follows (based on model PS 4 in Appendix E.3.5): 

 The characteristics of industries where small firms are nested are positively associated 
with firms’ PAT_ln. Specifically, holding others constant: 

 If an industry’s gross output increases, the number of patent applications of small 
firms that are nested in that industry is expected to increase. 
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5.3.3.2. Discussion 

Overall, random intercept HLMs work well for dependent variables, except for JOB. In the 
HLMs for FPC_ln, ROI_ln, and PAT (Normal and Poisson), random intercepts are statistically 
significant as shown in Table 21 below. It means there is variation across states or industries. 

Table 21. Statistical Significance of Random Intercept 

HLM FPC_ln ROI_ln JOB PAT 
(Normal) 

PAT 
(Poisson) 

Random 
Intercept 

Region Statistically 
significant 

Statistically 
significant 

Not 
significant 

Not 
significant 

Statistically 
significant 

Industry Statistically 
significant 

Statistically 
significant 

Not 
significant 

Statistically 
significant 

Statistically 
significant 

NOTE: For comparison, I added the statistical significance of random intercept for region. 
 
Table 22 below summarizes the result of two series of HLM analyses: firm/region (FR HLM) 

and firm/industry (FP HLM) models. Overall, some controls (e.g., centASA_ln, centAGE, TPA, 
and HTC) and network variables (e.g., SEC_ct, TDP_ct, and TVP_ct) are statistically significant 
regardless of models and dependent variables. While some of them are positively (or negatively) 
associated with all dependent variables, others’ relationships depend on specific models and 
dependent variables. For instance, centAGE and TPA are positively associated and OWN is 
negatively associated with all dependent variables whereas centASA_ln is associated negatively 
with ROI_ln but positively with others, and centSEC is associated positively with FPC_ln and 
ROI_ln but negatively with PAT.  

Since firm-level demographics and network-related variables are fully discussed in Chapter 
3, I focus on level-2 characteristics in this chapter. Primary findings are presented as follows: 

 In FP HLMs, 

 centIPS is positively associated with FPC_ln. In other words, small firms nested 
in industries that have higher inflection points of S curves (i.e., more recently 
emerging industries) are likely to win more federal procurement contracts. 

 centVAS_ln is negatively associated with FPC_ln and JOB. In other words, small 
firms nested in industries that have higher value added are likely to make less 
federal procurement contracts and smaller employment change. It may be 
somewhat contradictory because industries with higher valued added are believed 
to be more promising in terms of technology commercialization. It may be true 
for civil-use technology commercialization, but not for military uses (i.e., 
technology transition) because there are some discrepancies between industries 
with high value added and with large federal procurement contracts. The former 
industries include G02B, G06F, G01N, H01L, B01J, C01B and B01D in the order 
of size (as shown in the sub-subsection 4.2.3.2), while the latter includes H04B, 
G01N, G01S, B32B, G06F and H01Q (as shown in the subsection 4.3.2). 
Although two industries (G01N and G06F) belong to both, other industries do not. 
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An alternative explanation may be that most industries with high value added are 
dominated by large firms. 

 centSLS_ln is negatively associated with ROI_ln. In other words, small firms 
nested in industries that have a higher saturation level of S curves are likely to 
generate less return on investment. Contrary to the case of DSM, centSLS_ln 
might decrease ROI by increasing small firms’ SBIR awards. Higher SLS means 
there are a larger number of patent applications in the industries and in turn, more 
R&D activities are performed and innovations are created in the industries. As a 
result, those industrial characteristics may positively influence the SBIR awards 
of small firms nested in the industries. 

 centGOS_ln is positively associated with PAT. In other words, small firms nested 
in industries that have larger gross output are likely to file more patent 
applications. Unlike the case of centVAS_ln, there are some alignments between 
industries with large gross output and with many patent applications.  

Table 22. Summary of HLM Analysis Results 

Dependent 
Variable 

HLM: Firm-Region HLM: Firm-Industry

FPC_ln (+): centASA_ln, centAGE, TPA, HTC, centSEC, 
centTDP, centTVD, centTCD, centNDL, 
centNDM, DSO 

(-): SEQ 

(+): centASA_ln, centAGE, TPA, HTC, centSEC, 
centTDP, centTVD, centIPS 

(-): centVAS_ln 

ROI_ln (+): centAGE, TPA, HTC, centSEC, centTDD, 
centTVD, centTCD, centNDL, DSM, DSO 

(-): centASA_ln, centTVP 

(+): centAGE, TPA, HTC, centSEC, centTDP, 
centTVD 

(-): centASA_ln, centSLS_ln 

JOB (+): centASA_ln, centAGE, DSO 

(-): OWN 

(+): centASA_ln, centAGE 

(-): OWN, centVAS_ln 

PAT (+): TPA, HTC, centTDP, centTVP 

(-): OWN, centTSP_ln 

(+): centASA_ln, TPA, centTDP, centTVP 

(-): OWN, centSEC, centTSP_ln 

PAT 
(Poisson) 

(+): centASA_ln, centAGE, HUB, TPA, LST, HTC, 
centTDD, centTDP, centTVD, centTVP 

(-):OWN, SEQ, centSEC, centTSP_ln 

(+): centASA_ln, centAGE, HUB, TPA, LST, 
centTDD, centTDP, centTVD, centTVP, 
centGOS_ln 

(-): OWN, HTC, SEQ, centSEC, centTSP_ln  

NOTE: Statistically significant level-2 variables are bolded. 
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Chapter 6. Conclusion 

Associating entrepreneurship with innovation, many nations, regions, states, and 
universities have adopted policies to stimulate innovation by entrepreneurial 
firms, in the hope of facilitating economic growth. … These initiatives include 
technology-based economic development (e.g., incubators/accelerators), as well 
as formal government programs, such as the Small Business Innovation Research 
(SBIR)/Small Business Technology Transfer (STTR) program in the U.S. – 
Autio et al. (2014, p. 1097) 

 
This chapter summarizes the findings of previous chapters based on the analysis of SBIR 

data and the results of analytical models. Findings are listed according to whether they derive 
from SBIR data analyses or from the models, and for the latter case, according to which 
contextual model (network, regional, and industrial). I then list and describe conclusions based 
on the findings and briefly discuss limitations of this work and some potential future studies. 

6.1. Findings 

This dissertation had two objectives: (1) better understanding the contextual effects on the 
success of the transition of technologies generated through the DOD SBIR program; and (2) 
developing policy recommendations for enhancing the contexts and, in turn, facilitating the way 
the SBIR transitions technologies from abstract concepts to concrete engineering capabilities that 
the U.S. can use in its military system. 

Of the various contexts surrounding the DOD SBIR technology transition, this dissertation 
focused on three: social (network), spatial (region), and industrial (technology). These contexts 
were chosen because, for technology-based small businesses (particularly, DOD SBIR 
awardees), close networks with other businesses (e.g., prime contractors) and government 
agencies (e.g., DOD) may provide a channel for obtaining complementary assets such as 
information (or knowledge) and capital. States with high innovation capacity and policy support 
may provide favorable business environments in receiving technological, managerial, and legal 
services from defense labs, and mentoring large firms, business incubators, and patent 
practitioners. As well, industries with emerging technologies, big market sizes and high growth 
rates may mitigate market risk that small businesses face and offer a high chance of success in 
the technology transition.  

To explore how these three contexts influence the DOD SBIR technology transition, I 
conducted regression analyses with four dependent variables—amount of federal procurement 
contracts (FPC), return on investment (ROI), jobs created (JOB), and patents filed (PAT)—and 
multiple independent variables indicating firm demographics, network-, region-, and industry-
related characteristics. For the network context, I performed regression analyses (Normal, 
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Poisson, and Negative Binomial) with independent variables related to the technological (e.g., 
technological distance, specialization, and variety) and network (e.g., centrality and 
core/periphery in the SBIR funding network) positions of the DOD SBIR awardees. For the 
regional context, I conducted hierarchical linear modeling (HLM) analyses with independent 
variables related to state-level innovation capacity and support (e.g., State Tech and Science 
Index, and state-level SBIR supporting programs), anchor tenants (e.g., defense labs and DOD 
mentors) and innovation brokers (e.g., business incubators and patent practitioners). For the 
industrial context, I performed HLM analyses with independent variables related to technology 
life cycle (e.g., S-curve characteristics such as saturation level, inflection point, and maximum 
growth rate) and technology market (e.g., market concentration and industry economic output). 

The following subsections provide findings from the preliminary analysis of SBIR awards 
and federal procurement contracts data, and from the each context. 

6.1.1. Findings from the Preliminary Analysis of SBIR Awards and Federal Procurement 
Contracts Data 

The following summarizes the findings from the analysis of the SBIR funding network: 

 (P1) Each service SBIR awardee tends to receive the SBIR funding from itself first, 
followed by other two services, NASA, MDA, DOE, DARPA, DHHS, and NSF; and 

 (P2) Some small businesses and states have strong SBIR bonds to specific federal 
agencies (e.g., Virginia’s strong bond to the Navy). 

The following summarizes the findings from the regional analysis of the DOD SBIR awards: 

 (P3) DOD SBIR awardees are spatially clustered; 
 (P4) Small businesses in specific states have been awarded much more SBIR funding 

than others have. For instance, leading states include California, Massachusetts, Virginia, 
Maryland, and Ohio while lagging states include Wyoming, North Dakota, Nebraska, 
South Dakota, and Alaska; and 

 (P5) While some states (e.g., California and Massachusetts) have been awarded SBIR 
funding from three services in a balanced manner, others have been awarded by a specific 
service (e.g., Ohio and Colorado from the Air Force, and Virginia, Pennsylvania, and 
Maryland from the Navy). 

The following summarizes the findings from the regional analysis of the DOD SBIR 
awardees’ federal procurement contracts: 

 (P6) While most states are confined to the box drawn by $1 billion of Air Force and $1 
billion of Navy procurement contracts, some (e.g., California, Massachusetts, Virginia, 
Ohio, and Maryland) have won many more procurement contracts than others (see Figure 
14); and 

 (P7) Some states have won procurement contracts from a specific service (e.g., Ohio 
from the Air Force, and Virginia and Maryland from the Navy). 
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The following summarizes the findings from the industrial analysis of the DOD SBIR 
awards: 

 (P8) DOD SBIR awardees are sectorally clustered; 
 (P9) Small businesses in specific industries have been awarded much more SBIR funding 

than others have. For instance, leading industries include G06F (digital data processing), 
H01L (semiconductor devices), G01N (materials analysis), G02B (optical apparatus), 
G01S (radar and sonar), and B32B (layered products); and 

 (P10) While some industries (e.g., G06F and G02B) have been awarded SBIR funding 
from three services in a balanced manner, others have been awarded from a specific 
service (e.g., H01Q—aerials technology—from the Air Force, and H04B—transmission 
technology—from the Navy). 

The following summarizes the findings from the industrial analysis of the DOD SBIR 
awardees’ federal procurement contracts: 

 (P11) While most industries are confined to the box drawn by $500 million of Air Force 
and $1 billion of Navy procurement contracts, some (e.g., H04B, G01S, G01N, G06F, 
and B32B) have won many more procurement contracts than others have (see Figure 15); 
and 

 (P12) Some industries have won procurement contracts from a specific service (e.g., 
H02M—apparatus for power conversion—from the Air Force, and F41G—weapon 
sights—from the Navy). 

6.1.2. Findings from Network Context 

The following summarizes the findings from the regression analyses with four dependent 
variables and independent variables related to the technological and network positions of DOD 
SBIR awardees: 

 (N1) Small firms’ larger SBIR awards, higher age, more cutting-edge technology or high-
tech focus are more likely to lead to success in technology transition;  

 (N2) Small firms’ higher technological distance (in particular, relative to prime 
contractors) and more central network position are more likely to facilitate technology 
transition. To some extent, they are expected to lead to success, but excessive centrality 
and technological distance may stifle that success; 

 (N3) Small firms’ manufacturing facilities are expected to contribute to job creation; 
 (N4) Small firms’ ownership by women or minorities, and their technological 

specializations, are expected to lower their patent output whereas technological 
diversification (in particular, relative to the DOD) is expected to raise the patent output;  

 (N5) Small firms’ technological distance (in particular, relative to the DOD) is expected 
to increase their patent output to a certain degree, but undue distance may decrease the 
patent output; 

 (N6) Cutting-edge technology plays a more critical role for small firms with sparser 
networks in achieving larger federal procurement contracts or higher returns on 
investment; 
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 (N7) Greater technological distance relative to prime contractors contributes to a higher 
return on investment only in small firms with denser networks; 

 (N8) A firm’s age and centrality are more important in job creation for small firms with 
sparser networks; 

 (N9) Firms’ centrality contributes to patent output differently depending on whether they 
belong to denser or sparser networks. In other words, more central firms in dense 
networks or less central firms in sparse networks are expected to file more patents; and 

 (N10) Firms’ SBIR awards and location in the HUBZone play different roles by group in 
patent output. In other words, SBIR awards or the HUBZone are more critical for firms 
with sparse networks than those with dense networks. 

6.1.3. Findings from Regional Context 

The following summarizes the findings from the hierarchical linear modeling analyses with 
four dependent variables and independent variables related to regional characteristics: 

 (R1) States with higher scores in Technology Concentration and Dynamism—a better 
business environment for tech-based entrepreneurship (e.g., high birth and growth rate of 
tech companies and industries)—may facilitate their small firms to win federal 
procurement contracts enough to increase their return on investment; 

 (R2) The number of defense labs may matter in small firms’ winning federal procurement 
contracts and improving their return on investment. This may confirm the role that 
defense labs play as anchor tenants. However, their role may be limited to assisting small 
firms in technology transition rather than technology development and transfer 
(evidenced by the analysis result that the number of defense labs is not statistically 
associated with the number of patent applications);  

 (R3) The number of DOD mentors (i.e., large prime contractors who signed up for 
mentoring small businesses) may be important in protégés’s (i.e., small firms) winning 
federal procurement contracts. Because the primary goal of the DOD Mentor-Protégé 
Program (MPP) is for mentors to help protégés make more federal procurement contracts, 
this analysis result may confirm that the DOD MPP is a useful program for DOD SBIR 
awardees; 

 (R4) State-level SBIR match programs may increase small firms’ return on investment.76 
It may imply that state match programs alleviate the financial needs of small firms that 
otherwise totally depend on federal SBIR programs;  

 (R5) State-level SBIR outreach programs (e.g., SBIR proposal assistance) may help small 
firms win federal procurement contracts enough to make a high return on investment and 
to increase the number of employees. 

6.1.4. Findings from Industrial Context 

The following summarizes the findings from the hierarchical linear modeling analyses with 
four dependent variables and independent variables related to industrial characteristics: 

                                                 
76 Again, the return on investment (ROI) defined in this dissertation is different from the private-sector ROI. Here, 
the ROI is defined as: ROI = (federal procurement contracts – SBIR awards) / SBIR awards. 
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 (I1) Small firms nested in industries that have higher inflection points of S curves (i.e., 
more recently emerging industries) are likely to win more federal procurement contracts; 

 (I2) Small firms nested in industries that have higher value added are likely to make 
fewer federal procurement contracts and have a smaller employment change; 

 (I3) Small firms nested in industries that have a higher saturation level of S curves are 
likely to generate less return on investment; and 

 (I4) Small firms nested in industries that have larger gross output are likely to file more 
patent applications.  

6.2. Policy Implications 

The analysis results of this dissertation have policy implications not only for federal agencies 
but also state governments. 

6.2.1. Policy Implications for Federal Government 

6.2.1.1. Department of Defense 

6.2.1.1.1. Intra- and inter-agency collaborations 

Recommendation 1. The DOD SBIR program needs to strengthen intra- and inter-agency 
collaborations.  

Because the SBIR program is independently operated by each DOD component and federal 
agency, it may incur the ineffectiveness and inefficiency of the overall program, although it may 
maximize the interests of each agency. As shown in the findings (P1), (P5), and (P10), DOD 
SBIR awardees have received their awards from multiple agencies. During the 2001 to 2010 
period, for instance, Navy SBIR awardees received $4 billion from the Navy and approximately 
$1.8 billion and $1.5 billion from the Air Force and the Army, respectively. They have received 
the SBIR funding not only from the DOD but also from non-DOD agencies such as the NASA, 
DOE, DHHS, and NSF. 

These results have some policy implications. Because three-service SBIR awards are much 
greater than other agencies’ and have a substantial portion of SBIR awardees in common, they 
may need to cooperate in managing their SBIR awardees. When generating the SBIR topics and 
selecting awardees, for instance, the SBIR program officers may need to share relevant 
information with other services’ or components’ officers. All three services generating similar 
topics and selecting the same awardees may be helpful for the selected small firms’ technological 
specialization, but it could be lavish funding to those selected while precluding other firms from 
participating in the SBIR program. Furthermore, when providing technical, managerial, and 
financial assistance to the awardees for facilitating their technology commercialization, it could 
save public money to share the information about the awardees that have multiple SBIR funding 
sources. 
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Recommendation 2. The DOD SBIR Program needs to address the issues related to SBIR Mills. 
I recommend that SBIR awardees that receive more than 60 million SBIR dollars (i.e., the third 
quartile) be separated into two groups based on their technology transition performance 
(particularly the return on investment), and limits be set on number of awards or number of 
dollars based on threshold values of technology transition. This will likely require new data 
collection. 

As shown in the findings (P2)-(P4), (P8), and (P9), DOD SBIR awardees are spatially and 
sectorally clustered, and some of them have won much more SBIR awards than others. The 
issues related to the SBIR Mills (ore multi-award winners) have been used as a means for 
criticizing the SBIR program for a long time. Some insist that multiple SBIR awards do not harm 
the program. Rather, they contribute to awardees’ technological specialization and their 
improved performance such as higher innovation output and more job creation (Wessner and 
Gaster, 2008). This dissertation also shows that small firms’ larger SBIR awards and more 
connections to influential funding agencies are more likely to facilitate the DOD SBIR 
technology transition. Aside from economic performance, others criticize the multiple awards on 
political grounds. They argue that the concentration of SBIR awards on specific small firms 
benefits only a few elite firms while depriving new firms of opportunities to win the awards and 
to participate in the DOD procurement contracts. They also point out that the multiple awards 
may be the result of SBIR program officers’ behavior of picking low hanging fruits (i.e., 
selecting small firms that are likely to be successful and would succeed even without the SBIR 
award) or close relationships with SBIR program managers (Lerner, 2000). In other words, 
program officers may be tempted to select small firms with high prospects of technology 
commercialization because they need to generate more success stories to boast their 
performance. They may also be tempted to select firms that they know well. 

One compromise solution may be to separate the SBIR mills into two groups: one with 
superior R&D capacity and superior technology transition records, and another with superior 
R&D but inferior technology transition records. The DOD SBIR program may want to keep 
funding the former but stop funding the latter. Providing the SBIR funding to the former may 
help the program meet more goals77 and make the program more effective and efficient. For 
instance, maintaining the SBIR contracts only with small businesses that have excellent 
qualifications for R&D and technology transition may stimulate technological innovation, meet 
the DOD needs, save the SBIR funding that otherwise would go to small businesses that have 
poor technology transition records, and secure the saved funding to small businesses owned by 
minority and disadvantaged people. 

                                                 
77 As introduced in chapter 1, the goals of the SBIR program are: (1) to stimulate technological innovation; (2) to 
use small businesses to meet federal R&D needs; (3) to foster and encourage participation by minority and 
disadvantaged people in technological innovation; and (4) to increase private-sector commercialization of 
innovations derived from federal R&D. 
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Yet, dividing the SBIR mills requires a careful approach. For a more objective decision, the 
DOD components need to share their information about technology transition made by small 
businesses to which they have awarded the SBIR funding. The Federal Procurement Database 
(e.g., FPDS-NG) may be used for the purpose, but the database contains only direct technology 
transition (i.e., technology transition from small businesses to the DOD) not indirect technology 
transition (i.e., technology transition from small businesses to the DOD via prime contractors). 
The SBIR program offices (particularly at non-DOD federal agencies) may want to consider not 
only technology transition but also private market sales or licensing. In that case, a more 
sophisticated and integrated database may be needed to determine the qualifications for sufficient 
commercialization records. To do that, intra- and inter-agency collaborations are essential. 

6.2.1.1.2. Cooperation with State Governments  

Recommendation 3. The DOD SBIR program needs to cooperate more closely with state 
governments.  

As shown in the findings (P2)-(P7), the SBIR awards and their successful outcomes—federal 
procurement contracts—are concentrated in specific states. Existing approaches to the SBIR 
outreach, implemented by the DOD or SBA, such as the SBIR Help Desk,78 sponsoring or 
participating the annual National SBIR conferences,79 and the SBIR Road Tour,80 may not be 
sufficient to address the issue. The DOD, in collaboration with state governments, needs to 
generate creative ideas and implement specific plans to diversify the SBIR awards and the DOD 
procurement contracts across states. One way may be through the defense labs and another may 
be through the other DOD programs or state programs. 

As shown in the finding (R2), the number of defense labs is positively associated with the 
number of federal procurement contracts and the return on investment, but it does not have a 
statistically significant relationship with the number of jobs created and patents filed. It may 
imply that defense labs play an important role in small firms winning federal procurement 
contracts as an anchor tenant but have a limited role in technology development and transfer. 
Although the DOD, in collaboration with Congress, has attempted to enhance the utilization of 
defense labs, for instance, by building model programs for connecting defense labs with state and 
local governments and small businesses (the National Defense Authorization Act of 1991), and 
by establishing the Centers for Science, Technology, and Engineering Partnership within the labs 
(the National Defense Authorization Act for FY 2016), there may be still room for improvement. 
For instance, the DOD may want to provide more support to defense labs in lagging states (e.g., 

                                                 
78 http://www.acq.osd.mil/osbp/sbir/contacts/help-desk.shtml 
79 http://nationalinnovationsummit.com/program/National_SBIR_Conference.html 
80 http://www.sbirroadtour.com/ 

http://www.acq.osd.mil/osbp/sbir/contacts/help-desk.shtml
http://nationalinnovationsummit.com/program/National_SBIR_Conference.html
http://www.sbirroadtour.com/
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Alabama, Arkansas, Mississippi, and New Mexico) in terms of the SBIR awards and DOD 
procurement contracts. 

The DOD also can use the DOD Mentor-Protégé Program (MPP) as a vehicle for 
collaborating with state governments to increase the SBIR awards and federal procurement 
contracts in lagging states. As shown in the finding (R3), the number of DOD mentors is 
positively associated with the number of federal procurement contracts. As another anchor 
tenant, large prime contractors may provide valuable technological and managerial input to small 
businesses. To increase the participation of large firms in the DOD MPP, not only DOD but also 
state governments may provide matching funds or offer credits for them to take advantage of the 
bidding system of state-level procurement contracts. 

6.2.1.1.3. Better Utilization of Innovation Brokers 

Recommendation 4. The DOD SBIR program needs to utilize innovation brokers better.  

Although the number of business incubators and patent practitioners does not have 
statistically significant relationship with technology transition (as shown in chapter 4), other 
innovation brokers may enhance network and industrial contexts that have statistically 
significant relationships (as shown in chapters 3 and 5).  

In reality, SBIR-participating federal agencies have provided managerial training with a 
focus on technology commercialization (including technology transition). In delivering the 
consulting services, the DOD has employed third-party contractors such as Dawnbreaker81 and 
the Larta Institute.82 They tend to provide strategic planning, market research, and marketing 
communications assistance to DOD SBIR winners. However, the role of innovation brokers 
should not be limited to those services. As Howells (2006) indicated, innovation intermediation 
includes multiple functions: foresight and diagnostics; scanning and information processing, 
knowledge processing and combination/recombination; gatekeeping and brokering; testing and 
validation; accreditation; regulation; protecting the results; commercialization; and evaluation of 
outcomes. In particular, the first two functions involve technology foresight and forecasting, 
articulation of needs and requirements, scanning and technology intelligence, and scoping and 
filtering. These functions are closely related to identifying the technological position of small 
businesses and characterizing the technology market. 

In this vein, the DOD needs to employ new third-party contractors with a technology 
intelligence capacity or encourage the existing contractors to have that capacity. As shown in the 
findings (P8)-(P12), (N1)-(N10), and (I1)-(I4), the technology intelligence may include the 
different technology portfolios small businesses have in relation to the DOD and prime 
contractors, and what strategies (e.g., technological specialization vs. variety; entering traditional 

                                                 
81 http://www.dawnbreaker.com/ 
82 http://www.larta.org/ 

http://www.dawnbreaker.com/
http://www.larta.org/


 100 

market vs. emerging technology market; and pursuing market with higher value added vs. one 
with larger gross output) help small businesses succeed in the DOD SBIR technology transition.   

6.2.1.1.4. Orchestration with Other DOD Programs 

Recommendation 5. The DOD SBIR program needs to orchestrate the program with other DOD 
programs.  

The DOD and each service have been experimenting with many programs that may 
accelerate technology transition. For instance, the DOD initiated the Commercialization 
Readiness Program (CRP)83 which aims to facilitate the commercialization (including 
technology transition) of DOD SBIR technologies by providing SBIR awardees with 
opportunities to create and maintain networks with prime contractors, defense labs, and DOD 
acquisition communities. As shown in the findings (N2), (N8) and (N9), the networks of small 
businesses may provide access to valuable assets that they do not own, and in turn, may lead to a 
successful technology transition. By establishing more ties with more influential agencies, small 
businesses may be able to become more central and position themselves in the core of the SBIR 
funding network. 

Navy’s SBIR/STTR Transition Program84 is another example. By providing professional 
managerial assistance and venues for the display of SBIR technologies to small businesses, the 
Navy intends to facilitate the Navy SBIR technology transition. In particular, the program holds 
the Navy Forum for SBIR/STTR Transition to match its technical needs with SBIR/STTR 
solutions.  

Recently, the DOD also started new programs such as the Velociter program85 and the 
Defense Innovation Unit Experimental (DIUx).86 The former intends to improve the managerial 
capacity of small businesses by providing entrepreneurship-related online training and 
commercialization mentorship to the DOD SBIR awardees. The latter aims at accelerating 
technology transition by providing capital to firms that develop technological solutions to 
national defense systems. For the Velociter pilot class in 2016, 86 small businesses from 36 
states attended. In extending the program to attract more small businesses and cover more states, 
the DOD may need to measure the effect of the program on SBIR technology transition.  

The DIUx is operated in only four places: Silicon Valley, California; Boston, Massachusetts; 
Austin, Texas; and the Pentagon, District of Columbia. Because all these places have been 
awarded much more SBIR funding and won many more federal procurement contracts than other 
places, the DIUx may accelerate technology transition by funding DOD SBIR awardees that 

                                                 
83 http://www.acq.osd.mil/osbp/sbir/sb/crp.shtml 
84 http://www.navysbir.com/Transition.htm 
85 http://dod.velociter.tech/#home 
86 https://www.diux.mil/ 

http://www.acq.osd.mil/osbp/sbir/sb/crp.shtml
http://www.navysbir.com/Transition.htm
http://dod.velociter.tech/#home
https://www.diux.mil/
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have shown successful R&D and commercialization records. In relation to the DIUx locations, 
on the other hand, some may argue that providing more capital to the places that are already 
doing well is not fair. Similar to the issue of the SBIR mills, the assessment of the DIUx needs to 
be carefully conducted. 

6.2.1.2. Small Business Administration 

Recommendation 6. The Small Business Administration (SBA) needs to respond more quickly to 
SBIR/STTR Interagency Policy Committee (2014c)’s recommendations on the establishment of 
a new database.  

As shown in the findings (P1)-(P12), SBIR awards and corresponding federal procurement 
contracts data can provide interesting analysis results to stakeholders (including policymakers 
and researchers). These two datasets, however, are not sufficient to keep track of the whole 
picture of technology transition. In this vein, the SSIPC’s scheme suggests a new database 
consisting of several modules such as company registry, application information, award 
information, and commercialization database. Once this database is built and becomes publicly 
available (to some degree), it may function as a one-stop data shop to stakeholders.  

While the SBIR program is managed independently by each federal agency, the SBA is in 
charge of organizing and supporting the overall program. In particular, the SBA is responsible 
for creating and maintaining the SBIR-related database and supporting the small businesses 
located in the HUBZone and small businesses owned by women or minorities.  

In relation to the database, two issues must be addressed. As GAO (2013) noted, the first 
issue concerns the establishment of a new database that better captures technology transition 
outcomes. Currently, the DOD is relying primarily on three data sources: Company 
Commercialization Reports (CCR), Federal Procurement Data System-Next Generation (FPDS-
NG), and agency-specific SBIR transition documentation activities (ASTDA). However, each 
data source has clear limitations. For instance, the CCR captures the commercialization results of 
SBIR technologies, but the data is not complete and reliable because all SBIR awardees are not 
required to report their commercialization results; and even though reporting is required, it is 
self-reporting. While the FPDS-NG is relatively reliable, it does not capture all 
commercialization results either because it provides only government contracts, not the 
subcontracting between prime contractors and SBIR awardees. Some DOD components collect 
commercialization results through the ASTDA, but it is not a comprehensive dataset because the 
ASTDA track only a subset of all DOD SBIR winners’ commercialization activities. 

Another issue with the database is the availability of data to stakeholders. As Edison (2010) 
mentioned, many data sources related to the SBIR technology commercialization are not 
accessible by stakeholders. To date, the SBIR-related data has been sorted to publicly accessible 
data and government-only accessible data. While maintaining its confidentiality, the SBA may 
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need to make relevant data available to stakeholders as much as possible, particularly to the 
SBIR program researchers for better program evaluation. 

Recommendation 7. The SBA needs to find ways to boost patenting activities in the small 
businesses that are owned by women or minority, or located in the HUBZone. 

As shown in the findings (N4) and (N10), women or minority ownership and the location in 
the HUBZone of DOD SBIR awardees are negatively associated with the number of patent 
applications. As a vehicle for securing innovation outcomes, patents are very important in 
commercializing technologies. Thus, the SBA needs to provide more intellectual property rights 
(IPRs)-related training and consulting services to small businesses in the HUBZone and those 
owned by women or minorities. It is backed by Palmintera et al.’s (2001) study where the most 
needed assistance from the SBIR firms was patenting and licensing, followed by partnering with 
other firms, commercialization planning, and market assessment.  

To address this issue, the SBA’s Office of Women’s Business Ownership may need to 
collaborate with Women’s Business Centers87 (particularly in lagging states), a national network 
of educational centers for women entrepreneurs, and other nonprofit organizations such as the 
Association of Women’s Business Centers88 and the National Association of Women Business 
Owners to promote IPRs in women’s business communities and increase the number of women 
inventors. The SBA, on the other hand, may need to work with the Minority Business 
Development Agency,89 an agency of the Department of Commerce, and other nonprofit 
organizations such as the Black Business Association90 and the National Minority Supplier 
Development Council91 to stimulate the inventorship in the minority business community. 

6.2.2. Policy Implications for State Governments 

Each state has a different history of DOD SBIR awards and federal procurement contracts. 
For instance, California and Massachusetts have won the SBIR awards and procurement 
contracts from all three services while Ohio and Colorado have a closer relationship with the Air 
Force, Virginia and Maryland with the Navy, and Alabama with the Army. To maintain the 
success, each state in the leading group may need to make efforts to sustain anchor tenants in 
their communities. As shown in the case of aircraft industry (see Appendix D.3.1), the relocation 
of major aircraft firms from the east to the west in the 1940s changed rapidly states’ innovation 
capacity in the aircraft industry (Niosi and Zhegu, 2010). The westward migration of anchor 
tenants entailed the relocation of small firms that spun off from the mother companies. To 

                                                 
87 https://www.sba.gov/tools/local-assistance/wbc 
88 http://awbc.org/ 
89 https://www.mbda.gov/ 
90 http://www.bbala.org/ 
91 http://www.nmsdc.org/ 

https://www.sba.gov/tools/local-assistance/wbc
http://awbc.org/
https://www.mbda.gov/
http://www.bbala.org/
http://www.nmsdc.org/
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sustain its innovation capacity, each state may need to keep providing better a business 
environment to attract prospective anchor tenants and technology-based small businesses that 
tend to locate in the proximity of their mother companies. 

While leading states have their own strategies based on their successful history of SBIR 
awards and procurement contracts, and their high innovation capacity, other states may need to 
adopt different strategies. To develop policy recommendations to state governments, I take a 
four-quadrant approach where I divide states into four groups: first group at the upper right 
quadrant; second group at the upper left quadrant; third group at the lower left quadrant; and 
fourth group at the lower right quadrant (see Figure 32). 

Recommendation 8. State governments need to sustain or improve their business environment 
for technology-based entrepreneurship depending on their location at the four quadrants. 

As shown in the finding (R1), states’ Technology Concentration and Dynamism (TCD) 
scores, a component of the State Tech and Science Index, have a statistically positive relation 
with their federal procurement contracts (FPC). TCD scores are primarily determined by the 
business environment for technology-based entrepreneurship. 

Looking at Figure 32 below, for instance, each state is situated based on its FPC and TCD 
scores. States in the first group (e.g., California, Virginia, Massachusetts, and Maryland) may 
keep attempting to sustain their leading positions with the aforementioned strategies. States in 
the second group (e.g., Pennsylvania, Ohio, New York, and New Jersey) have been relatively 
successful in winning FPC despite their relatively low TCD scores. They may want to enhance 
their TCD scores to improve their success in FPC and enter the first quadrant. To do that, states 
in this quadrant may need to invest more in building a business environment that is friendlier for 
high-tech entrepreneurship.  

Although states in the fourth group (e.g., Georgia, Minnesota, New Mexico, and Oregon) 
have relatively high TCD scores, they have not been successful in winning FPC. States in this 
quadrant may need to implement other strategies. For instance, states may provide small 
businesses with state-level SBIR Match/Outreach Programs or state-level mentoring assistance 
programs (if they are already implementing those programs, states may need to increase the size 
of them) (based on the findings (R4) and (R5)). States in the third quadrant (e.g., Wyoming, 
Nevada, Nebraska, and Louisiana) have relatively low TCD scores and have not been successful 
in winning FPC. States in this quadrant may need to prioritize their policy efforts. Some states 
may want to increase their FPC by improving their high-tech business environment and 
strengthening their fundamental capacity. Others may want to try strategies that could directly 
affect their FPC. 

In any case, making their business environments more dynamic and vibrant for high-tech 
companies and industries is important for DOD SBIR awardees to succeed in winning more 
federal procurement contracts. Thus, each state may need to attract high tech-based entrepreneurs 
to them by directly providing incentives or by indirectly luring anchor tenants (and their 
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neighboring small firms). Each state may need to promote entrepreneurship in the state-based 
universities and community colleges. Academic startups may also contribute significantly to 
TCD. 

Figure 32. Scatter Plot of Logged Federal Procurement Contracts (FPC_ln) and the Score of 
Technology Concentration and Dynamism (Avg. TCD) by States 

 
NOTE: y-axis = the logged amount of federal procurement contracts (FPC_ln); x-axis = the score of Technology 
Concentration and Dynamism (Avg. TCD); and each red line represents the average of FPC_ln and Avg. TCD, 
respectively. 

 

Recommendation 9. State governments need to collaborate with defense labs within their states 
to enhance their performance in the federal procurement contracts. 

As shown in the finding (R2), the number of defense labs within the states has a statistically 
positive relation with their federal procurement contracts (FPC). To promote their FPC, state 
governments need to more closely collaborate with defense labs within their jurisdiction.  

Looking at Figure 33, for instance, states in the fourth group (e.g., New Mexico, Connecticut, 
Rhode Island, and South Carolina) may need to take advantage of defense labs in their states. In 
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addition, states in the second group (e.g., New York, Pennsylvania, Texas, and Colorado) may 
need to find other anchor tenants because they have a relatively small number of defense labs. 
They may need to utilize Federally Funded Research and Development Centers (FFRDCs)92 or 
University-Affiliated Research Center Laboratories (UARCs). For instance, Pennsylvania and 
Texas may need to use the Navy’s UARCs—Pennsylvania State University’s Applied Research 
Laboratory and University of Texas’s Applied Research Laboratories—as their anchor tenants. 
States in the third group may need not only to capitalize on FFRDCs or UARCs but also to take 
more aggressive steps. For instance, Utah and Nebraska may need to use the Missile Defense 
Agency (MDA)’s UARC—Utah State University’s Space Dynamics Laboratory—and the U.S. 
Strategic Command (STRATCOM)’s UARC—University of Nebraska’s National Strategic 
Research Institute—as their anchor tenants. However, this may not be sufficient for the states in 
the third group. They may need to attract anchor tenants in the private sector that develop 
technologies with military applications.  

                                                 
92 FFRDCs include some R&D centers affiliated with Aerospace Corporation, RAND Corporation, Institute for 
Defense Analysis, C.N.A. Corporation, MITRE Corporation, and the Under Secretary of Defense for Acquisition, 
Technology and Logistics. 
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Figure 33. Scatter Plot of Logged Federal Procurement Contracts (FPC_ln) and the Per Capita 
Number of Defense Labs (Avg. NDL) 

 
NOTE: y-axis = the logged amount of federal procurement contracts (FPC_ln); x-axis = the per capita number of 
defense labs (Avg. NDL); and each red line represents the average of FPC_ln and Avg. NDL, respectively. 

 

Recommendation 10. State governments need to attract more large businesses to their states and 
to stimulate them to participate in the DOD Mentor-Protégé Program (MPP). 

Other anchor tenants that are important in the DOD technology transition are the DOD 
mentors, large prime contractors who signed up for the DOD MPP. As shown in the finding 
(R3), the number of DOD mentors within the states has a statistically positive relation with their 
federal procurement contracts (FPC). 

Looking at Figure 34, for instance, states in the fourth group (e.g., South Dakota, North 
Carolina, Connecticut, and Nebraska) may need to utilize the DOD mentors more efficiently. 
Although they have relatively more DOD mentors, they have not been successful in winning 
federal procurement contracts. States in the third group (e.g., Minnesota, Illinois, Georgia, and 
Indiana) may need to stimulate more large firms to participate in the DOD MPP, attract more 
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prospective anchor tenants to their states, and take advantage of their excellent flagship 
universities (e.g., University Minnesota, University of Illinois, Georgia Institute of Technology, 
and Purdue University).  

Figure 34. Scatter Plot of Logged Federal Procurement Contracts (FPC_ln) and the Per Capita 
Number of DOD Mentors (Avg. NDM) 

 
NOTE: y-axis = the logged amount of federal procurement contracts (FPC_ln); x-axis = the per capita number of DOD 
mentors (Avg. NDM); and each red line represents the average of FPC_ln and Avg. NDM, respectively. 

 

Recommendation 11. State governments need to formulate and implement state-level policy 
programs that aim to promote technological innovation and transition, and spur technology-based 
entrepreneurship. 

In addition to more efficient and effective utilization of anchor tenants in their jurisdiction, 
state governments may need to formulate and implement state-level policy programs that aim to 
promote technological innovation and transition. One example is the state-level SBIR supporting 
programs. As shown in the finding (R4) and (R5), the SBIR supporting programs (particularly, 
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the SBIR outreach program) implemented by states has a statistically positive relation with their 
federal procurement contacts. 

Looking at Figure 35, for instance, states in the third group (e.g., New Mexico and Maine) 
may need to consider implementing the state-level SBIR outreach program. By providing 
support to the SBIR application, the states can facilitate the SBIR applicants to win the SBIR 
awards that may lead to federal procurement contracts. 

Figure 35. Scatter Plot of Logged Federal Procurement Contracts (FPC_ln) and the Existence of 
State-Level SBIR Outreach Program (Avg. DSO) 

 
NOTE: y-axis = the logged amount of federal procurement contracts (FPC_ln); x-axis = the existence of state-level 
SBIR outreach program (Avg. DSO); and each red line represents the average of FPC_ln and Avg. DSO, 
respectively. 

  

6.3. Limitations and Future Study 

There are many limitations in this dissertation, particularly in terms of data and methodology. 
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6.3.1. Data-related Limitations 

For the technology transition data, this dissertation used the federal procurement contracts 
data in the FPDS-NG database. Although this approach addresses the selection bias or reliability 
issues stemming from surveys or self-reporting, it cannot include all technology transition 
outcomes. As noted in subsection 6.2.1, for instance, indirect technology transition outcomes are 
not captured in the FPDS-NG. 

Another data-related issue concerns patent data on which this dissertation relies heavily. 
Although patent data is widely used in technological innovation studies, small businesses tend to 
file a relatively small number of patents, which limits the various applications of patent data. 
Furthermore, defense-related patent data is not a complete set. For instance, patent applications 
that are national security classified are not disclosed because of the secrecy order. It makes 
patent-based defense research much more difficult. 

There are also issues related to data collection. Since the unit of observation in this 
dissertation is a firm and data is gleaned from various sources, many efforts to match the names 
and codes of businesses have been made. Also, missing data in the government database (e.g., 
SAM and FPDS-NG) needs to be complemented by the private-sector database (e.g., 
opencorporates93 and InsideGov94). Although the best efforts to match data and fill in missing 
data have been made, there might be a small number of accidental errors. 

Although contextual effects tend to be relatively small (except industrial context for the 
number of patent applications), there may be many other candidates for upper-level 
characteristics. For instance, some regional factors (e.g., tax environment and weather condition) 
may need to be included in the empirical models.  

6.3.2. Methodology-related Limitations 

As mentioned in the previous subsection, a major limitation in this dissertation is considering 
only the direct technology transition (i.e., technology flow from small businesses to the DOD), 
ignoring the indirect technology transition (i.e., technology flow from small businesses to prime 
contractors to the DOD). As a more comprehensive database becomes available, this issue will 
be addressed. 

In handling some regional characteristics, a more advanced geographic information system 
(GIS) technique may be helpful. For instance, this dissertation regarded the number of defense 
labs and DOD mentors in the specific states as state-level factors. Given the importance of 
geographic proximity in entrepreneurial innovation,95 it may be more desirable to measure the 

                                                 
93 https://opencorporates.com/ 
94 http://government-contractors.insidegov.com/ 
95 For instance, codified knowledge can spread farther but tacit knowledge that often carries valuable information 
about searching business opportunities cannot. Moreover, technology-based small firms tend to cluster in specific 
areas. 

https://opencorporates.com/
http://government-contractors.insidegov.com/
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(geographic, geodesic, or driving) distance between small firms and defense labs, and/or between 
small firms and the DOD mentors.  

For the contextual effects, this dissertation only considers three types of contexts: social 
(network), spatial (region), and industrial (President’s Council of Advisors on Science and 
Technology). As mentioned in the previous chapters, however, there are many various contexts 
(e.g., institutional, organizational, and temporal) surrounding the DOD SBIR technology 
transition. Various contexts may play in tandem with each other. Since this dissertation explores 
the DOD SBIR awards during the 2001 to 2010 period, for instance, temporal context may affect 
the technology transition because of the financial crisis of 2007 to 2008. Thus, it may be 
meaningful to compare the contextual effects with two time periods: 2001 to 2005 (without 
financial crisis) vs. 2006 to 2010 (with financial crisis). 

6.3.3. Future Study 

As noted in the previous subsection, the introduction of a new database and the availability of 
administrative data related to the SBIR program and federal procurement contracts may lead to a 
more data-driven study and enable researchers to pull out more objective policy 
recommendations. The use of advanced GIS techniques also allows researchers to better 
understand regional contexts. ` 

Other research opportunities may be possible with the social network analysis. One 
possibility may be an event-based social network analysis. For instance, small businesses that 
more aggressively participate in the relevant programs (e.g., the National SBIR Conference and 
Velociter Program) may be more likely to succeed in technology transition. Another possibility 
may be a social network service-based analysis. As shown in a Twitter-based regional 
entrepreneurship study (Wang, Mack and Maciewjewski, 2017), the DOD SBIR program-related 
big data (e.g., Facebook, Twitter, and Google Search) may be helpful to understand the network 
or regional context of technology transition. For instance, the use of Twitter data such as 
@dodsbir, @AF_SBIR_STTR, and @BusinessDefense may enable researchers to explore where 
the SBIR- and technology transition-related information moves and how those networks affect 
the DOD SBIR technology transition. 

In using the hierarchical linear models (HLMs), this dissertation only used the random 
intercept. However, a more sophisticated approach (e.g., the use of random slope and inter-level 
interaction terms) may provide better estimates of coefficients. In addition, a future study may 
try cross-classified HLMs that combine two different hierarchies. This dissertation conducted 
two separate HLMs—firm/region and firm/industry—but the cross-classified HLMs may enable 
one to conduct an integrated HLM—firm/region-industry. 
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Appendices 

Appendix A. Background on Technology Transition and the SBIR Program 

Appendix A seeks to provide background information about two key themes—technology 
transition and the SBIR program—that lay out groundwork for this dissertation. To this end, I 
conduct literature review of technology transition, the SBIR program and its assessment, and 
describe relevant policy issues. 

A.1. Background 

A.1.1. Technology Transition 

Technology-based small businesses (TBSBs) contribute to U.S. competitiveness by 
promoting innovation96 (i.e., creating fresh ideas, and developing new products and services). 
This is equally true in the field of national security, as it is elsewhere. As industry spends more 
on R&D and has more cutting-edge technologies in some areas than government, and open 
innovation becomes a standard (e.g., large businesses and government outsource R&D and adopt 
technological innovations that are externally made), technology transition97 from industry (in 
particular, small businesses) to government often occurs in key technical areas. The problem is 
that as critical dual-use technology becomes widely available, adversaries may have access to 
state-of-the-art defense technology. For instance, advanced information and communication 
technology developed in the private sector may be sold to adversaries who intend to use the 
technology as a threat to cyber security. To address these challenges, DOD must be able to 

                                                 
96 Innovation has various meanings depending on the context, but I follow the definition of innovation by the SBIR 
Program Policy Directive: “Something new or improved, having marketable potential, including (1) development of 
new technologies, (2) refinement of existing technologies, or (3) development of new applications for existing 
technologies (SBA, 2014, p. 5).” 
97 Although I already defined “technology transition” based on National Research Council (2014, p. 240) in chapter 
1, I introduce two (similar) definitions to elaborate the meaning of technology transition, both of which mean 
technology insertion into defense systems or warfighters. Dobbins (2004, p. 14) defines technology transition as:  

[T]he process by which technology deemed to be of significant use to the operational military 
community is transitioned from the science and technology environment to a military operational 
field unit for evaluation and then incorporated into an existing acquisition program or identified as 
the subject matter for a new acquisition program. 

Office of the Under Secretary of Defense (2003, p. 1-1) defines technology transition as: 

[T]he use of technology in military systems to create effective weapons and support systems—in 
the quantity and quality needed by the warfighter to carry out assigned missions at the “best value” 
as measured by the warfighter. Best value refers to increased performance as well as reduced cost 
for developing, producing, acquiring, and operating systems throughout their life cycle. 
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access to the best possible technology available from commercial sources and maintain a 
technological advantage over adversaries by accelerating the flow of technology to the 
warfighters from TBSBs.  

The DOD SBIR program is one of many programs98 that enable TBSBs to provide the DOD 
with solutions to technical problems. Through the program, TBSBs identify technical feasibility, 
assess technological impact, conduct R&D, and commercialize99 R&D outcomes. By transferring 
the down-side risk associated with R&D to the government, SBIR funding encourages TBSBs to 
tackle high-risk R&D initiatives; it also supports the commercialization of potential discoveries, 
and it allows TBSBs to later harvest the returns via sales to non-DOD customers. For instance, 
ViaSat Inc. grew up to a 2,100-employee and $688-million-sale company providing 
communication products and services that were based on the Navy SBIR funding for the 
development of a testing technology for the F-22 Fighter Aircraft avionic systems.100 iRobot 
Corporation, a multiple SBIR awardee (nearly $8M) from the Army and the Defense Advanced 
Research Projects Agency (DARPA), became a multinational company that sells not only 
military robots but also home robots (e.g., autonomous vacuum cleaner Roomba series) and 
generates enormous revenue ($617M in 2015).101  

Recognizing technological innovation as an engine for economic growth, the Obama 
Administration advocated the commercialization102 of federally funded R&D (The White House, 
2011) through the Presidential Memorandum on “Accelerating Technology Transfer and 
Commercialization of Federal Research in Support of High Growth Business” and “Start-up 
America” initiative intended to foster innovation by increasing the rate of technology transfer 
and the economic and societal impact from federal R&D investments. Congress also put specific 

                                                 
98 Those programs include: Advanced Technology Demonstrations; Advanced Concept Technology Demonstration 
Program; Commercial Operations And Support Savings Initiative; Defense Production Act Title III Program; Dual-
Use Science And Technology Program; Joint Experimentation Program; Manufacturing Technology Program; 
Defense Acquisition Challenge Program; Technology Transition Initiative; Value Engineering; Warfighter Rapid 
Acquisition Programs; Small Business Innovation Research (SBIR) Program; and Small Business Technology 
Transfer (STTR) Program. 
99 Commercialization also has various meanings depending on the context, but I follow the definition made by the 
SBIR Program Policy Directive: “The process of developing marketable products or services and producing and 
delivering products or services for sale (whether by the originating party or by others) to government or commercial 
markets (SBA, 2014, p. 5).” Since technology commercialization includes sales to government, technology 
transition can be regarded a subset of technology commercialization. 
100 ViaSat. The History of ViaSat, July 1st, 2016, from http://www.viasat.com/company/history  
101 iRobot. Who We Are, July 1st, 2016, from http://www.irobot.com/About-iRobot/Company-Information.aspx  
102 Although the term commercialization includes not only government procurement but also sale to private 
markets, the Obama Administration used the term with a stronger focus on technology transfer (i.e., a knowledge 
flow from public sector to private sector) rather than technology transition (i.e., a knowledge flow from private 
sector to public sector). However, technology transfer and technology transition are not separate things because 
small businesses that licensed technologies from the public sector (via the mechanism of technology transfer) 
participate in government procurement contracts (via the mechanism of technology transition).  

http://www.viasat.com/company/history
http://www.irobot.com/About-iRobot/Company-Information.aspx
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emphasis on the SBIR program as a vehicle to facilitate technology commercialization103 by 
passing the SBIR/STTR Reauthorization Act of 2011 (Reauthorization Act), which was included 
in the 2012 Defense Authorization Act (P.L. 112-81), and by publishing the SBIR-related 
Government Accountability Office (GAO) reports. For instance, the Reauthorization Act 
required the improvement of SBIR commercialization by forming the SBIR/STTR Interagency 
Policy Committee (SBIR/STTR Interagency Policy Committee, 2014a). GAO reports have 
assessed the performance of SBIR commercialization104 and suggested policy recommendations 
such as building a database of commercialized outcomes for the purpose of SBIR program 
evaluation (GAO, 2011). 

With such a political atmosphere, interest in how the SBIR program leads to technology 
transition is increasing in the DOD. Of several business arrangements105 that facilitate the 
knowledge flow from private sector to public sector, the DOD meets its acquisition requirements 
through contract-type SBIR program.106 On the Federal Acquisition Regulation (FAR) that 
mandates the specific portion107 of federal procurement to be spent with small businesses, the 
DOD can acquire high-quality products on time and at reasonable cost from commercial sources, 
particularly from small businesses (Office of the Under Secretary of Defense, 2003). By 
facilitating the procurement of commercial products and services through the adoption of FAR, 
the DOD has attempted to use TBSBs not only as a subcontractor but also as a prime contractor 
(PC) through the SBIR program. In addition to procurement-related actions, the DOD has taken 
operational steps to accelerate the transition of SBIR technologies. For instance, the DOD has 
required TBSBs to submit commercialization documents with SBIR applications, and it also 
implemented the Commercialization Pilot Program (CPP)/Commercialization Readiness 
Program (CRP) (Flake, 2012). 

A.1.2. Overview of SBIR Program 

The SBIR program was the first public venture program in the United States, where 
government—similar to venture capitalists—provides R&D funding to industry (Lerner, 2002). 
For the purpose of regaining national competitiveness, the National Science Foundation (NSF) 
initiated the SBIR pilot program in 1977 and observed its positive effects on technological and 
economic competitiveness (Audretsch, 2003). After the NSF’s success, department-wide SBIR 

                                                 
103 Congress followed the SBA’s definition of commercialization, including sale to government or commercial 
markets. 
104 GAO also followed the SBA’s definition of commercialization. 
105 Those business arrangements include: contract; grant/cooperative agreement; cooperative R&D agreement 
(CRADA), other transactions for prototype projects; and technology investment agreement. 
106 Other federal agencies use different approaches in implementing the SBIR program. For instance, the National 
Institutes of Health provides R&D grants to SBIR awardees. 
107 The small-business goal of the DOD is to procure goods and services from small businesses by approximately 23 
percent of its prime-contract dollars (Moore, Grammich and Mele, 2014). 
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programs started with the passage of the Small Business Innovation Development Act of 1982, 
which mandated that all federal agencies with extramural research budgets above certain 
threshold values (e.g., $100 million) must set aside a percentage (e.g., 2.8%) of their budget for 
TBSBs. Using the set-aside public money, the SBIR program is intended to: (1) stimulate 
technological innovation; (2) use small businesses to meet federal R&D needs; (3) foster and 
encourage participation by minority and disadvantaged people in technological innovation; and 
(4) increase private-sector commercialization of innovations derived from federal R&D (SBA, 
2014).  

To facilitate the innovation of TBSBs, the SBIR program consists of three funding phases: 
the first phase for technical feasibility ($150K over six months); the second phase for research 
and development ($1M over two years); and the third phase for technology commercialization 
(not involving SBIR funds) (see Figure 36). In terms of the technology readiness level (TRL), a 
measure of technical maturity, which is used by government agencies such as the DOD and the 
National Aeronautics and Space Administration (NASA), SBIR Phases I through II are designed 
to reach at least TRL 6 in which technology is demonstrated in a relevant environment. 
However, a considerable number of SBIR awardees fail to meet the expectation and discontinue 
at TRL 4 or 5. At this point, technology demonstration is still required to further the innovation 
process and lead to production and deployment. To overcome such a gap between Phase II and 
Phase III, some agencies (e.g., DOD and NSF) additionally provide Phase II+ or Phase IIB 
funding with an intention of facilitating the technology commercialization. 

Figure 36. SBIR Program Process 

 
SOURCE: Flake (2010), compiled by author 
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While guided by the Small Business Administration (SBA), the SBIR program is 
independently managed by major participating agencies which include the DOD; the Department 
of Health and Human Service (DHHS), including the National Institutes of Health (NIH); the 
National Science Foundation (NSF); the Department of Energy (DOE); the National Aeronautics 
and Space Administration (NASA); the Department of Homeland Security (DHS); the 
Department of Agriculture (USDA); the Department of Commerce (DOC), including the 
National Oceanic and Atmospheric Administration (NOAA) and the National Institute of 
Standards and Technology (NIST); the Department of Transportation (DOT); the Environmental 
Protection Agency (EPA); and the Department of Education (DOED) (National Research 
Council, 2009). Of these agencies, the DOD has the largest SBIR budget (approximately 
$900M), followed by NIH ($617M), DOE ($163M), NSF ($135M), and NASA ($123M).108 
Within the DOD (44%), Air Force, Navy, and Army account for 14%, 12%, and 8%, 
respectively (see Figure 37). 

Figure 37. SBIR Budgets by Agencies, 2013 

 
SOURCE: Oliver (2014), compiled by author 

 

A.1.2. DOD SBIR Program 

Unlike granting-type agencies (e.g., NSF and USDA) where an investigator is funded for 
R&D on less-specified topics, the DOD SBIR program uses a federal contracting-based 
procurement mechanism, with formal plans, protocols, and requirements, to fund highly focused 

                                                 
108 The figures are based on the SBIR budget in FY2013 and do not include the budget of Small Business 
Technology Transfer (STTR) program. 
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topics. For instance, DOD SBIR topics are suggested by the research labs, program offices, and 
R&D centers under each component, based on their specific needs with a reference to 
department-wide technology development plans such as Joint Warfighting Science and 
Technology Plan (JWSTP), Defense Technology Area Plan (DTAP), and Basic Research Plan 
(BRP) (Gonzalez and Hettinger, 2011). 

Unlike the SBIR management systems used elsewhere in the federal government, the system 
that DOD uses operates below the agency-wide level at the DOD component level. Like the 
relationship between SBA and SBIR-participating agencies, the DOD SBIR program is 
decentralized across components with a minimal DOD-level interference. At the DOD level, 
Office of Small and Disadvantaged Business Utilization (SADBU) and Office of Acquisition, 
Technology and Logistics (AT&L) announce department-wide SBIR guidelines and review 
SBIR topics but their roles are limited to administrative work such as the removal of duplicate 
topics and the clarification of obscure topics. A substantial amount of work—from SBIR topic 
generation to topic/awardee selection to R&D contract—is performed at the component level. 
When selecting SBIR awardees in three services, for instance, technical experts at the Army 
Research Lab, Naval Research Lab, and Air Force Research Lab evaluate their SBIR proposals, 
respectively, based on scientific and technological merit and commercialization potential 
(National Research Council, 2014). 

Table 23 displays key levels of activity in the DOD-wide SBIR programs during 2013. More 
than 500 topics were solicited and approximately 1,300 awards (out of 8,412 proposals) were 
made in the Phase I. The program is highly competitive so the success rate is below 20%. 
According to Rinaldi (2011), the attrition rates of Phase I – II and II – III were 49% and 47%, 
respectively. Relative to the number of Phase I proposals, success rates to Phase II and III would 
be less than 10% and 5%, respectively. 

Table 23. SBIR in the DOD, 2013 

Component SBIR budget 

($K) 

# Topics Phase I Phase II

# Proposals # Awards Success 
rate (%) 

# Awards

Army 156,051 99 1,892 141 7 137 

Navy 240,591 146 2,224 389 17 233 

Air Force 281,308 162 2,237 386 17 293 

Others 229,714 113 2,059 387 19 161 

Total 907,664 520 8,412 1,303 15 824 

SOURCE: DOD SBIR Annual Report Summary 
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A.2. Policy Issues 

A.2.1. Challenges and Opportunities from Technology Transition between the Government and 
Small Businesses 

In the past, the DOD procured cutting-edge technologies within individual DOD acquisition 
programs themselves because the government (including defense labs) had technological 
advantage over industry. As well, some leading businesses were reluctant to enter the defense 
technology market mostly due to intellectual property issues and long product development times 
associated with weapons systems (Office of the Under Secretary of Defense, 2003). As a result, 
there was a transition during the 1990s from a situation where high-end technology tended to 
migrate from DOD to commercial use to a situation where commercial spending on high-end 
technology exceeded DOD spending, and commercial sources started to have technological 
capabilities the government wanted. Currently more and more state-of-the-art technologies are 
developing in the private sector so that technology transition from the industry to the government 
is emerging as a key vehicle to meet warfighters’ technological needs.  

Although the DOD has primarily relied on large businesses (e.g., traditional defense 
contractors) due to their ability to develop, deliver, and maintain major weapons systems, small 
businesses are attracting more attention than before as large businesses transform to open 
innovation systems in which small suppliers provide alternative technology solutions to the DOD 
as a subcontractor. In addition, as the budget of SBIR and other programs that attempt to access 
and develop small business R&D capabilities gradually increases, small businesses have more 
opportunities to play in the defense technology market as a prime contractor. Small businesses 
also have a comparative advantage (primarily stemming from their small size) over large 
businesses in some aspects (e.g., more direct communication from the bottom to the top, and 
faster decision making). Based on the comparative advantage, they may be able to more quickly 
and better respond to market uncertainty and opportunities (e.g., technology breakthroughs) due 
to their agility, flexibility, and adaptability. As a result, they can mitigate R&D- and market-
related risks (Dean, Brown and Bamford, 1998; Aharoni, 1994; Vossen, 1998). More and more 
small business participating in the defense market can intensify the competition among 
technology providers. For instance, small businesses, through the SBIR program, can offer 
alternatives to the technologies that large businesses propose. 

Nonetheless, small businesses are facing substantial challenges, stemming from internal and 
external sources, in the process of technology transition. The very nature of small businesses 
means they have limited assets and resources so they are more likely to be impacted by contexts 
in which they are placed, such as region-, industry- and network-related factors, when compared 
to large businesses. For instance, small businesses that are located in the states with more 
favorable entrepreneurship (including small businesses) policy programs might have better 
access to capital than those who are situated in the states without such programs. Small 
businesses nested in fast-growing industries may have better opportunities to increase their sales 
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and revenues than those in downsizing industries. Furthermore, small businesses that have better 
networks with government and other businesses may be able to glean more useful information. 
As a result, institutional and sectoral differences by region and industry can influence small 
business-involved technology transition because small businesses can position themselves where 
the circumstances are most favorable.  

Another challenge can come from the relationship with large businesses. Because the SBIR 
program is independently operated by military components that have their own organizational 
culture and unique external environment, small businesses may be placed in a different 
technological position with large businesses across military components. Although, for instance, 
the Air Force has a technology-oriented culture and thus has the largest SBIR budget, its industry 
base is comprised of only a handful of prime contractors (PCs), which are the key to acquisition 
and subcontracting. This circumstance can create a challenge for small businesses (SBs) in 
overcoming innovation-related risks. 

To address these issues, the effects of region-, industry- and network-related factors on 
technology transition need to be better understood, given that most studies have focused on the 
effects of entrepreneur-, organization-, and firm-related factors (just treating contextual factors as 
control variables). In particular, the effects of the technological position of small businesses 
relative to prime contractors on technology transition need to be explored, particularly from a 
network perspective because network-based approaches can explain how technological and 
network positions of small businesses influence the success of technology transition. To facilitate 
technology transition, for instance, small businesses can employ specific strategies such as niche-
filling and selective focus, depending on their technological position.  

This dissertation will explore the effect of region-, industry- and network-related factors on 
the transition of technologies developed through the DOD SBIR program to provide information 
that policymakers can use in their efforts to facilitate technology transition. 

A.2.2. National Priority to Technology Commercialization, but Lack of Appropriate Metrics and 
Database to Measure and Keep Track of Technology Commercialization 

Technology transition, more broadly technology commercialization, contributes not only to 
national security but also to the U.S. technological and economic leadership. As shown in the 
President Obama’s 2011 memo, accelerating commercialization of federal research can have 
economic and societal impact by fostering innovation and creating jobs. As one of the important 
pathways to technology commercialization, the SBIR program has been assessed on several 
occasions. However, those assessments have struggled with establishing appropriate metrics to 
capture the value of technology commercialization (and of course, technology transition).  

For instance, the National Research Council (NRC)’s studies, the most comprehensive 
assessments of the SBIR program, list “out-the-door” metrics such as (expected) sales and the 
number of patents filed by SBIR awardees. NRC reports also show survey results of SBIR 
awardees on technology commercialization. Figure 38 below is based on NRC’s SBIR Phase II 
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Survey conducted in 2005 for five major SBIR participating agencies: DOD, NSF, NIH, NASA, 
and DOE. It indicates whether SBIR Phase II project was discontinued and whether 
commercialization of SBIR technology was materialized or expected, but it does not show what 
kind of commercialization was achieved and what kind of economic or societal effects were 
derived from the commercialization of SBIR technology. Regardless of whether this metric is 
valid or not, it may be worth looking at the commercialization status of the DOD SBIR program 
relative to other agencies. Overall, the commercialization of DOD SBIR technologies does not 
compare well, specifically when looking at Project discontinued and Commercialization 
materialized while Commercialization expected is relatively high. 

Figure 38. SBIR Phase II Survey Results by Agency, 2005 

 
SOURCE: NRC (2007; 2008; 2009), compiled by author 

 
In response to this issue (i.e., the lack of appropriate metrics and databases to capture 

technology commercialization), the Reauthorization Act required the SBIR/STTR Interagency 
Policy Committee (SSIPC) to explore the concepts of SBIR standard evaluation framework and 
technology commercialization databases (SBIR/STTR Interagency Policy Committee, 2014a). 
As shown in Table 24, SSIPC developed three metrics—progress to commercialize, return on 
investment, and jobs—based on the following principles: (1) Metrics should be science-based 
and statistically driven; (2) Metrics should reflect the mission of the Federal agency; and (3) 
Metrics should include factors relating to the economic impact of the programs (SBIR/STTR 
Interagency Policy Committee, 2014b). However, these metrics have not been empirically tested 
yet. 
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Table 24. Metrics for Technology Commercialization 

Metric Description

Progress to 
commercialization 

Achieve at least $100,000 in sales or investment or received a patent on the 
technology 

Achieve sales or investment at least equal to SBIR/STTR awards 

Return on investment (ROI) ROI = (Sales and investments since the Phase II award – SBIR Award 
Amounts)/SBIR Award Amounts 

Compare venture backed companies to non-venture backed companies 

Jobs The number of jobs associated with the technology should be assessed to 
determine the number of jobs sustained and created 

SOURCE: SBIR/STTR Interagency Policy Committee (2014b, pp. 16-18) 

 
SSIPC also developed the concept of technology commercialization databases with a 

module-based approach. Proposed modules include: Company Registry; Application Information 
Database; Award Information Database; and Commercialization Database. Of those modules, the 
Award Information Database already exists while others need to be newly built. Because most of 
those databases are not currently available and, even after they are available, they are likely to be 
government databases that are only accessible by government, publicly accessible alternative 
databases need to be identified so that more researchers can evaluate the commercialization 
performance of SBIR technologies.  

To address technology commercialization-related metrics and databases, the aforementioned 
metrics (possibly, with more alternative metrics) need to be applied with real data and alternative 
databases, such as the System for Award Management (SAM) database and Federal Procurement 
Data System – Next Generation (FPDS-NG), as described in the following sections of this 
dissertation. 

A.2.3. Filling the Gap in Existing Literature 

SBIR program-related studies have been found at the intersection of program assessments 
and entrepreneurial innovation-related articles. Most SBIR program assessments (particularly, 
NRC reports) have focused on the program itself (e.g., the crowd-out effect of public R&D 
funding) or operational management or private commercialization; used self-reporting data such 
as (expected) sales; and employed qualitative approaches including case study (success story), 
survey, and interview. On the other hand, many studies of innovation entrepreneurship have 
focused on microscopic factors such as entrepreneur- and firm-related demographics; ignored the 
nested structure of data such as geographical clustering of SBIR awardees; viewed the SBIR as a 
signal for following private funding (e.g., venture capital), ignoring technology transition-
oriented firms; and lacked an integrative approach, only considering either region or industry or 
network. 
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To fill the gap in existing literature, the effects of macroscopic factors (such as region- and 
industry-related characteristics) on technology transition need to be examined through a more 
quantitative and integrative approach with high-quality data. In particular, a paucity of studies on 
macroscopic factors hindered the SBIR community from understanding the effect of contexts on 
entrepreneurial innovations, and failed to inform policymakers of how to boost entrepreneurial 
activities by adjusting the contexts (Autio et al., 2014). For instance, the DOD and SBA may be 
able to meet their SBIR goals by better understanding the contextual effects. State governments, 
in collaboration with federal agencies such as Economic Development Administration, may be 
able to invigorate regional economies by building more favorable contexts for technology-based 
small businesses. 

In addition, as dialogue about the target for the government’s efforts has shifted to evidence-
based policy since the 1960s (Newcomer, 2016), not only effectiveness but also outcomes and 
results need to be considered in analyzing the effects of numerous factors on technology 
transition. To this end, I employ various technology transition metrics based on SSIPC’s 
suggestion. Specifically, I examine not only the effectiveness and efficiency of technology 
transition (using the amount of procurement contracts and return on investment) but also 
technological and economic performance and outcomes (using the number of patent applications 
and jobs created). 

A.3. Brief Literature Review of SBIR Assessment 

This subsection intends to inform readers of who has evaluated the SBIR program and what 
has been covered in the previous assessments with a focus on technology commercialization 
(including technology transition). In addition, this subsection aims at helping readers understand 
how this dissertation is different from previous approaches and focuses. 

A.3.1. Overview of SBIR Program Assessment 

Since the SBIR program involves a large amount of public funds, it has been evaluated on 
several occasions. The National Research Council (NRC) of National Academies has assessed 
the overall SBIR program, as well as the programs of federal agencies in response to 
Congressional request. As of 2017, NRC has conducted an assessment of the SBIR programs of 
the DOD, the NSF, the National Institutes of Health (NIH), the Department of Energy (DOE), 
and the National Aeronautics and Space Administration (NASA), most of which occurred during 
the 2007-2009 time period (National Research Council, 2008). While these assessments provide 
a comprehensive overview of the SBIR program and an analysis of a SBIR awardees survey, 
they lack sub-agency level (e.g., component-level in the DOD) evaluation and specific policy 
recommendations. 

The Government Accounting Office (GAO) has also published assessments on the SBIR 
program, which contains qualitative analysis (rather than quantitative) to address policy 
problems of the current SBIR system. SBIR-related GAO reports date back to 1980s. GAO 
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(1989) was a comprehensive assessment of the SBIR program, examining its effectiveness and 
the quality of SBIR projects. GAO reports regarded the SBIR program as a subtopic belonging to 
federal research or science and technology until 2005, but they have classified the program as an 
independent topic (Small Business Innovation Research or Small Business Research Programs) 
since 2006 as the relevant budget grew. A few GAO reports shed light on DOD-specific issues 
while a majority of them deal with the overall issues of participating agencies. Recently, GAO 
reports emphasized the establishment of a SBIR technology transition database so as to evaluate 
the effectiveness of the SBIR program, in particular the commercialization of technology of 
SBIR awardees (GAO, 2013).   

RAND Corporation (RAND) has conducted assessments of DOD-specific SBIR programs as 
well. In 2006, RAND evaluated DOD’s SBIR program, and provided recommendations for 
improvement (Held et al., 2006). Two years later, RAND estimated the administrative cost 
associated with DOD’s SBIR program (Seong, Horn and Held, 2008). Most recently, Edison 
(2010), a Pardee RAND Graduate School (PRGS) student, focused his dissertation on the 
treatment effect of DOD’s SBIR program (Edison, 2010). Those studies used both qualitative 
and quantitative approaches but still lacked a service-specific perspective and did not fully 
address the commercialization aspect of the SBIR program. 

The academic community, in particular economists, has expressed interest in the SBIR 
program. In spite of limited data, they have sought to measure the economic effect of SBIR 
program using econometric techniques. Lerner (2000) found that SBIR awardees were more 
likely to increase jobs and revenues and to obtain funding from Angels and venture capitalists 
than non-SBIR awardees were. In addition to Lerner (2000), other studies such as Audretsch, 
Weigand and Weigand (2002), Audretsch (2003), Huang, Lee and Chu (2004), Link and Scott 
(2009), Link and Scott (2010), and Siegel and Wessner (2012) explored the role of the SBIR 
program from the macro perspective of globalization and knowledge economy as well as the 
functional perspective of public- private partnership and innovation-related risk sharing.  

In contrast, other studies were concerned with the negative aspects of the SBIR program. 
Wallsten (2000) addressed the crowding-out effect of the SBIR program, in which SBIR 
awardees invested less R&D money than what they did without SBIR funding, and thus private 
R&D expenditure was transferred to the government. Moreover, Gans and Stern (2003) posited 
that SBIR managers are tempted to select SBs in industry areas where private funding is 
available, but neglect SBs in areas that are socially needed and do not have sufficient private 
funding. 

In addition to Edison (2010), a handful of theses/dissertations paid attention to the SBIR 
programs of different federal agencies from different perspectives. For instance, Ege (2009) 
examined the effect of NIH SBIR grants on firm performance while Ise (2012) shed light on 
variables of NASA Phase III success. Hettinger and Gonzalez (2001) overviewed the DOD SBIR 
program with a focus on a commercialization pilot program while Bazow (2010) and Littleford 
(2014) emphasized the effectiveness of the whole Navy SBIR program and the specific 
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Transition Assistance Program (TAP), respectively. Fabsitz (2003) dealt with policy formation 
and implementation issues in the NIH SBIR program through the lens of organizational culture 
and behavior while Sarvela (2011) focused on the learning process of the SBIR program from 
the perspective of entrepreneurship education. Chang (2012) looked into the SBIR program 
stressing the role of public finance while Strahan (2008) took the SBIR program as a case for 
collaborations among government, university, and business.   

Overall, an extensive body of literature has shed light on SBIR issues. Some studies 
examined the SBIR program in the vein of program evaluation to draw out policy 
recommendations, while others conducted empirical analyses to statistically test the economic 
impact of SBIR program. Yet, most of the program evaluations have been performed at the 
agency level (e.g., DOD level), and thus don’t fully reflect component-level characteristics. 
Some literature dealt with technology transition-related issues, but most of them did not consider 
the contextual effects on the success of technology transition. For instance, no literature explored 
the social (network) effect stemming from linkages between military services (and their research 
labs), SBIR-awarded SBs, and prime contractors. Furthermore, little literature accounted for 
spatial (region) and industrial (technology) characteristics such as anchor tenants and 
technological maturity in accelerating technology transition. Specifically, there has been no 
attempt to conduct quantitative analysis of technical transition in the SBIR program by 
combining technical maturity curves and economic value based on patent and industry data, and 
their classification codes. 

A.3.2. DOD SBIR Program Assessment 

NRC has published several assessment reports related to the DOD SBIR program, including 
“SBIR at the Department of Defense” in 2014, “Revisiting the Department of Defense SBIR Fast 
Track Initiative” and “An Assessment of the Small Business Innovation Research Program at the 
Department of Defense” in 2009. Through a series of reports, NRC described program 
management and outcomes based on both qualitative (e.g., interviews and case studies) and 
quantitative approaches (e.g., analysis of survey data). Of these, commercialization assistance 
efforts such as Commercialization Pilot Program (CPP)/Commercialization Readiness Program 
(CRP) and Transition Assistance Program (TAP) were highlighted, and suggestions on linking 
SBIR and acquisitions were made (NRC 2014, p. 127): 

 Better coordination of topics between SBIR programs and acquisitions; 
 Better connections to primes, who generally control the technology utilized in acquisition 

programs; and 
 Improved communication between technology providers and potential users.  

In addition, NRC (2014) noted that the DOD SBIR technology commercialization occurred 
through not only DOD procurement but also subcontracts with prime contractors and the non-
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defense private market. Survey109 responses of DOD SBIR awardees showed that considerable 
commercialization took place in the latter avenues. For instance, the private market, including 
both domestic and export markets, represented about one fourth of DOD SBIR awardees’ sales 
in value terms. 

RAND has also played a pivotal role in the evaluation of DOD SBIR program. Through a 
number of reports, including “Small Business and Strategic Sourcing: Lessons from Past 
Research and Current Data” and “Findings from Existing Data on the Department of Defense 
Industrial Base” in 2014, “Small Business and Defense Acquisitions: A Review of Policies and 
Current Practices” in 2011, “Estimation of the Department of Defense Small Business 
Innovation Research Program Treatment Effect” in 2010, “Estimating the Cost of Administering 
the Department of Defense Small Business Innovation Research (SBIR) Program” and 
“Enhancing Small-Business Opportunities in the DOD” in 2008, and “Evaluation and 
Recommendations for Improvement of the Department of Defense Small Business Innovation 
Research (SBIR) Program” in 2006, RAND has addressed policy issues underlying the DOD 
SBIR program as well as data availability issues in informing decision makers of defense 
acquisition and the industrial base, and the challenges faced by small businesses as a 
subcontractor.   

Particularly, RAND (2006) noted issues of topic generation—e.g. the substantial discrepancy 
between SBIR topics and the Research Development Test & Evaluation (RDT&E) budget—and 
technology commercialization, and, as a solution, recommended the provision of technology 
intelligence and the improvement of linkages between prime contractors and small businesses. 
Moreover, Edison (2010), a RAND study in 2010, observed the commercialization success of 
DOD SBIR projects concentrated in a small portion of firms and a lack of quantitative evidence 
for program evaluation, and it consequently pulled out three policy recommendations for how to 
improve the DOD SBIR program (pp. 64-67):  

 Structure the management of the program to reflect the nature of the innovation process; 
 Emphasize the goal of stimulating technological innovation, as well as 

commercialization; and 
 Make SBIR a model for fact-based policy improvement. 

GAO also has expressed its interest in the DOD SBIR program since the DOD accounts for 
the largest portion of the SBIR budget. DOD-specific GAO reports include “Federal Research: 
DOD's Small Business Innovation Research Program” in 1997, “Small Business Innovation 
Research: DOD's Program Supports Weapon Systems, but Lacks Comprehensive Data on 
Technology Transition Outcomes” in 2013, and “Small Business Innovation Research: DOD's 
Program Has Developed Some Technologies that Support Military Users, but Lacks 
Comprehensive Data on Transition Outcomes” in 2014. GAO (1997) primarily assessed 

                                                 
109 NRC, in 2011, conducted survey of SBIR awardees who won the awards during the period of FY1998 and 
FY2007 (NRC, 2014). 
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implementation issues related to the DOD’s SBIR policies and procedures, with the scientific 
and commercial performance of SBIR research. Both GAO (2013) and GAO (2014) evaluated 
technology transition issues, in which they raised questions about the extent of technology 
transition while agreeing to the fact that SBIR technologies contributed to the capacity of 
warfighters. In response, they urged the DOD to build a comprehensive database on technology 
transition outcomes. 

In addition to NRC, RAND, and GAO reports, a few theses/dissertations looked into the 
DOD SBIR program. Hettinger and Gonzalez (2011) explored the implementation issues of 
SBIR, in particular Commercialization Pilot Program (CPP), and sought to identify best practices 
through a literature review and survey. Based on analysis outcomes, they pulled out three 
recommendations: (1) alignment of SBIR topics with DOD research plans; (2) development of 
CPP; and (3) promotion of manufacturing innovation. Unlike the aforementioned DOD-level 
studies, Bazow (2010) and Littleford (2014) focused on service level, in particular the Navy. 
Bazow (2010) endeavored to test multiple hypotheses, conducting a survey of Navy Program 
Managers. Of the hypotheses supported, the following are highlighted: program planning 
(including technology maturity) influences SBIR Phase III technology insertion; and Phase III 
SBIRs are effective vehicles in transitioning new technologies into naval systems. Littleford 
(2014) quantitatively analyzed the treatment effect of the Navy’s TAP using logistic regression 
with self-reported commercialization outcomes. 

Overall, the DOD SBIR program—particularly its commercialization/transition issues—has 
attracted both institutional and personal attention. However, previous approaches mostly relied 
on qualitative methods (e.g., interviews and survey) while few studies used quantitative methods 
(e.g., empirical models). Even when employing quantitative methods, their sources were limited 
to self-reported data that might have had biases. To overcome this challenge, few studies sought 
to use secondary data such as patent data, and they were confined to simple uses (e.g., counts of 
patent applications) for indicating the innovation outcomes. There was no approach to use patent 
data for marking commercialization outcomes. 
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Appendix B. SBIR Awards and Federal Procurement Contracts of Three 
Services, 2001-2010 

Appendix B shows the geographical and sectoral distributions of SBIR awards and federal 
procurement contracts with a focus on three services.110 Specifically, subsection B.1 and B.2 
maps SBIR awards and federal procurement contracts of three services by state, respectively. 
Subsection B.3 visualizes federal procurement contracts of three services by IPC. 

B.1. SBIR Awards of Three Services by State 

B.1.1. SBIR Awards of Air Force by State 

Figure 39. SBIR Awards of Air Force by State 

 
 

                                                 
110 Concerning SBIR awards, three services account for almost 80% of whole SBIR budget of the DOD. 
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B.1.2. SBIR Awards of Navy by State 

Figure 40. SBIR Awards of Navy by State 

 

B.1.3. SBIR Awards of Army by State 

Figure 41. SBIR Awards of Army by State 
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B.2. Federal Procurement Contracts of Three Services by State 

B.2.1. Federal Procurement Contracts of Air Force by State 

Figure 42. Federal Procurement Contracts of Air Force by State 

 

B.2.2. Federal Procurement Contracts of Navy by State 

Figure 43. Federal Procurement Contracts of Navy by State 
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B.2.3. Federal Procurement Contracts of Army by State 

Figure 44. Federal Procurement Contracts of Army by State 

 

B.3. Federal Procurement Contracts of Three Services by IPC 

B.3.1. Federal Procurement Contracts of Air Force by IPC 

Figure 45. Federal Procurement Contracts of Air Force by IPC 
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B.3.2. Federal Procurement Contracts of Navy by IPC 

Figure 46. Federal Procurement Contracts of Navy by IPC 

 

B.3.3. Federal Procurement Contracts of Army 

Figure 47. Federal Procurement Contracts of Army 



 131 

Appendix C. Network Aspects in SBIR Technology Transition 

Appendix C lays out the groundwork for understanding network aspects in the SBIR 
technology transition by reviewing literature on social embeddedness and entrepreneurship 
network (subsections C.1 and C.2), and by presenting the correlation between variables and the 
process of empirical analysis (subsections C.3 and C.4). Specifically, the aforementioned two 
types of social embeddedness (relational and structural) provide a foundation for why 
technological and network positions of small firms are important in their success. 

C.1. Social Embeddedness 

Drawing on previous studies (e.g., Granovetter (1985) and Crosby and Stephens (1987)), 
Uzzi (1996, p. 674) defined embeddedness as “the process by which social relations shape 
economic action in ways that some mainstream economic schemes overlook or mis-specify.” 
This statement emphasizes the effect of social context on economic action and outcome. Efforts 
to link social ties (e.g., how many connections one has or how strong the connections are that 
one has with others) to economic performance have been made primarily by sociologists, but 
recently they have been extended to other disciplines such as economics, business, and policy 
studies. Some business scholars, for instance, approach strategic alliance issues from the 
perspective of relational embeddedness where collaboration-seeking firms search complementary 
resources that potential partners have (Nooteboom et al., 2007; Lin et al., 2009; Stolwijk et al., 
2015). Specifically, firms that want to do R&D collaboration look for partnering entities that 
have a different technology portfolio, based on the concept of technological distance. In other 
words, they may want to partner with those who have technological expertise in different 
technical areas from theirs. Drawing on the concept of structural embeddedness, on the other 
hand, some economists and policy researchers explore the roles of network—e.g., information 
flow, influence, and access to resources—in formulating and evaluating innovation policy 
(Leyden, Link and Siegel, 2014; Sorenson, 2017). 

To date, two types of social embeddedness have been frequently examined in relevant 

literature: relational embeddedness and structural embeddedness (Gulati, 1998; Yli‐Renko, Autio 

and Sapienza, 2001; Yli-Renko, Autio and Tontti, 2002; Gilsing et al., 2008). Lin et al. (2009, p. 
765) defined the former as “the high-quality, cohesive social interaction between network 
members as a community of organizations” and the latter as “the degree to which firms’ action is 
influenced by the macro-network structure in which the firms are embedded.” Generally, 
relational embeddedness tends to be governed by trust on which partnering entities build the 
foundation of cooperation (Hoang and Antoncic, 2003). At the individual level, trust is based on 
familiarity, while at the organizational level it depends on shared stable social institutions such 
as legal contracts and political powers (Lane and Bachmann, 1996). In a technology market 
where all R&D performers are collaborative and competitive at the same time, “the high-quality, 
cohesive social interaction” may operate based on their different technical skill sets. In this vein, 
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relational embeddedness in the technology market could be understood through the lens of 
technological distance (Gilsing et al. 2008). 

On the other hand, structural embeddedness tends to be represented through network ties111 
(Lin et al. 2009). The characteristics of ties (e.g., the number and strength of ties) and network 
(e.g., the position and status of entities in the network) determine the structural embeddedness. 
For instance, small businesses that have more or stronger connections with funding agencies and 
other businesses may have more chances to search new ideas and capitalize on them. At both 
individual and organizational levels, for instance, the more ties the entities have, the more central 
a role they play. In the technology market where R&D expenditure is a critical ingredient, the 
more connections to funders (specifically government funding agencies) may mean a higher 
likelihood of success in technological innovation. It is particularly true for small firms that have 
deficient in-house resources and limited access to private capital, and as a result, need to rely 
heavily on external resources via their networks. 

The relationship between embeddedness and the technology market reflects the interplay of 
social and technological processes, called “socio-technical networks”112 (Lamb, Sawyer and 
Kling, 2000). Focusing on military technology developments, Smit (2006, p. 736) delineates the 
military socio-technical networks with a list of actors who are interdependent, including “the 
defense industry, military laboratories, the military, the defense ministry, and the government.” 
In the networks, the defense ministry provides military R&D funding to the defense industry and 
military laboratories. Under the auspice of the defense ministry, the defense industry and labs 
perform military R&D and give the technological options to the ministry. In turn, the ministry 
procures the technological solutions from the industry in the monopsonistic military technology 
market where the ministry is a sole buyer. 

As one of vehicles that drive technological processes in the military networks, the DOD 
SBIR program is run by primary actors such as the DOD (and its research labs), small firms (as 
SBIR awardees), and large firms (usually prime contractors as competitors and collaborators in 
the military technology market and sometimes mentors to SBIR awardees). Within these 
networks, I seek to explore both relational and structural embeddedness through actors’ 
technological and social network positions. 

                                                 
111 Structural embeddedness primarily concerns “social” network that graphically consists of points (nodes or 
vertices) and connections (ties or edges). While points can represent any entities (e.g., individuals and 
organizations), connections can indicate any relationships (e.g., transport of money or ideas). Such social structure 
generates network position (e.g., how centrally entities are located in the network based on how many ties the 
entities have or how strong the ties are.). 
112 According to Lamb et al. (2000, p. 1613), socio-technical networks refer to “the interactions between people, 
organizations, institutions, and a range of technologies in rather intricate heterogeneous arrangements in which what 
is ‘social’ and what is ‘technical’ cannot be readily isolated in practice.” 



 133 

C.2. Entrepreneurship Network 

In the technology market, the defense industry (whether large or small firms) faces 
uncertainty across all innovation processes (Leyden et al. 2014), and the liability of newness113 
specifically in the R&D stage (Baum, Calabrese and Silverman, 2000). Furthermore, small firms 
confront the liability of smallness,114 which exacerbates resource scarcity problems (Lechner and 
Dowling, 2003). To address these problems, small firms tend to rely on developing their 
networks that can afford to provide complementary resources (i.e., assets that small firms want to 
own but do not possess) to them.115 That is why social embeddedness studies on 
entrepreneurship are emerging. 

Many entrepreneurship network studies have been concentrated on how network 
characteristics influence entrepreneurial success. Elfring and Hulsink (2003), for instance, 
quantitatively explored how the mix of strong and weak ties116 impacts the survival or 
performance of high-tech firms over the entrepreneurial processes from the discovery of 
opportunities to securing resources to obtaining legitimacy.117 One of their findings was that 
weak ties function as endorsements by outsiders and contribute to gaining legitimacy. This result 
may be interpreted several ways in the SBIR realm: the weak ties between SBIR awardees and 
the DOD can provide credentials to small firms that attempt to receive funding from other 
government agencies (and even from private capital); and further, the weak ties between SBIR 
awardees and one DOD component (e.g., Navy) can give a positive signal to other DOD 
components. As a result, there may be a reinforcing effect in SBIR awards, which can lead to the 
phenomenon of “SBIR Mills.”118  

                                                 
113 The liability of newness means disadvantages “new” firms face. In the R&D collaboration, for instance, other 
firms or defense labs may need to decide if the new firms are viable partners or not. In that case, networks that 
provide reputation or credibility to the new firms might help them overcome the liability of newness. 
114 Similar to the liability of newness, the liability of smallness means disadvantages “small” firms have. The small 
size of firms usually entails limited human and financial resources. 
115 According to Hills (1997), for example, about half of entrepreneurs use their social network for new venture 
ideas. 
116 Strong ties often mean connections with family members and close friends. As a result, they tend to be informal 
and based on affection. Strong ties might have advantages in developing trust and transferring tacit knowledge, but 
they have the risk of overembeddedness such as lock-in (Uzzi, 1996; Johannisson, 2000). On the other hand, weak 
ties often mean connections with business partners and acquaintances. As a result, they tend to be formal and based 
on non-affection. Weak ties may provide access to other opportunities and sources of new information (Granovetter, 
1973; Elfring and Hulsink, 2003). 
117 Obtaining legitimacy would be understood in the vein of the liability of newness. As noted in the footnote for the 
liability of newness, “new” firms need the process of building their reputation and credibility. Similarly, it needs to 
be determined whether their innovative products and services are legitimate in their industry. Elfring and Hulsink 
(2003) and other studies argue that institutional support through networks may help innovative small firms obtain 
legitimacy. 
118 SBIR Mills indicate small firms who have won the SBIR awards multiple times. One of criticisms of the SBIR 
program is that some firms are devoted to winning the awards without any commercialization effort. However, 
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Lechner and Dowling (2003), on the other hand, qualitatively examined how firms develop 
their networks through the multiple stages of their lives. Specifically, they found different 
networks emerge across four stages: at stage 1, a new firm extensively uses founders’ networks 
and starts to establish reputation networks; at stage 2, the firm concentrates on managing 
marketing networks and co-opetition (i.e., cooperation and competition) networks; at stage 3, the 
firm focuses on building collaboration networks for a stronger technological position while 
maintaining co-opetition; and at stage 4, the firm restructures its networks. These dynamics and 
the variety of firms’ networks challenge the network study of SBIR awardees because the 
awardees may be situated in the different stage of four described above. As shown in Figure 48, 
however, the ages of SBIR awardees are concentrated between 5 and 20, meaning that most 
SBIR awardees are neither too young nor too old. Thus I assume that the networks of most SBIR 
awardees are situated in either stage 2 or 3 described in Lechner and Dowling (2003). Moreover, 
since I focus on the technological and network positions of SBIR awardees, primary themes at 
stage 2 and 3—co-opetition and technological position—correspond well with my research 
interests. 

Figure 48. Distribution of Ages of SBIR Awardees 

 
NOTE: y-axis = count of SBIR awardees; and x-axis = age of SBIR awardees 

                                                                                                                                                             
Wessner and Gaster (2008) argue that the number of SBIR mills is very small and multiple awards positively 
influence commercialization performance. 
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In sum, technology-based new ventures attempt to gain key resources—e.g., human capital, 

financial capital, and alliances—through different types of social networks—e.g., family, 
academic, industry, and finance networks (Zane and DeCarolis, 2016). At the start-up stage, the 
first two networks are particularly important because they provide human and financial capital 
(seed money) as strong ties. At the later stage, the last two networks become more critical 
because they provide alliances and financial capital (bigger money) (Hite and Hesterly, 2001). 
Since my research objects are SBIR awardees, small firms that already passed their start-up 
stage, I put more emphasis in this dissertation on industry and finance networks rather than 
family and academic ones. I also seek to match the two types of networks with two types of 
embeddedness to examine how they influence the success of the SBIR technology transition. 

C.3. Correlation between Variables 

C.3.1. FPC 

Table 25. Correlation between FPC and Firm-level Independent Variables 

FPC_ln AGE MFG LST HTC HUB OWN TPA ASA_ln 

FPC_ln 1 

AGE 0.3368 1 

MFG 0.0088 0.0855 1 

LST 0.0359 0.0179 0.0489 1 

HTC 0.0717 -0.0067 -0.0693 -0.0409 1 

HUB 0.0415 -0.0024 -0.0456 -0.0405 -0.0118 1 

OWN 0.024 -0.0298 -0.0813 -0.0576 0.031 0.0302 1 

TPA 0.1754 0.3187 0.051 0.0832 -0.0975 0.0279 -0.0157 1 

ASA_ln 0.5597 0.1202 -0.0777 0.0309 0.0467 0.0647 0.0341 0.0392 1 

 
FPC_ln SEQ SDC_ct SEC_ct TDD_ct TDP_ct TSP_ln TVD_ct TVP_ct 

FPC_ln 1 

SEQ -0.0306 1 

SDC_ct 0.4704 -0.009 1 

SEC_ct 0.4938 -0.0095 0.9166 1 

TDD_ct 0.1397 0.0281 0.1785 0.1571 1 

TDP_ct 0.163 -0.0014 0.1915 0.1569 0.8419 1 

TSP_ln -0.0111 0.0063 -0.0868 -0.0788 0.1818 0.1438 1 

TVD_ct 0.0073 0.0342 0.0094 0.0171 -0.3183 -0.2653 -0.0656 1 

TVP_ct -0.0569 0.0333 -0.0258 -0.012 -0.279 -0.4733 -0.0273 0.6855 1 
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C.3.2. ROI 

Table 26. Correlation between ROI and Firm-level Independent Variables 

ROI_ln AGE MFG LST HTC HUB OWN TPA ASA_ln 

ROI_ln 1 

AGE 0.3087 1 

MFG 0.0817 0.0826 1 

LST 0.0152 0.0153 0.0479 1 

HTC 0.062 -0.0086 -0.0744 -0.0374 1 

HUB 0.0081 -0.0031 -0.0459 -0.0414 -0.0115 1 

OWN 0.0087 -0.03 -0.08 -0.0577 0.0305 0.03 1 

TPA 0.166 0.3183 0.0518 0.0838 -0.0979 0.027 -0.0162 1 

ASA_ln -0.023 0.1202 -0.0808 0.0282 0.045 0.0649 0.0323 0.0372 1 

 
ROI_ln SEQ SDC_ct SEC_ct TDD_ct TDP_ct TSP_ln TVD_ct TVP_ct 

ROI_ln 1 

SEQ -0.0115 1 

SDC_ct 0.1541 -0.0059 1 

SEC_ct 0.1858 -0.0075 0.9157 1 

TDD_ct 0.0932 0.032 0.177 0.1556 1 

TDP_ct 0.1173 -0.0003 0.1924 0.1578 0.8424 1 

TSP_ln 0.0445 -0.0008 -0.0873 -0.0809 0.1849 0.1479 1 

TVD_ct 0.005 0.0299 0.0101 0.0178 -0.3247 -0.2764 -0.0673 1 

TVP_ct -0.0418 0.0332 -0.0246 -0.0104 -0.2809 -0.474 -0.0288 0.6921 1 

 

C.3.3. JOB 

Table 27. Correlation between JOB and Firm-level Independent Variables 

JOB AGE MFG LST HTC HUB OWN TPA ASA_ln 

JOB 1 

AGE 0.1298 1 

MFG 0.0777 0.0855 1 

LST 0.0035 0.0179 0.0497 1 

HTC 0.0208 -0.0066 -0.0695 -0.0413 1 
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HUB -0.0058 -0.0024 -0.0455 -0.0404 -0.0119 1 

OWN -0.0366 -0.0298 -0.0809 -0.057 0.0309 0.0302 1 

TPA 0.0521 0.3184 0.05 0.0813 -0.0969 0.0278 -0.0163 1 

ASA_ln 0.2126 0.1202 -0.0772 0.0317 0.0465 0.0647 0.0343 0.0382 1 

 
JOB SEQ SDC_ct SEC_ct TDD_ct TDP_ct TSP_ln TVD_ct TVP_ct 

JOB 1 

SEQ -0.0044 1 

SDC_ct 0.1136 -0.0085 1 

SEC_ct 0.1389 -0.0089 0.9167 1 

TDD_ct 0.0682 0.0285 0.179 0.1577 1 

TDP_ct 0.0706 -0.001 0.1921 0.1574 0.8419 1 

TSP_ln -0.0239 0.006 -0.0873 -0.0794 0.1813 0.1433 1 

TVD_ct -0.0237 0.0341 0.0093 0.017 -0.3183 -0.2653 -0.0655 1 

TVP_ct -0.0443 0.0332 -0.0259 -0.0121 -0.2791 -0.4733 -0.0272 0.6855 1 

 

C.3.4. PAT 

Table 28. Correlation between PAT and Firm-level Independent Variables 

PAT AGE MFG LST HTC HUB OWN TPA ASA_ln 

PAT 1 

AGE 0.0757 1 

MFG 0.0091 0.0855 1 

LST 0.0384 0.0179 0.0497 1 

HTC -0.0031 -0.0066 -0.0695 -0.0413 1 

HUB 0.0057 -0.0024 -0.0455 -0.0404 -0.0119 1 

OWN -0.0604 -0.0298 -0.0809 -0.057 0.0309 0.0302 1 

TPA 0.1187 0.3184 0.05 0.0813 -0.0969 0.0278 -0.0163 1 

ASA_ln 0.0418 0.1202 -0.0772 0.0317 0.0465 0.0647 0.0343 0.0382 1 

 
PAT SEQ SDC_ct SEC_ct TDD_ct TDP_ct TSP_ln TVD_ct TVP_ct 

PAT 1 

SEQ -0.0224 1 

SDC_ct 0.0651 -0.0085 1 

SEC_ct 0.0436 -0.0089 0.9167 1 

TDD_ct 0.2868 0.0285 0.179 0.1577 1 

TDP_ct 0.3214 -0.001 0.1921 0.1574 0.8419 1 
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TSP_ln -0.0954 0.006 -0.0873 -0.0794 0.1813 0.1433 1 

TVD_ct -0.0269 0.0341 0.0093 0.017 -0.3183 -0.2653 -0.0655 1 

TVP_ct -0.0762 0.0332 -0.0259 -0.0121 -0.2791 -0.4733 -0.0272 0.6855 1 

 

C.4. Process of Empirical Analysis 

C.4.1. Dependent Variable 1: FPC 

Table 29 below shows the result of “stepwise” analysis. Four controls and four network 
variables are found to be statistically significant. All four controls (i.e., ASA_ln, AGE, TPA, and 
HTC) are positively related to FPC_ln. In the network characteristics, SEC_ct and TDP_ct have 
positive coefficients while their squares have negative ones, suggesting that they have inverted 
U-shaped relationships with FPC_ln.  

Table 29. Result of Regression Analysis (FPC) 

FPC_ln Var. Coef. Std. Err.  VIF 

_cons 5.669*** .565  

Controls ASA_ln 0.669*** .039 1.70 

AGE 0.031*** .004 1.14 

TPA 0.301*** .092 1.15 

HTC 0.310*** .105 1.03 

Network 
characteristics 

SEC_ct 36.045*** 5.226 2.41 

SEC_ct_sq -815.864*** 283.539 1.98 

TDP_ct 0.688*** .212 2.29 

TDP_ct_sq -1.236** .627 2.19 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity 
problem. 

 
Before conducting a Chow test, I run regressions for each subgroup whose results are 

presented below (see Table 30). While all variables are statistically significant in Group 2 (i.e., 
firms in the periphery of SBIR funding network), some (i.e., TPA and squares of SEC_ct and 
TDP_ct) are not significant any longer in Group 1 (i.e., firms in the core).   

Table 30. Result of Regression Analysis by Group (FPC) 

FPC_ln Var. 

 

Group 1 Group 2 

Coef. Std. Err. Coef. Std. Err.

_cons 5.598*** 1.172 5.683*** 0.706 
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Controls ASA_ln 0.665*** 0.082 0.674*** 0.050 

AGE 0.030*** 0.006 0.027*** 0.003 

TPA 0.191 0.153 0.366*** 0.097 

HTC 0.437** 0.203 0.270** 0.121 

Network 
characteristics 

SEC_ct 27.413*** 8.954 40.778*** 5.844 

SEC_ct_sq -681.310 579.579 -887.493** 360.621 

TDP_ct 1.097*** 0.402 0.549** 0.251 

TDP_ct_sq -1.787 1.177 -1.188* 0.704 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 
For the Chow test, I compared each group’s coefficients. Here, the null hypothesis is that 

there is structural stability. Since Prob > F = 0.741 > 0.05, we cannot reject the null hypothesis, 
meaning that there is no structural difference between Groups 1 and 2 (see Table 31). 

Table 31. Result of Chow Test (FPC) 

Test Statistics 

(1) ASA_ln1 - ASA_ln2 = 0  

(2) AGE1 - AGE2 = 0  

(3) SEC_ct_sq1 - SEC_ct_sq2 = 0 

(4) SEC_ct1 - SEC_ct2 = 0  

(5) TDP_ct_sq1 - TDP_ct_sq2 = 0 

(6) TDP_ct1 - TDP_ct2 = 0  

(7) TPA1 - TPA2 = 0  

(8) HTC1 - HTC2 = 0  

F(  8,  1458) =    0.64 

Prob > F =    0.7410 

NOTE: XXX1 belongs to Group 1 while XXX2 to Group 2. 

C.4.2. Dependent Variable 2: ROI 

Table 32 below shows the result of a “stepwise” analysis. Four controls and three network 
variables are found to be statistically significant. While three controls (i.e., AGE, TPA, and HTC) 
are positively related to ROI_ln, ASA_ln is now negatively related. In the network characteristics, 
SEC_ct has a positive coefficient while SEC_ct’s square has a negative one, suggesting that 
SEC_ct has an inverted U-shaped relationship with ROI_ln. TDP_ct is positively related to 
ROI_ln, now more in a linear way. 

Table 32. Result of Regression Analysis (ROI) 

ROI_ln Var. Coef. Std. Err. VIF 

_cons 5.694*** .673  
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Controls ASA_ln -0.380*** .047 1.70 

AGE 0.037*** .005 1.14 

TPA 0.417*** .114 1.14 

HTC 0.318*** .134 1.03 

Network 
characteristics 

SEC_ct 57.350*** 6.880 2.39 

SEC_ct_sq -1,356.510*** 372.945 1.99 

TDP_ct 0.470** .193 1.09 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity 
problem. 

 
Before conducting a Chow test, I run regressions for each subgroup whose results are 

presented below (see Table 33). While most variables are statistically significant in both Groups 
1 and 2, TPA is not significant in Group 1 (i.e., firms in the core) and TDP_ct is not in Group 2.   

Table 33. Result of Regression Analysis by Group (ROI) 

ROI_ln Var. 

 

Group 1 Group 2 

Coef. Std. Err. Coef. Std. Err.

_cons 5.349*** 1.469 5.674*** 0.903 

Controls ASA_ln -0.367*** 0.103 -0.372*** 0.064 

AGE 0.039*** 0.008 0.031*** 0.004 

TPA 0.143 0.190 0.426*** 0.125 

HTC 0.566** 0.254 0.382** 0.155 

Network 
characteristics 

SEC_ct 43.756*** 11.203 64.769*** 7.490 

SEC_ct_sq -1,200.860* 720.572 -1,518.030*** 461.973 

TDP_ct 0.812** 0.356 0.351 0.221 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 
For the Chow test, I compared each group’s coefficients. Here, the null hypothesis is that 

there is structural stability. Since Prob > F = 0.552 > 0.05, we cannot reject the null hypothesis, 
meaning that there is no structural difference between Groups 1 and 2 (see Table 34). 

Table 34. Result of Chow Test (ROI) 

Test Statistics 

(1) ASA_ln1 - ASA_ln2 = 0  

(2) AGE1 - AGE2 = 0  

(3) SEC_ct_sq1 - SEC_ct_sq2 = 0 

F(  6,  1429) =    0.82 

Prob > F =    0.5516 
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(4) SEC_ct1 - SEC_ct2 = 0  

(5) TDP_ct1 - TDP_ct2 = 0  

(6) o.TPA1 - o.TPA2 = 0  

(7) HTC1 - HTC2 = 0  

  Constraint 6 dropped   

NOTE: XXX1 belongs to Group 1 while XXX2 to Group 2. 
 

C.4.3. Dependent Variable 3: JOB 

Table 35 below shows the result of a “stepwise” analysis. Five controls and two network 
variables are found to be statistically significant. While ASA_ln, AGE, and MFG are positively 
associated with JOB, OWN, HUB, and two network variables are negatively associated. 

Table 35. Result of Regression Analysis (JOB) 

JOB Var. Coef. Std. Err. VIF 

_cons -27.342*** 3.260  

Controls ASA_ln 1.989*** 0.229 1.40 

AGE 0.069** 0.031 1.04 

OWN -0.757** 0.380 1.01 

MFG 1.346*** 0.444 1.02 

HUB -1.344** 0.604 1.01 

Network 
characteristics 

SEC_ct_sq -4,911.016*** 1,793.944 1.41 

TVD_TDD -27.342** 102.157 1.01 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; ZZZ_sq = squared ZZZ; and 
XXX_YYY = interaction terms between XXX and YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity problem. 

 
Before conducting a Chow test, I run regressions for each subgroup whose results are 

presented below (see Table 36). While some variables such as OWN, HUB, and TVD_TDD are 
not statistically significant any more in Group 2 (i.e., firms in the periphery), AGE, OWN, 
SEC_ct_sq are not significant any longer in Group 1 (i.e., firms in the core). 

Table 36. Result of Regression Analysis by Group (JOB) 

JOB Var. 

 

Group 1 Group 2 

Coef. Std. Err. Coef. Std. Err. 

_cons -30.558*** 4.923 -26.386*** 4.121 

Controls ASA_ln 2.244*** 0.350 1.913*** 0.294 

AGE 0.035 0.027 0.084*** 0.022 
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OWN 0.181 0.740 -1.025 0.647 

MFG 1.265** 0.612 1.400** 0.544 

HUB -2.231** 2.511 -1.329 2.331 

Network 
characteristics 

SEC_ct_sq -5,427.583 2,369.590 -5, 029.141** 1,945.547 

TVD_TDD 4.020*** 7.0108 2.010 6.609 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 
For the Chow test, I compared each group’s coefficients. Here, the null hypothesis is that 

there is structural stability. Since Prob > F = 0.855 > 0.05, we cannot reject the null hypothesis, 
meaning that there is no structural difference between Groups 1 and 2 (see Table 37). 

Table 37. Result of Chow Test (JOB) 

Test Statistics 

(1) ASA_ln1 - ASA_ln2 = 0 

(2) AGE1 - AGE2 = 0 

(3) OWN1 - OWN2 = 0 

(4) MFG1 - MFG2 = 0 

(5) HUB1 - HUB2 = 0 

(6) SEC_ct_sq1 - SEC_ct_sq2 = 0 

(7) TVD_TDD1 - TVD_TDD2 = 0  

F(  7,  1392) =    0.47 

Prob > F =    0.8550 

NOTE: XXX1 belongs to Group 1 while XXX2 to Group 2. 
 

C.4.4. Dependent Variable 4: PAT (Normal) 

Table 38 below shows the result of a “stepwise” analysis. Two controls and seven network 
variables are found to be statistically significant. While some variables (e.g., TPA and HTC) are 
positively related to PAT, others (e.g., TSP_ln and SEC_TDP) are negatively related. Because 
TDD_ct and TDD_ct_sq have positive and negative coefficients, respectively, there is an 
inverted U-shaped relationship between TDD_ct and PAT. 

Table 38. Result of Regression Analysis (PAT, OLS) 

PAT Var. Coef. Std. Err. VIF 

_cons 17.352*** 5.385  

Controls TPA 5.722** 2.466 1.06 

HTC 7.441** 3.294 1.06 

Network 
characteristics 

TDD_ct 41.684*** 7.852 2.29 

TDD_ct_sq -54.984** 28.020 2.8 
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TDP_ct_sq 216.933*** 20.724 2.65 

TSP_ln -4.083*** 0.779 1.06 

SDC_TDD 160.898*** 62.729 2.8 

SEC_TDP -2432.079*** 611.753 2.75 

TVP_TDP 121.086*** 25.274 1.51 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity problem. 

 
While there is no serious multicollinearity problem in this model, there are some variables 

that have only squares or interaction terms. Thus, I modify the model by adding some variables 
related to prime contractors (e.g., SEC_ct, TDP_ct, and TVP_ct) while dropping ones related to 
the DOD (e.g., TDD_ct) (see Table 39). While controls are still statistically significant and 
positively associated with PAT, both TDP_ct and TDP_ct_sq are significant and have positive 
and negative coefficients, suggesting that there is an inverted U-shaped relationship between 
TDP_ct and PAT. TVP_ct is positively associated with PAT whereas TSP_ln is negatively 
associated. 

Table 39. Result of Regression Analysis after Modifying a Model (PAT, OLS) 

PAT Var. Coef. Std. Err. VIF 

_cons 16.236*** 5.895  

Controls TPA 4.759* 2.533 1.06 

HTC 7.636** 3.417 1.08 

Network 
characteristics 

SEC_ct -185.655 141.797 1.95 

SEC_ct_sq 21375.690** 10048.850 2.07 

TDP_ct 44.106*** 8.773 3.74 

TDP_ct_sq 159.424*** 24.358 3.44 

TSP_ln -3.995*** 0.800 1.07 

TVP_ct 24.884** 11.190 3.03 

TVP_ct_sq -32.308 33.511 3.78 

SEC_TDP -1,618.528*** 475.746 1.54 

SEC_TVP -717.112 661.280 1.54 

TVP_TDP 52.141 52.070 6.47 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity problem. 

 
Before conducting a Chow test, I run regressions for each subgroup whose results are 

presented below (see Table 40). While all variables are statistically significant in Group 2 (i.e., 
firms in the periphery of SBIR funding network), some (i.e., TPA and squares of SEC_ct and 
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TDP_ct) are not significant any longer in Group 1 (i.e., firms in the core). In the controls, while 
TPA is significant in Group 1, HTC is significant in Group 2. In the network characteristics of 
Group 1, TDP_ct and TSP_ln are linearly associated with PAT with an opposite sign. Both 
TVP_ct and TVP_ct_sq are statistically significant and have positive and negative coefficients, 
suggesting that there is an inverted U-shaped relationship between TVP and PAT. In the network 
characteristics of Group 2, both TDP_ct and TDP_ct_sq are statistically significant and have 
positive coefficients, suggesting that there is a monotonically increasing curvilinear relationship 
between TDP_ct and PAT. While TVP_ct is positively associated with PAT, TSP_ln is negatively 
associated.  

Table 40. Result of Regression Analysis by Group (PAT, OLS) 

PAT Var. 

 

Group 1 Group 2 

Coef. Std. Err. Coef. Std. Err.

_cons 24.996*** 5.279 11.628 7.928 

Controls TPA 7.451*** 2.248 4.831 3.425 

HTC 1.866 3.198 11.162** 4.538 

Network 
characteristics 

SEC_ct 21.760 123.144 -311.307 193.204 

SEC_ct_sq 12,300.310 8,873.049 25,829.470* 13,595.460 

TDP_ct 52.828*** 7.782 43.147*** 11.826 

TDP_ct_sq -10.422 22.125 223.590*** 32.563 

TSP_ln -3.604*** 0.707 -4.098*** 1.081 

TVP_ct 24.101** 9.532 26.300* 15.369 

TVP_ct_sq -64.055** 27.940 -16.935 46.781 

SEC_TDP -246.933 430.356 -2,320.918*** 637.542 

SEC_TVP 385.109 581.172 -1394.276 897.234 

TVP_TDP -78.155* 43.033 114.024 72.756 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 
For the Chow test, I compared each group’s coefficients. Here, the null hypothesis is that 

there is structural stability. Since Prob > F = 0.0001 < 0.05, we should reject the null hypothesis, 
meaning that there is structural difference between Groups 1 and 2. In particular, there are 
structural differences in TDP_ct_sq, SEC_TDP, and TVP_TDP between Groups 1 and 2 (see 
Table 41). 

Table 41. Result of Chow Test (PAT, OLS) 

Test Statistics
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 ( 1)  TPA1 - TPA2 = 0  

 ( 2)  HTC1 - HTC2 = 0  

 ( 3)  SEC_ct1 - SEC_ct2 = 0  

 ( 4)  SEC_ct_sq1 - SEC_ct_sq2 = 0 

 ( 5)  TSP_ln1 - TSP_ln2 = 0  

 ( 6)  TDP_ct1 - TDP_ct2 = 0  

 ( 7)  TDP_ct_sq1 - TDP_ct_sq2 = 0 

 ( 8)  TVP_ct1 - TVP_ct2 = 0  

 ( 9)  TVP_ct_sq1 - TVP_ct_sq2 = 0 

 (10)  SEC_TDP1 - SEC_TDP2 = 0 

 (11)  SEC_TVP1 - SEC_TVP2 = 0 

 (12)  TVP_TDP1 - TVP_TDP2 = 0 

F( 12,  1451) =    3.31 

Prob > F =    0.0001 

 

Hypotheses ( 7)  TDP_ct_sq1 - TDP_ct_sq2 = 0 

F( 1,  1451) =    18.70 

Prob > F =    0.0000 

 

Hypotheses (10)  SEC_TDP1 - SEC_TDP2 = 0 

F( 1,  1451) =    3.87 

Prob > F =    0.0494 

 

Hypotheses (12)  TVP_TDP1 - TVP_TDP2 = 0 

F( 1,  1451) =    3.06 

Prob > F =    0.0802 

NOTE: XXX1 belongs to Group 1 while XXX2 to Group 2. 
 

C.4.5. Dependent Variable 4: PAT (Poisson) 

Table 42 below shows the result of a “stepwise” analysis of the Poisson model. Eight 
controls and nineteen network variables are found to be statistically significant. However, some 
variables (e.g., SDC_ct, SDC_TDP, and SEC_ct) have high VIF scores, suggesting there is 
serious multicollinearity problem. 

Table 42. Result of Regression Analysis (PAT, Poisson) 

PAT Var. Coef. Std. Err. VIF 

_cons 2.846*** 0.144  

Controls ASA_ln 0.034*** 0.010 1.78 

AGE 0.008*** 0.001 1.20 

OWN -0.380*** 0.025 1.04 

MFG -0.065*** 0.016 1.04 

HUB 0.326*** 0.063 1.03 

LST 0.142*** 0.018 1.03 

TPA 0.289*** 0.019 1.17 

HTC 0.505*** 0.025 1.12 

Network 
characteristics 

SEQ -0.197*** 0.018 1.01 

SDC_ct -2.346*** 0.309 20.67 

SDC_ct_sq 2.757*** 0.401 8.25 

SEC_ct 25.140*** 3.050 12.64 
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SEC_ct_sq 454.374*** 91.576 4.49 

TDD_ct 2.861*** 0.106 7.51 

TDD_ct_sq -2.680*** 0.148 2.37 

TDP_ct_sq 2.903*** 0.065 6.60 

TSP_ln -0.425*** 0.007 1.12 

TVD_ct 0.333*** 0.088 3.45 

TVP_ct 1.852*** 0.097 4.38 

TVP_ct_sq -2.737*** 0.184 3.13 

SDC_TDD 6.176*** 0.476 5.52 

SDC_TDP -3.423*** 0.630 14.25 

SDC_TVD 2.506*** 0.403 3.28 

SDC_TVP -4.347*** 0.534 4.40 

SEC_TDP -69.534*** 5.951 7.47 

TVD_TDD 0.648*** 0.246 2.43 

TVP_TDP -4.186*** 0.264 4.96 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
Some VIF (variance inflation factor) values are greater than 10, suggesting that there is serious multicollinearity 
problem. 

 
To address the multicollinearity problem, I remove SDC_ct (one with the highest VIF score)-

related variables. As a result, eight controls and thirteen network variables all are statistically 
significant and have low VIF scores (see Table 43). In the controls, ASA_ln, AGE, HUB, LST, 
TPA, and HTC are positively associated with PAT while OWN and MFG are negatively 
associated. In the network variables, some (e.g., TVD_ct) are positively associated with PAT 
while others (e.g., SEQ and TSP_ln) are negatively associated. There are inverted U-shaped 
relations between TDD_ct and PAT, and between TVP_ct and PAT (since the signs of TDD_ct 
and TVP_ct are positive while those of their squares are negative). There is also a monotonically 
increasing curvilinear relation between SEC_ct and PAT. 

Table 43. Result of Regression Analysis after Treating Mulicollinearity (PAT, Poisson) 

PAT Var. Coef. Std. Err. VIF 

_cons 2.710*** 0.137  

Controls ASA_ln 0.041*** 0.009 1.74 

AGE 0.009*** 0.001 1.19 

OWN -0.346*** 0.025 1.04 

MFG -0.051*** 0.016 1.04 

HUB 0.340*** 0.063 1.02 

LST 0.131*** 0.018 1.03 
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TPA 0.268*** 0.018 1.16 

HTC 0.534*** 0.024 1.09 

Network 
characteristics 

SEQ -0.181*** 0.018 1.01 

SEC_ct 3.701*** 1.298 2.45 

SEC_ct_sq 693.372*** 64.086 2.13 

TDD_ct 3.309*** 0.099 6.86 

TDD_ct_sq -2.849*** 0.147 2.36 

TDP_ct_sq 2.640*** 0.061 5.91 

TSP_ln -0.422*** 0.007 1.12 

TVD_ct 0.456*** 0.084 3.06 

TVP_ct 1.581*** 0.090 3.94 

TVP_ct_sq -2.843*** 0.183 3.07 

SEC_TDP -50.578*** 2.319 1.22 

TVD_TDD 0.534*** 0.243 2.42 

TVP_TDP -3.824*** 0.259 4.86 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity problem. 

 
Before conducting a Chow test, I run regressions for each subgroup whose results are 

presented below (see Table 44). Most variables (except MFG, HTC, TVP_ct, TVD_TDD in 
Group 1, and TVD_ct and TVD_TDD in Group 2) are statistically significant. Overall, AGE, LST, 
TAP, TDD_ct, and TDP_ct are positively associated with PAT while OWN, TSP_ln, and most 
squares and interaction terms are negatively associated. In most cases, the signs of coefficients of 
Groups 1 and 2 are the same, but some of them are different. For instance, ASA_ln, HUB, and 
SEC_ct have opposite signs by group. In Group 1, there is a monotonically increasing curvilinear 
relation between SEC_ct and PAT, and an inverted U-shaped relation between TDD_ct and PAT, 
respectively. In Group 2, there is a U-shaped relation between SEC_ct and PAT, and inverted U-
shaped relations between TDD_ct and PAT, and between TVP_ct and PAT. 

Table 44. Result of Regression Analysis by Group (PAT, Poisson) 

PAT Var. 

 

Group 1 Group 2 

Coef. Std. Err. Coef. Std. Err.

_cons 6.008*** 0.266 1.351*** 0.161 

Controls ASA_ln -0.186*** 0.018 0.119*** 0.011 

AGE 0.012*** 0.002 0.009*** 0.001 

OWN -0.509*** 0.047 -0.253*** 0.029 

MFG 0.051 0.032 -0.038** 0.019 

HUB -0.575*** 0.154 0.805*** 0.070 
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LST 0.140*** 0.037 0.130*** 0.021 

TPA 0.426*** 0.038 0.207*** 0.021 

HTC 0.075 0.051 0.632*** 0.028 

Network 
characteristics 

SEC_ct 26.075*** 2.517 -7.218*** 1.518 

SEC_ct_sq 442.520*** 140.569 843.896*** 73.122 

TDD_ct 5.198*** 0.203 2.658*** 0.116 

TDD_ct_sq -5.338*** 0.349 -2.335*** 0.166 

TDP_ct 0.899*** 0.135 3.262*** 0.072 

TSP_ln -0.384*** 0.015 -0.402*** 0.008 

TVD_ct 1.500*** 0.151 0.096 0.101 

TVP_ct 0.197 0.179 2.008*** 0.107 

TVP_ct_sq -4.811*** 0.371 -2.145*** 0.216 

SEC_TDP -67.302*** 5.245 -46.631*** 2.690 

TVD_TDD 0.722 0.448 0.140 0.291 

TVP_TDP -6.873*** 0.473 -2.780*** 0.314 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 
For the Chow test, I compared each group’s coefficients. Here, the null hypothesis is that 

there is structural stability. Since Prob > ch2 = 0.0000 < 0.05, we should reject the null 
hypothesis, meaning that there is structural difference between Groups 1 and 2. In particular, 
there are structural differences in most variables (except AGE, LST, TSP, and TVD_TDD) 
between Groups 1 and 2 (see Table 45). 

Table 45. Result of Chow Test (PAT, Poisson) 

Test Statistics 

( 1) [PAT]ASA_ln1 - [PAT]ASA_ln2 = 0 

( 2) [PAT]AGE1 - [PAT]AGE2 = 0   

( 3) [PAT]OWN1 - [PAT]OWN2 = 0  

( 4) [PAT]MFG1 - [PAT]MFG2 = 0  

( 5) [PAT]HUB1 - [PAT]HUB2 = 0   

( 6) [PAT]LST1 - [PAT]LST2 = 0   

( 7) [PAT]TPA1 - [PAT]TPA2 = 0   

( 8) [PAT]HTC1 - [PAT]HTC2 = 0   

( 9) [PAT]SEC_ct1 - [PAT]SEC_ct2 = 0  

(10) [PAT]SEC_ct_sq1 - [PAT]SEC_ct_sq2 = 0 

(11) [PAT]TDD_ct1 - [PAT]TDD_ct2 = 0  

(12) [PAT]TDD_ct_sq1 - [PAT]TDD_ct_sq2 = 0 

(13) [PAT]TDP_ct1 - [PAT]TDP_ct2 = 0  

chi2( 20) =  903.18  

Prob > chi2 =    0.0000  
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(14) [PAT]TVD_ct1 - [PAT]TVD_ct2 = 0  

(15) [PAT]TVP_ct1 - [PAT]TVP_ct2 = 0  

(16) [PAT]TVP_ct_sq1 - [PAT]TVP_ct_sq2 = 0 

(17) [PAT]TSP_ln1 - [PAT]TSP_ln2 = 0  

(18) [PAT]TVD_TDD1 - [PAT]TVD_TDD2 = 0 

(19) [PAT]TVP_TDP1 - [PAT]TVP_TDP2 = 0 

(20) [PAT]SEC_TDP1 - [PAT]SEC_TDP2 = 0 

NOTE: XXX1 belongs to Group 1 while XXX2 to Group 2. 
Null hypotheses we should reject include (1), (3) - (5), (7) - (16), (19), and (20). 

 

C.4.6. Dependent Variable 4: PAT (Negative Binomial) 

Table 46 below shows the results of a “stepwise” analysis of a Negative Binomial model. Six 
controls and fourteen network variables are found to be statistically significant. However, there 
are some variables (i.e., TDP_ct and TDD_ct) whose VIF scores are greater than 10, suggesting 
that there is serious muliticollinearity problem. 

Table 46. Result of Regression Analysis (PAT, NB) 

PAT Var. Coef. Std. Err.  VIF 

_cons 2.869*** 0.138  

Controls AGE 0.006*** 0.002 1.19 

OWN -0.279*** 0.063 1.04 

MFG 0.193*** 0.050 1.03 

LST 0.105** 0.054 1.03 

TPA 0.228*** 0.059 1.17 

HTC 0.239*** 0.077 1.09 

Network 
characteristics 

SEQ -0.152*** 0.053 1.01 

SEC_ct 8.037*** 2.421 1.14 

TDD_ct 2.800*** 0.350 10.33 

TDD_ct_sq -3.096*** 0.706 4.33 

TDP_ct 3.011*** 0.343 13.25 

TDP_ct_sq -1.157* 0.668 6.81 

TSP_ln -0.258*** 0.018 1.11 

TVD_ct 0.535** 0.217 2.53 

TVP_ct 1.966*** 0.290 4.76 

TVP_ct_sq -2.184*** 0.673 3.82 

SEC_TDD 49.278*** 18.898 4.09 

SEC_TDP -51.002*** 16.724 4.92 

SEC_TVP -23.785* 14.398 1.71 
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TVP_TDP -5.054*** 1.052 6.81 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity problem. 

 
To address the multicollinearity problem, I remove TDP (one with the highest VIF score)-

related variables. The new result is presented in Table 47 below. Most controls (except OWN) 
are positively associated with PAT. Some network variables (e.g., SEC_ct) are positively 
associated with PAT while others (e.g., SEQ and TSP_ln) are negatively associated. There is a U-
shaped relation between TVP_ct and PAT, and an inverted U-shaped relation between TDD_ct 
and PAT. 

Table 47. Result of Regression Analysis after Treating Multicollinearity (PAT, NB) 

PAT Var. Coef. Std. Err.   VIF 

_cons 2.913*** 0.142  

Controls AGE 0.006*** 0.002 1.19 

OWN -0.321*** 0.067 1.03 

MFG 0.158*** 0.052 1.03 

LST 0.084 0.056 1.03 

TPA 0.303*** 0.061 1.16 

HTC 0.303*** 0.080 1.08 

Network 
characteristics 

SEQ -0.196*** 0.056 1.01 

SEC_ct 6.291** 2.483 1.13 

TDD_ct 5.658*** 0.210 2.64 

TDD_ct_sq -4.411*** 0.535 2.09 

TSP_ln -0.266*** 0.019 1.10 

TVD_ct 1.604*** 0.206 2.01 

TVP_ct -0.485** 0.209 2.20 

TVP_ct_sq 1.366*** 0.443 1.18 

SEC_TDD -7.348 11.427 1.23 

SEC_TVP -7.162 13.327 1.29 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10 
All VIF (variance inflation factor) values are less than 5, suggesting that there is no serious multicollinearity problem. 

 
Before conducting a Chow test, I run regressions for each subgroup whose results are 

presented below (see Table 48). Overall Groups 1 are 2 are similar in terms of the size and 
direction of coefficients. However, some variables (e.g., MFG and HTC) that are statistically 
significant in Group 2 are not significant in Group 1. Others (e.g., SEC_ct and TVP_ct) are vice 
versa. 
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Table 48. Result of Regression Analysis by Group (PAT, NB) 

PAT Var. 

 

Group 1 Group 2 

Coef. Std. Err. Coef. Std. Err.

_cons 2.946*** 0.256 2.804*** 0.169 

Controls AGE 0.010** 0.005 0.006** 0.003 

OWN -0.336*** 0.114 -0.299*** 0.082 

MFG 0.097 0.088 0.194*** 0.064 

LST 0.117 0.095 0.082 0.069 

TPA 0.340*** 0.105 0.293*** 0.075 

HTC 0.135 0.142 0.361*** 0.097 

Network 
characteristics 

SEC_ct 9.486** 4.294 4.229 3.025 

TDD_ct 5.676*** 0.360 5.679*** 0.257 

TDD_ct_sq -5.521*** 0.921 -3.986*** 0.661 

TSP_ln -0.284*** 0.034 -0.260*** 0.023 

TVD_ct 1.890*** 0.367 1.578*** 0.253 

TVP_ct -1.167*** 0.386 -0.218 0.256 

TVP_ct_sq 0.330 0.789 1.670*** 0.545 

SEC_TDD -16.788 19.516 -4.255 14.011 

SEC_TVP 29.445 21.964 -29.647* 16.944 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 
For the Chow test, I compared each group’s coefficients. Here, the null hypothesis is that 

there is structural stability. Since Prob > chi2 = 0.3756 > 0.05, we fail to reject the null 
hypothesis, meaning that there is no structural difference between Groups 1 and 2 (see Table 49). 

Table 49. Result of Chow Test (PAT, NB) 

Test Statistics 

( 1) [PAT]AGE1 - [PAT]AGE2 = 0  

( 2) [PAT]OWN1 - [PAT]OWN2 = 0 

( 3) [PAT]MFG1 - [PAT]MFG2 = 0 

( 4) [PAT]LST1 - [PAT]LST2 = 0  

( 5) [PAT]TPA1 - [PAT]TPA2 = 0  

( 6) [PAT]HTC1 - [PAT]HTC2 = 0  

( 7) [PAT]SEC_ct1 - [PAT]SEC_ct2 = 0   

( 8) [PAT]TDD_ct1 - [PAT]TDD_ct2 = 0   

( 9) [PAT]TDD_ct_sq1 - [PAT]TDD_ct_sq2 = 0 

(10) [PAT]TVD_ct1 - [PAT]TVD_ct2 = 0   

chi2( 15) =   16.10 

Prob > chi2 =    0.3756  
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(11) [PAT]TVP_ct1 - [PAT]TVP_ct2 = 0   

(12) [PAT]TVP_ct_sq1 - [PAT]TVP_ct_sq2 = 0 

(13) [PAT]TSP_ln1 - [PAT]TSP_ln2 = 0   

(14) [PAT]SEC_TDD1 - [PAT]SEC_TDD2 = 0  

(15) [PAT]SEC_TVP1 - [PAT]SEC_TVP2 = 0  

NOTE: XXX1 belongs to Group 1 while XXX2 to Group 2. 
 

C.5. Result of Empirical Analysis 

Two tables below show the results of regression analysis for four dependent variables (FPC, 
ROI, JOB, and PAT).  

Table 50. Result of Regression Analysis for FPC, ROI, and JOB 

Variable FPC_ln ROI_ln JOB 

Intercept Cons 5.669*** 5.694*** -27.342*** 

Controls ASA_ln 0.669*** -0.380*** 1.989*** 

AGE 0.031*** 0.037*** 0.069** 

OWN   -0.757** 

MFG   1.346*** 

HUB   -1.344** 

TPA 0.301*** 0.417***  

HTC 0.310*** 0.318***  

Network 
characteristics 

SEC_ct 36.045*** 57.350***  

TDP_ct 0.688*** 0.470**  

SEC_ct_sq -815.864*** -1,356.510*** -4,911.016*** 

TDP_ct_sq -1.236**   

SEC_TDP   -27.342** 

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 

Table 51. Result of Regression Analysis for PAT 

Variable PAT (Normal) PAT (Poisson) PAT (Negative Binomial)

Intercept _cons 16.236*** 2.710*** 2.913*** 

Controls ASA_ln  0.041***  

AGE  0.009*** 0.006*** 

OWN  -0.346*** -0.321*** 

MFG  -0.051*** 0.158*** 
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HUB  0.340***  

LST  0.131*** 0.084 

TPA 4.759* 0.268*** 0.303*** 

HTC 7.636** 0.534*** 0.303*** 

Network 
characteristics 

SEQ  -0.181*** -0.196*** 

SEC_ct -185.655 3.701*** 6.291** 

TDD_ct  3.309*** 5.658*** 

TDP_ct 44.106***   

TSP_ln -3.995*** -0.422*** -0.266*** 

TVD_ct  0.456*** 1.604*** 

TVP_ct 24.884** 1.581*** -0.485** 

SEC_ct_sq 21,375.690** 693.372***  

TDD_ct_sq  -2.849*** -4.411*** 

TDP_ct_sq 159.424*** 2.640***  

TVP_ct_sq -32.308 -2.843*** 1.366*** 

SEC_TDP -1,618.528*** -50.578*** -7.348 

SEC_TVP -717.112  -7.162 

TVD_TDD  0.534***  

TVP_TDP 52.141 -3.824***  

NOTE: XXX_ln = the natural logarithm of variable XXX; YYY_ct = centered YYY; and ZZZ_sq = squared ZZZ 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 
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Appendix D. Geographic Aspects in SBIR Technology Transition 

Appendix D lays out the groundwork for understanding regional aspects in SBIR technology 
transition by describing regional differences in entrepreneurial innovation (which is an essential 
ingredient for technology transition) (subsection D.1) and by reviewing literature on state-level 
innovation capacity and support (subsection D.2), and anchor tenants and innovation brokers 
(subsection D.3). In addition, I briefly explain why I use “state” as an observation unit119 instead 
of other geographic units such as county and congressional district. 

D.1. Regional Differences in Entrepreneurial Innovation 

There are cultural, industrial, technological, economic, and other differences between 
regions. While some of those differences may come from natural endowments, others may stem 
from artificial factors such as policy efforts by governments and entrepreneurial activities by the 
private sector. Unlike some Asian and European countries where a central government occupies 
most authorities, the U.S. divides power between a federal government and state governments. 
As a result, state governments have many powers to make them distinct from others. It is 
particularly true in the policy realm related to entrepreneurial innovation-based regional 
economic development.120 Although there are path-dependent aspects,121 state governments may 
be able to introduce new policy programs, strengthen existing programs, or abolish inefficient or 
ineffective programs to gain innovation capacity and achieve economic growth in their regions. 

While state governments can support their regional innovation system (RIS) (e.g., by 
building better infrastructure and providing R&D funding to entities in the state), the private 
sector plays a fundamental and operational role in the RIS. For instance, the public or nonprofit 
sector such as academic and research institutions can contribute to the development of human 
capital, the creation of new knowledge (e.g., basic science), and the support for technology 
commercialization, whereas the private sector can commit to the development of social capital, 
the application of new knowledge (e.g., applied engineering), and the implementation of 
technology commercialization. As a great body of studies proves that entrepreneurship plays a 
pivotal role in regional economic development, policymakers have been interested in how to 

                                                 
119 As explained in chapter 1, I use hierarchical linear models that enable the incorporation of both lower-level 
(firm) and upper-level (region) characteristics. While I still use “firm” as an observation unit for lower-level, I use 
“state” as an observation unit for upper-level factors. 
120 One example is “Research Triangle Park” in North Carolina. The state government has sought to empower its 
innovation capacity by building better infrastructure for R&D and attracting major companies, and to create a hi-
tech cluster where academic institutions (e.g., Duke University, University of North Carolina, and North Carolina 
State University) spill knowledge over to adjacent small and large businesses, and those businesses commercialize 
the transferred technologies. 
121 There are regional policies, but these are the result of similar state government policies or agreements between 
those state governments. 
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promote entrepreneurial innovation by making the regional context more preferable to the private 
sector. 

As a vessel containing various entrepreneurial innovation-related players and processes, a 
region may be approached with diverse geographic units. It could be based on administrative 
(e.g., city, county, and state) or political (e.g., congressional district) areas, or notional (e.g., 
Silicon Valley and Research Triangle Park) areas.122 While a few studies used political (e.g., Wu, 
Nager and Chuzhin (2016)) or notional (e.g., Saxenian (1996) and Feldman and Lowe (2015)) 
areas, most studies have tackled regional issues with administrative areas because most data is 
offered on the basis of city, county, state, and metropolitan statistical areas (MSAs). Even within 
administrative areas, different levels of regions are used to address geographic issues. With the 
advance of geographic information system technology, in particular, scholars and policymakers 
tend to look into high-resolution geographic data. For instance, Wang, Mack and Maciewjewski 
(2017) used the latitude and longitude information of Twitter users with hashtags such as 
#smallbiz and #entrepreneur to analyze entrepreneurial networks.  

Yet, there are many state-level studies, particularly in the policy realm. First, states are 
sufficiently distinguished from each other. For instance, Klowden, Keough and Barrett (2014) 
and Ruger and Sorens (2016) show that there are significant differences in science and 
technology capacity and individual and economic freedom across states, respectively. Second, 
most influential policy programs stem from not local but federal and state governments. While 
local governments tend to play an operational role, federal and state governments have the 
capacity to formulate and implement new policy programs. The programs, as a result, tend to be 
applied equally to all entities in the state. For instance, while the SBIR program solicits 
applications from all states, some states have state-level matching programs but others do not. 
Those state programs apply to all small firms that won the SBIR awards in the state. 

In this vein, my dissertation also uses the state as a study unit. Based on state-level 
characteristics, I examine the effect of regional determinants on the success of the DOD SBIR 
technology transition. 

D.2. State-level Innovation Capacity and Support 

As important regional characteristics may influence the DOD SBIR technology transition, 
this section introduces two elements of state-level innovation capacity and support: the State 
Tech and Science Index (STSI) and the SBIR supporting program. While the former incorporates 
states’ overall innovation capacity, the latter relates state-level policy directly to the SBIR 
program. Both factors may be important to the DOD SBIR awardees for two reasons: states with 

                                                 
122 For instance, the boundary of Silicon Valley is neither fixed nor limited to one city. It is not only moving (i.e., 
currently the central part is moving from the west to east Bay Area) and expanding (i.e., IT giants have built 
enormous buildings, startups are growing, and more and more businesses and supporting services are coming to this 
area) but also spanning over several cities such as San Jose and Sunnyvale. 
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high innovation capacity123 may provide better R&D and technology transition environment to 
technology-based small businesses; and states with better support for the SBIR application and 
R&D may increase the likelihood of small businesses to win the SBIR funding and to make 
federal procurement contracts. In addition, I briefly explain how the STSI is constructed and why 
I selected the STSI as an indicator for state-level innovation capacity over other measures, and I 
describe what kind of state-level SBIR programs exist and which states implement the programs. 

D.2.1. State Tech and Science Index 

As technological innovation and entrepreneurship emerge as a driver for regional economic 
growth, both public, nonprofit, and private sectors have sought to collect relevant data. In the 
public sector, notably, the National Science Foundation (NSF) and the Department of Commerce 
have provided useful data to stakeholders. The NSF’s National Center for Science and 
Engineering Statistics (NCSES),124 for instance, contains various survey data such as Business 
Research and Development and Innovation Survey (BRDIS) and Survey of Federal Funds for 
Research and Development (SFFRD).125 The DOC’s Census Bureau offers extensive data related 
to region and industry, such as Statistics of U.S. Business (SUSB) and Business Dynamics 
Statistics (BDS).126 The DOC’s Bureau of Economic Analysis provides not only economic 
accounts (e.g., national/regional income and product) but also an R&D or innovation account.127 
The DOC’s U.S. Patent and Trademark Office (USPTO), particularly the Patent Technology 
Monitoring Team (PTMT), offers patent data (as a proxy for innovation) by region and industry. 
The DOC’s Economic Development Administration (EDA) processes source data and provides 
an Innovation Index128 (see Figure 49). 

                                                 
123 For instance, many information technology and biotechnology small firms are clustered in San Jose and San 
Diego because California provides a better innovation environment for hi-tech firms. 
124 http://www.nsf.gov/statistics/index.cfm 
125 In addition to BRDIS and SFFRD, NCSES provides the following data: Survey of Earned Doctorates; Survey of 
Graduate Students and Postdoctorates in Science and Engineering; FFRDC Research and Development Survey; 
Higher Education Research and Development Survey (HERDS); Survey of Federal Science and Engineering 
Support to Universities, Colleges, and Nonprofit Institutions; Survey of Science and Engineering Research 
Facilities; National Survey of College Graduates; National Survey of Recent College Graduates; Survey of 
Doctorate Recipients; Survey of Postdocs at Federally Funded Research and Development Centers; Survey of Public 
Attitudes Toward and Understanding of Science and Technology; and so forth. 
126 The U.S. Census also provides nonemployer Statistics (NS), Survey of Business Owners (SBO), Business 
Expenses Survey (BES), County Business Patterns (CBP), and so on. 
127 http://www.bea.gov/national/newinnovation.htm 
128 The EDA’s Innovation Index is composed of Human Capital (Average high-tech employment share, Ages 25-64 
with some college or an associate’s degree, Ages 25-64 with a bachelor’s degree, Young adult population growth 
rate, Technology-based knowledge occupations); Economic Dynamics (Average venture capital investment per 
$10,000 GDP, Average establishment chum, Broadband connections per 1,000 households, Change in broadband 
density, Average large establishments per 10,000 workers, Average small establishments per 10,000 workers); 
Productivity and Employment (Job growth to population growth ratio, Change in high-tech employment share, 
Average patents per 1,000 workers, Gross domestic product per worker, Average annual rate of change in GDP per 

http://www.nsf.gov/statistics/index.cfm
http://www.bea.gov/national/newinnovation.htm
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Figure 49. Innovation Index by County, 2009-2014 

 
SOURCE: http://www.statsamerica.org/ii2/map.aspx 

 
Academic institutions also provide relevant data. Babson College’s Arthur M. Blank Center 

for Entrepreneurship, through the Global Entrepreneurship Monitor (GEM) project129 with 
London Business School, surveys adult population and national experts around the world to 
measure entrepreneur’s activity, aspirations, attitudes and perceptions, and national environment 
for entrepreneurship. The University of Michigan’s Institute for Social Research conducted the 
Panel Study of Entrepreneurial Dynamics (PSED)130 in 1998 and 2004, and it allows scholars to 
access the data. The University of Florida’s Warrington College of Business Administration and 
University of New Hampshire’s Peter T. Paul College of Business and Economics provide data 
on initial public offerings (IPO) and angel markets, respectively. 

In addition, nonprofit foundations and research institutes offer useful indices related to 
technological innovation and entrepreneurship. The Kauffman Foundation, for instance, 
performed the Kauffman Firm Survey, and it provides the Kauffman Index131 that captures 
startup activity, main street entrepreneurship, and growth entrepreneurship.  

                                                                                                                                                             
worker); and Economic Well-Being (Average poverty rate, Average unemployment rate, Average net internal 
migration rate, Change in per capita personal income, Change in wage and salary compensation per worker, Change 
in proprietors income per proprietor). 
129 http://www.gemconsortium.org 
130 http://www.psed.isr.umich.edu/psed/home 
131 Kauffman Index consists of Startup Activity (Rate of new entrepreneurs, Opportunity share of new 
entrepreneurs, Startup density); Main Street Entrepreneurship (Rate of business owners, Survival rate, Established 
small business density); and Growth Entrepreneurship (Rate of startup growth, Share of scale-ups, High-growth 
company density). 

http://www.statsamerica.org/ii2/map.aspx
http://www.gemconsortium.org
http://www.psed.isr.umich.edu/psed/home
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Milken Institute, on the other hand, has updated the State Tech and Science Index (STSI) 
since 2002. The index measures state-level innovation capacity, which is composed of five 
elements: research and development inputs; risk capital and entrepreneurial infrastructure; 
human capital investment; technology and science workforce; and technology concentration and 
dynamism. Each component “is computed and measured against the relevant statistic: 
population, gross state product (GSP), number of establishments, number of businesses, and so 
on” (Klowden, Keough and Barrett, 2014) and tallied into the overall index with equal weight. 
Details on components are presented in Table 52 below. According to the index of 2016, top 5 
states are Massachusetts, Colorado, Maryland, California, and Washington while bottom 5 states 
are Mississippi, Louisiana, Kentucky, Arkansas, and West Virginia. This contrast stands out in 
Figure 50 below.  

Table 52. Components of State Tech and Science Index 

Index Component

Research and 
development inputs 

Federal R&D expenditures 

Industry R&D expenditures 

National Science Foundation (NSF) funding 

Small Business Technology Transfer (STTR) awards 

Small Business Innovation Research program (SBIR) 

Risk capital and 
entrepreneurial 
infrastructure 

Flow and strength of venture capital investment 

Small Business Investment Company (SBIC) funds 

Business incubators 

Patents 

Business formation 

Clean-tech/green-tech, nanotechnology, and biotechnology investments 

Human capital investment The prevalence of various degrees 

State spending 

Home computer penetration and Internet access 

Test scores 

Technology and science 
workforce 

Intensity of computer and information science experts 

Intensity of life and physical scientists 

Intensity of engineers 

Technology concentration 
and dynamism 

High-tech employment 

High-tech business births 

High-performing tech companies 

Growth in tech-sector industries 

SOURCE: Klowden, Keough and Barrett (2014) 
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Figure 50. State Tech and Science Index by State, 2016 

 
SOURCE: http://statetechandscience.org/statetech.taf?page=map 

 
To reflect the contrast in overall innovation capacity among states, I incorporate STSI into 

my empirical model as regional characteristics. The reason why I select STSI over other 
measures is that: (1) most measures provide only fragmented information; and (2) although some 
measures contain integrated information, they do not provide state-level indices. For instance, 
the Kauffman Index only provides entrepreneurship-related information. On the other hand, the 
EDA’s innovation index provides overall innovation capacity, but it is at the county, not state, 
level. 

D.2.2. State-level Support for the SBIR Program 

Federal programs for small businesses have received a lot of attention but state ones have 
not. This is true for the SBIR program. As a federal program, the SBIR program has been 
evaluated on many occasions: periodically by the National Academies and the U.S. Government 
Accountability Office; frequently by academic researchers; and sometimes by third-party 
consultants. In contrast, it is difficult to find assessments of state-level SBIR supporting 
programs even though most states have such programs.  

With the motivation to fill the gap, Lanahan and Feldman (2015) identified what kind of 
state-level SBIR supporting programs exist and how many states implement those programs. 

http://statetechandscience.org/statetech.taf?page=map
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According to their study, there are two types of state-level SBIR supporting programs: the SBIR 
Match Program (SMP)132 and the SBIR Outreach Program (SOP).133 The former aims at 
providing funds in the situation of a so-called ‘startup financing valley of death’ while the latter 
intends to support proposal preparation (e.g., consultancy fees associated with proposal writing 
and review). As of 2013, 42 states operate the SOP while only 17 states execute the SMP (see 
Appendix D.2.2.1 for more details) because the SMP needs much more financial resources than 
the SOP does. While the SMP provides the SBIR first- or second-phase winners with up to a 
25% to 100% match134 or a $25,000 to $800,000 match,135 the SOP offers up to $1,500 to 
$10,000 proposal grants.136 

Furthermore, Lanahan (2015) examined how the SMP-I program influences the SBIR 
second-phase success rate by three federal agencies (i.e., NSF, DOE, and NASA). As a result of 
the analysis, Lanahan found that the SMP is positively associated with the NSF SBIR Phase II 
success rate. While Lanahan and Feldman (2015) and Lanahan (2015) both opened the door to 
the U.S. multilevel innovation policy (particularly in relation to the SBIR program), they tend to 
focus on short-term outcomes of state-level SBIR supporting programs. As Lanahan (2015, p. 6) 
noted, other outcomes may include “accelerated product development or successful 
commercialization.” 

Drawing on their studies, I incorporate two types of state-level SBIR supporting programs—
SMP and SOP—into the empirical models as one of regional characteristics. Specifically, I 
create two dummy variables depending on whether a state has a SMP (DSM) and whether a state 
has a SOP (DSO). For instance, because Kentucky has not only the SMP (SMP-I and –II) but 
also the SOP (Support Services), the state is recorded as DSM = 1 and DSO = 1. On the other 
hand, because Alaska has only the SOP (Phase 0 and 00), the state is recorded as DSM = 0 and 
DSO = 1. 

                                                 
132 SMP includes three types of programs: SMP-I (i.e., SMP for SBIR first-phase winners), SMP-II (i.e., SMP for 
SBIR second-phase winners), and Limited Match (i.e., SMP for only selected SBIR awardees on a competition 
basis). 
133 SOP also includes three types of programs: Phase 0 (i.e., proposal assistance to the SBIR Phase I), Phase 00 (i.e., 
proposal assistance to the SBIR Phase II), and Support Services (i.e., assistance to SBIR-related conference 
participation and mentoring). 
134 For instance, Michigan’s MI Emerging Technologies Fund offers up to a 25% match while New York’s NY 
State Office of Science, Technology, and Academic Research (NYSTAR) does up to a 100% match. 
135 For instance, Hawaii’s High Technology Development Corporation provides up to a $25,000 match while 
Massachusetts’s Mass Ventures: MA START does up to $800,000. 
136 For instance, South Dakota’s SBIR Center provides up to $1,500 while Pennsylvania’s Innovation Partnership 
and Tennessee’s Technology Development Corporation do up to $10,000. 
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D.2.2.1. SBIR Match and Outreach Programs by State 

Table 53. SBIR Match and Outreach Programs by State 

State 

SBIR Match programs SBIR Outreach program 

SMP-I SMP-II 
Limited 
Match Phase 0 Phase 00 

Support 
Services 

Alabama 1 

Alaska 1 1 

Arizona 1 

Arkansas 1 

California 1 

Colorado 

Connecticut 1 1 

Delaware 1 

Florida 1 1 

Georgia 1 

Hawaii 1 1 

Idaho 1 

Illinois 1 1 

Indiana 1 1 1 

Iowa 1 

Kansas 1 1 1 

Kentucky 1 1 1 

Louisiana 1 

Maine 1 

Maryland 1 

Massachusetts 1 

Michigan 1 1 

Minnesota 1 

Mississippi 1 1 

Missouri 1 

Montana 1 1 

Nebraska 1 1 

Nevada 

New Hampshire 1 

New Jersey 1 1 

New Mexico 

New York 1 1 

North Carolina 1 1 1 

North Dakota 1 1 

Ohio 1 
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Oklahoma 1 1 1 

Oregon 1 1 

Pennsylvania 1 1 1 

Rhode Island 

South Carolina 1 

South Dakota 1 1 

Tennessee 1 1 

Texas 

Utah 1 

Vermont 1 

Virginia 1 1 1 1 

Washington 1 

West Virginia 1 1 

Wisconsin 1 

Wyoming 1 
SOURCE: Lanahan and Feldman (2015, p. 1391) 

 

D.3. Anchor Tenants and Innovation Brokers 

In addition to state-level innovation capacity and support, this section introduces other 
important regional characteristics that may affect the DOD SBIR technology transition: anchor 
tenants and innovation brokers. There are many mechanisms by which small business obtain 
support for development and transition of their innovative ideas, concepts, and technologies. 
Here I describe defense labs and DOD mentors as anchor tenants and business incubators and 
patent practitioners as innovation brokers. 

D.3.1. Defense Labs and DOD Mentors 

Similar to the large department store in a retail shopping mall that entices customers and 
creates foot traffic, large R&D entities (e.g., large high-tech firms, research universities, and 
federal research labs) generate ideas, attract firms that seek to capitalize on the ideas, and 
provide the environment for the utilization of the ideas (Niosi and Zhegu, 2010). Those large 
R&D entities are called anchor tenants because “the presence of large, technologically 
sophisticated entities … anchor local economies” (Feldman, 2003) by creating knowledge-
spillover externalities, increasing innovative output, and enhancing the absorptive capacity in a 
regional innovation system. 

Since the 1980s, the legislature and the executive both have attempted to utilize publicly-
funded research outcomes via landmark laws such as the Stevenson-Wydler Act of 1980 and the 
Federal Technology Transfer Act (FTTA) of 1986. Given its dominant portion of R&D 
expenditure, the DOD, in collaboration with Congress, has also stressed the importance of 
military technology commercialization that can contribute to both national security and 
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economy. In the efforts of technology transfer and transition, defense laboratories have been at 
the frontier. Thus, the Defense Authorization Act of 1991 (P.L. 101-510) established model 
programs for linking defense laboratories with state and local government and small businesses. 
More recently, the National Defense Authorization Act for FY 2016 (P.L. 114-92) facilitated the 
cooperation among the military, academia, and private sector by establishing the Centers for 
Science, Technology, and Engineering Partnership at defense labs (Baus, 2015). Those laws have 
brought not only national-level benefits but also regional-level economic leverages. For instance, 
small businesses near defense labs could use their state-of-art facilities, license their patents, 
receive technical assistance from them, and participate in collaborative R&D projects. In other 
words, defense labs have worked as anchor tenants in their regions. 

The role of defense labs as anchor tenants stands out in TechLink’s study of the National 
Economic Impacts from DoD License Agreements with U.S. Industry, 2000-2014 (TechLink, 
2016). TechLink of Montana State University, in collaboration with the Leeds School of 
Business of the University of Colorado, studied the economic contribution of DOD license 
agreements, one of the technology transfer mechanisms137 between defense labs and private 
industry. According to their study, the DOD license agreements that were active during the 2000-
2014 period have led to: $20.4 billion in total sales of new products and services; $48.8 billion in 
total economic output nationwide; $1.6 billion in new tax revenues (federal, state, and local); 
182,985 full-time jobs created or retained; and 12,199 full-time jobs per year with an average 
salary of $71,337. 

To incorporate the impact of defense labs into empirical models, I consider 75 labs on the list 
of Defense Laboratory Enterprise (DLE)138 (see Figure 51), and I use the number of labs by state 
in the models.139  

                                                 
137 According to Baus (2015), other technology transfer mechanisms include: Cooperative Research and 
Development Agreements (CRADAs); Work for Private Party Agreements (WFPP); Cooperative Agreements, 
Grants and Other Transactions; and procurement contracts. While Baus categorizes procurement contracts into 
technology transfer, I define procurement contracts as technology transition that is different from technology 
transfer. 
138 http://www.acq.osd.mil/rd/laboratories/ 
139 In addition to the defense labs of DLE, other laboratories such as Federally Funded Research and Development 
Centers (FFRDCs), University-Affiliated Research Center Laboratories (UARCs), and Department of Energy’s 
national labs are also related to defense research. This dissertation, however, focuses on the defense labs of DLE 
because they are directly associated with the DOD SBIR program by participating in the evaluation of SBIR 
awardees and the generation of SBIR topics. I plan to incorporate other labs into a future study. 

http://www.acq.osd.mil/rd/laboratories/
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Figure 51. Geographic Distribution of Defense Labs 

 
SOURCE: http://www.acq.osd.mil/rd/laboratories/labs/map.html 

 
While Niosi and Zhegu (2010) place public and non-profit research entities under the 

category of anchor tenants, Agrawal and Cockburn (2003) and Feldman (2003) tend to narrow 
down the category to large R&D firms (excluding public and nonprofit research institutions). 
Specifically, Agrawal and Cockburn (2003, p. 4) define an anchor tenant as “a large, locally 
present firm that: 1) is heavily engaged in R&D in general and 2) has at least minor absorptive 
capacity in a particular technological area.” Gigantic IT firms (e.g., Google, Apple, Facebook, 
and Sun Microsystems), for instance, meet Agrawal and Cockburn (2003)’s requirements in 
Silicon Valley. Other large IT firms such as Intel and Tektronix might be regarded as anchor 
tenants in Silicon Forest (i.e., Portland, Oregon), while Hewlett Packard and Micron Technology 
have contributed to the regional economic development of Boise, Idaho, through R&D 
investment and capacity building (Mayer, 2009). 

Other industry businesses, not just IT firms, that are more closely related to the defense 
industrial base, such as aerospace industry,140 have played an anchor tenant role in multiple 
regions. Niosi and Zhegu (2010) determined anchor tenants based on the number of issued 
patents in the aerospace area (see Table 54 below). Lockheed Martin and Northrop Grumman 
Corporation, for instance, were identified as anchor firms in California while Boeing was in 
Washington. 

                                                 
140 Aerospace businesses tend to rely on regional characteristics when choosing their locations. It is beneficial for 
them to locate near federal labs because government (in particular DOD) demand is substantial. For the flight test, 
they need more geographically friendly places such as vast territories, proper topography, and benign weather (Niosi 
and Zhegu 2010). 

http://www.acq.osd.mil/rd/laboratories/labs/map.html
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Table 54. Anchor Tenants in Aerospace Clusters 

Aerospace Cluster Major Anchor Tenants

California The Government of the United States; Lockheed Aircraft Corporation; Northrop 
Corporation; North American Aviation; Douglas Aircraft Company, Inc. 

New York Curtiss-Wright Corporation; Sperry co; Bell Aerospace Corporation; Republic Aviation 
Corporation; The Government of the United States 

Seattle, Washington Boeing; The Government of the United States; Northrop Corporation; Positive Flight 
Control, Inc.; Lear, Inc. 

Connecticut The Government of Untied States; Kaman Aircraft Corporation; Pioneer Aerospace; 
Chance Vought Corporation; Sikorsky Aircraft Corporation 

Ohio The Goodyear Tire & Rubber Company; BF Goodrich Company; The Government of 
the United States; Cleveland Pneumatic Industries, Inc.; General Electric Company 

Texas The Government of the United States; Chance Vought Corporation; Bell Aerospace 
Corporation; LTV Aerospace Corporation; Textron Inc. 

NOTE: The Government of the United States includes government agencies and national labs related to aerospace 
(e.g., U.S. Air Force, Air Force Research Lab, and National Aeronautics and Space Administration). Each entity in the 
column of Major Anchor Tenants is listed by the number of patents.  
SOURCE: Niosi and Zhegu (2010) 

 
Although Agrawal and Cockburn (2003) proposed only two conditions—intensive R&D and 

absorptive capacity—for being an anchor tenant, they are necessary conditions, not sufficient 
ones. The most important aspect of anchor tenants is whether they create knowledge spillover 
externalities in the region. The presence itself of large R&D firms may attract potential 
entrepreneurs and relevant service providers, but they should diffuse their ideas in the region and 
offer technological and economic benefits to small firms (particularly start-up firms) from the 
perspective of the regional innovation system. As established firms, anchor firms could become 
clients for small firms and provide advice on how to participate in government procurement 
contracts. In this vein, it may be desirable to assume that all large R&D firms are not good 
anchor tenants, and that large firms participating in the DOD Mentor-Protégé program141 are 
better anchor tenants, especially for DOD SBIR awardees. 

Since the DOD Mentor-Protégé program started in 1991, the program has facilitated small 
firms (protégé) to equip themselves with technical and business skills and to succeed in 
government contracts by networking with large firms, mainly prime contractors (mentors). 
According to GAO’s (2007) survey of the Mentor-Protégé program participants, 93% of the 
respondents showed positive responses with the belief that the program enhanced their firms’ 
overall capabilities. NWBC (2011, pp. 8-9) summarized the benefits of the program as follows: 

 To the Protégé – Protégé firms benefit by gaining technical, managerial, financial, or any 
other mutually-agreed upon assistance. There may be a direct financial benefit by 
subcontracting or teaming arrangements with the mentor, and these companies are 

                                                 
141 http://www.acq.osd.mil/osbp/sb/programs/mpp/ 

http://www.acq.osd.mil/osbp/sb/programs/mpp/
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eligible to receive loans or equity investment from the mentor. Protégé firms also benefit 
by developing stronger working relationships with prime contractors, positioning them to 
better compete for federal contracts. 

 To the Mentor – Mentor-Protégé Programs can benefit large prime contractors by 
creating a formal structure to develop partnerships with specialized companies that 
provide critical skills, materials, or services. These partnerships serve to diversify supply 
chains and infuse innovation that can increase the firm’s competitiveness. In most federal 
programs, mentor firms can use their Mentor-Protégé agreement to receive additional 
evaluation points toward the awarding of contracts during competitive bid offers. Once 
prime contracts are awarded, mentors may receive credit toward attaining small business 
subcontracting goals. 

 To the Federal Government – Ideally, the federal government also benefits through 
successful Mentor-Protégé agreements. A capable protégé firm may be able to provide 
goods and services more efficiently and less expensively than large prime contractors 
with higher overhead costs. Additionally, protégé firms that have had guidance and 
training by large businesses may be more likely to perform successfully on government 
contracts they do win. Theoretically, Mentor-Protégé Programs provide long-term 
benefits by increasing the capacity of small businesses to grow, creating new jobs, and 
establishing more equity in the distribution of federal contracting dollars. 

Drawing on the positive effect of the mentoring of prime contractors on protégés’ success of 
procurement contracts, I incorporate the number of mentors (normalized by state population) into 
the empirical models as one of regional characteristics. 

D.3.1.1. Defense Laboratory Enterprise by State 

Table 55. Defense Laboratory Enterprise by State 

State AF Army Navy 

Alabama 

Aeromedical Research 
Laboratory (AARL)  
Aviation and Missile 
Research, Development, and 
Engineering Center 
(AMRDEC)  
Space and Missile Defense 
Technical Center (SMDTC)  

Arkansas 
Edgewood Chemical 
Biological Center (ECBC)  
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California 
The Solid Propulsion 
Complex (AFRL/RQ)  

Aeroflightdynamics 
Directorate (AFDD)  
Aviation and Missile 
Research, Development, and 
Engineering Center 
(AMRDEC)  

Naval Air Warfare Center 
Weapons Division - China 
Lake (NAWCWD - China 
Lake)  
Naval Air Warfare Center 
Weapons Division - Point 
Mugu (NAWCWD - Point 
Mugu)  
Naval Health Research 
Center (NHRC)  
Naval Surface Warfare 
Center- Corona Division 
(NSWC - Corona)  
Naval Surface Warfare 
Center- Pt. Hueneme Division 
(NSWC - Pt. Hueneme)  
Space and Naval Warfare 
Systems Center - Pacific 
(SSC - Pacific)  

Connecticut 

Naval Submarine Medical 
Research Laboratory 
(NSMRL)  

Florida 

AFRL - Munitions Directorate 
(AFRL/RW) 
Airbase Sciences 
Laboratories (AFRL/RQ)  

Simulation and Training 
Technology Center (STTC)  

Naval Aerospace Medical 
Research Laboratory 
(NAMRL)  
Naval Surface Warfare 
Center- Panama Division 
(NSWC - Panama)  

Illinois 

Armament Research, 
Development, and 
Engineering Center (ARDEC) 
Army Construction and 
Engineering Research Lab 
(CERL)  
Army Sustainment Command 
(Autant-Bernard et al.)  
Edgewood Chemical 
Biological Center (ECBC)  

Indiana 

Naval Surface Warfare 
Center- Crane Division 
(NSWC-Crane)  
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Maryland 

Armament Research, 
Development, and 
Engineering Center (ARDEC) 
Army Material Systems 
Analysis Activity (AMSSA)  
Army Research Laboratory 
(ARL)  
Communications and 
Electronics Research, 
Development, and 
Engineering Center 
(CERDEC)  
Edgewood Chemical 
Biological Center (ECBC)  
Medical Research Institute of 
Chemical Defense (AMRICD) 
Medical Research Institute of 
Infectious Diseases (AMRIID) 
Walter Reed Army Institute of 
Research (WRAIR)  

Naval Air Warfare Center 
Aircraft Division - Patuxent 
River (NAWCAD)  
Naval Medical Research 
Center (NMRC)  
Naval Surface Warfare 
Center- Carderock Division 
(NSWC - Carderock)  
Naval Surface Warfare 
Center- EODTechDiv (NSWC 
- EOD)  
Naval Surface Warfare 
Center- Indian Head Division 
(NSWC - Indian Head)  

Massachusetts 
AFRL - Space Vehicles 
Directorate (AFRL/RV)  

Army Research Institute of 
Environmental Medicine 
(ARIEM)  
Natick Soldier Research, 
Development, and 
Engineering Center 
(NSRDEC)  

Michigan 

Tank Automotive Research, 
Development, and 
Engineering Center 
(TARDEC)  
Tank Automotive Research, 
Development, and 
Engineering Center 
(TARDEC)  

Mississippi 

Army Coastal and Hydraulics 
Lab (TechLink)  
Army Environmental Lab (EL-
ERDC)  
Army Geotechnical and 
Structures Lab (GSL)  
Army Information Technology 
Lab (ITL)  
Engineer Research and 
Development Center (ERDC)  

New Hampshire 

Army Cold Regions Research 
and Engineering Lab 
(CRREL)  

New Jersey 

Armament Research, 
Development, and 
Engineering Center (ARDEC)  

Naval Air Warfare Center 
Aircraft Division - Lakehurst 
(NAES)  

New Mexico 

AFRL - Directed Energy 
Directorate (AFRL/RD) 
AFRL - Space Vehicles 
Directorate (AFRL/RV) 
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New York 
AFRL - Information 
Directorate (AFRL/RI)  

Armament Research, 
Development, and 
Engineering Center (ARDEC)  

North Carolina 
ARL - Army Research Office 
(ARO)  

Ohio 

AFRL - Air Vehicles 
Directorate (AFRL/RB) 
AFRL - Human Effectiveness 
Directorate (AFR/HPW) 
AFRL - Materials and 
Manufacturing Directorate 
(AFRL/RX)  
AFRL - Sensors Directorate 
(AFRL/RY)  
ARFL - Propulsion 
Directorate (AFRL/RQ)  
HQ Air Force Research 
Laboratory (AFRL)  

Naval Health Research 
Center - Environmental Health 
Effects Laboratory (EHEL)  

Pennsylvania 

Naval Surface Warfare 
Center- Philadelphia (NSWC - 
CD - SSES)  

Rhode Island 

Naval Undersea Warfare 
Center - Newport Division 
(NUWC - Newport)  

South Carolina 

Space and Naval Warfare 
Systems Center - Atlantic 
(SSC - Atlantic)  

Texas 
Institute of Surgical Research 
(USAISR)  

Virginia 

AFRL - Air Force Office of 
Scientific Research 
(AFOSR)  

Army Research Institute for 
the Behavioral and Social 
Sciences (ARI)  
Aviation and Missile 
Research, Development, and 
Engineering Center 
(AMRDEC)  
Topographics Engineering 
Center (AGC)  

Marine Corps Warfighting 
Laboratory (MCWL)  
Naval Surface Warfare 
Center- Dahlgren Division 
(NSWC - Dahlgren)  
SPAWAR Space Field Activity 
(SSFA)  

Washington 

Naval Undersea Warfare 
Center - Keyport Division 
(NUWC-Keyport)  

NOTE: Two defense labs are omitted from the table. One is the Naval Research Laboratory (NRL) in the District of 
Columbia and another is the Armed Forces Radiobiology Research Institute (RRI) In Maryland, which is under the 
DOD, not the services. 

There is no defense lab in the following states: Alaska, Arizona, Colorado, Delaware, Georgia, Hawaii, Idaho, Iowa, 
Kansas, Kentucky, Louisiana, Maine, Minnesota, Missouri, Montana, Nebraska, Nevada, North Dakota, Oklahoma, 
Oregon, South Dakota, Tennessee, Utah, Vermont, West Virginia, Wisconsin, and Wyoming. 
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D.3.1.2. Geographical Distribution of DOD Mentors 

Table 56. Number of DOD Mentors by State 

State # DOD Mentors 

Population

(million) 
# DOD Mentors per 
Population (million) 

Alabama 26 4.780 5.440 

Alaska 0 0.710 0.000 

Arizona 8 6.392 1.252 

Arkansas 26 2.916 8.917 

California 40 37.254 1.074 

Colorado 21 5.029 4.176 

Connecticut 7 3.574 1.959 

Delaware 1 0.898 1.114 

Florida 27 18.801 1.436 

Georgia 6 9.688 0.619 

Hawaii 3 1.360 2.205 

Idaho 1 1.568 0.638 

Illinois 11 12.831 0.857 

Indiana 3 6.484 0.463 

Iowa 1 3.046 0.328 

Kansas 2 2.853 0.701 

Kentucky 3 4.339 0.691 

Louisiana 4 4.533 0.882 

Maine 42 1.328 31.618 

Maryland 42 5.774 7.275 

Massachusetts 10 6.548 1.527 

Michigan 7 9.884 0.708 

Minnesota 3 5.304 0.566 

Mississippi 2 2.967 0.674 

Missouri 8 5.989 1.336 

Montana 2 0.989 2.021 

Nebraska 3 1.826 1.643 

Nevada 1 2.701 0.370 

New Hampshire 3 1.316 2.279 

New Jersey 9 8.792 1.024 

New Mexico 4 2.059 1.943 

New York 10 19.378 0.516 

North Carolina 1 9.535 0.105 
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North Dakota 1 0.673 1.487 

Ohio 9 11.537 0.780 

Oklahoma 3 3.751 0.800 

Oregon 1 3.831 0.261 

Pennsylvania 14 12.702 1.102 

Rhode Island 2 1.053 1.900 

South Carolina 4 4.625 0.865 

South Dakota 4 0.814 4.913 

Tennessee 8 6.346 1.261 

Texas 30 25.146 1.193 

Utah 1 2.764 0.362 

Vermont 1 0.626 1.598 

Virginia 126 8.001 15.748 

Washington 4 6.725 0.595 

West Virginia 1 1.853 0.540 

Wisconsin 3 5.687 0.528 

Wyoming 1 0.564 1.774 

SOURCE: http://www.acq.osd.mil/osbp/sb/programs/mpp/ 

D.3.2. Business Incubators and Patent Practitioners 

As innovation brokers, business incubators and patent practitioners may be able to support 
the transition of DOD SBIR technologies by providing managerial and legal (particularly 
intellectual property rights) services to SBIR awardees. In the process of technology 
commercialization (including both technology transfer and transition), while technological 
aspects matter at one end,142 managerial and legal aspects are important at the other end. While 
those technical aspects can be improved through cooperation with anchor tenants such as defense 
labs and mentoring large firms, managerial and legal aspects may be handled through 
intermediaries such as business incubators and patent practitioners.  

While the definition of intermediaries is not clear and their roles are various, the importance 
of their roles in the innovation system has been recognized in a great body of literature (Howells, 
2006). Given that innovation systems have two major parties—knowledge producers such as 
academic institutions and research labs, and knowledge users such as private firms and 
government agencies—intermediaries are supposed to broker the two parties (Inkinen and 
Suorsa, 2010). In terms of innovation processes and activities, their roles are also defined as 
innovation consultancy services (Pilorget, 1993), technology brokering (Hargadon and Sutton, 

                                                 
142 As Rogers (1995) and Chen, Chang and Hung (2011) noted, specific technological attributes increase the success 
of technology commercialization. While Rogers (1995) selected five technological attributes—relative advantage, 
compatibility, complexity, trialability, and observability—Chen, Chang and Hung (2011) listed four attributes—
innovativeness, genericness, simplicity, and compatibility. 

http://www.acq.osd.mil/osbp/sb/programs/mpp/
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1997), innovation bridging (Czarnitzki and Spielkamp, 2003), and knowledge brokering 
(Wolpert, 2002). Despite their various definitions, they tend to be understood in the vein of 
technology commercialization because the process is more likely to be facilitated by the 
intermediation of specialized service firms (Howells, 2006). 

The technology commercialization process requires “(1) R&D, business management and 
marketing and (2) support for factors of the production, i.e. funding, infrastructure and 
workforce” and for the successful commercialization process, not only technical support but also 
“development in the control of intellectual property rights (IPRs)” and “formal and informal 
knowledge transportation between agents and organizations” are important (Inkinen and Suorsa, 
2010, p. 174). Business incubators provide small firms (in particular startups) with “access to 
appropriate rental space and flexible leases, shared basic business services and equipment, 
technology support services and assistance in obtaining the financing.”143 In addition to physical 
capital, business incubators can create social capital for technology-based firms through building 
internal networks between tenants and external networks with other research universities and 
labs (Soetanto and Jack, 2013). Patent practitioners, on the other hand, not only participate in the 
formulation of national patent policy that significantly influences overall innovation processes 
but also play a pivotal role in IPRs management. In the process of technology commercialization, 
in particular, patent practitioners can secure the outcomes of technological innovation, and when 
lawsuits happen with IPR infringement, they can arbitrate and settle the legal disputes (Xue and 
Klein, 2010). 

Those roles of business incubators and patent practitioners were tested in some literature. In 
explaining regional determinants of technology entrepreneurship, Xue and Klein (2010) listed 
four state-level characteristics: availability of strategic resources (e.g., the number of scientists 
and R&D investment); ease of recombining resources (e.g., the number of anchor universities, 
the number of anchor firms, and labor market freedom); ease of founding a firm (e.g., the 
number of technology consulting services, the number of business incubators, and size of 
government); and security of doing business (e.g., the number of intellectual property lawyers, 
and takings and discriminatory taxation).144 While the first and second characteristics are well 
captured by State Tech and Science Index and anchor tenants, respectively, the third and fourth 
ones are not sufficiently addressed. Thus, I incorporate the number of business incubators and 

                                                 
143 http://www2.nbia.org/resource_library/what_is/index.php 
144 In practice, there is a list of regional factors that may influence the success of technology-based innovation and 
entrepreneurship. For instance, Acs and Armington (2004) explained the formation of a service firm using three 
factors: human capital, spillovers, and agglomeration.  Based on pioneering research, some studies sought to 
incorporate the regional effect on the success of SBs. Fritsch, Brixy and Falck (2006) used city- or state-level 
change, density or share of population, employment, value added, R&D employees, patents, and startups. Janssen 
(2009) tested a list of factors to explain the employment growth of SBs: sectoral growth rate; level of market 
concentration; existence of entry barriers linked to capital intensity and R&D or promotion expenditure; public aid; 
fiscal and social policies; unionization rate; crime rate; appearance; proximity to university; science or industrial 
park; urbanity; road infrastructure; and regional dynamism.   

http://www2.nbia.org/resource_library/what_is/index.php
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the number of patent practitioners by state into the empirical models as a part of the regional 
characteristics. 

D.4. Result of HLM Analysis of Regional Effects on Technology Transition 

D.4.1. Dependent Variable 1: FPC 

Table 57 below shows the result of the HLM analysis of regional effects on small firms’ 
federal procurement contracts. At the firm level, statistically significant variables include: 
centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and SEQ, centSEC, centTDP, 
and centTVD from firms’ network characteristics. All these variables, except SEQ, are positively 
associated with FPC_ln. At the regional level, statistically significant variables include centTCD, 
centNDL, centNDM, and DSO that are all positively associated with FPC_ln. Both fixed and 
random intercepts are also statistically significant, meaning there is regional variation across 
states. 

The result can be interpreted as follows (based on model RF 5): 

 Small firms’ SBIR awards, age, cutting-edge technology, and high-tech focus are 
positively associated with their federal procurement contracts. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, FPC_ln will differ by 0.652 unit. In other words, 
if small firms’ SBIR awards increase by 1 percent, their federal procurement 
contracts are expected to increase by 0.65 percent. 

 If centAGE differed by 1 unit, FPC_ln will differ by 0.028 unit. In other words, if 
small firms’ age increases by 1 year, their federal procurement contracts are 
expected to increase by 2.84 percent. 

 If TPA changed from 0 to 1, FPC_ln will differ by 0.286 unit. In other words, if 
small firms file patents before the inflection point of S curves (i.e., they have 
cutting-edge technology), their federal procurement contracts are expected to 
increase by 33.11 percent.145  

 If HTC changed from 0 to 1, FPC_ln will differ by 0.369 unit. In other words, if 
small firms belong to high-tech industries, their federal procurement contracts are 
expected to increase by 44.63 percent.146 

 Small firms’ network and technological positions are positively or negatively associated 
with their federal procurement contracts. Specifically, holding others constant: 

 If SEQ changed from 0 to 1, FPC_ln will differ by -0.132 unit. In other words, if 
small firms are located in the core of SBIR funding network, their federal 
procurement contracts are expected to decrease by 12.37 percent. 

 If centSEC differed by 1 unit, FPC_ln will differ by 30.271 unit. In other words, 
if small firms’ eigenvector centrality in the SBIR funding network increases by 

                                                 
145 exp(0.286) – 1 = 0.325 
146 exp(0.369) – 1 = 0.455 
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0.01, their federal procurement contracts are expected to increase by 35.35 
percent. 

 If centTDP differed by 1 unit, FPC_ln will differ by 0.410 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.1, 
their federal procurement contracts are expected to increase by 4.19 percent. 

 Characteristics of states where small firms are located are positively associated with 
firms’ federal procurement contracts. Specifically, holding others constant: 

 If centTCD differed by 1 unit, FPC_ln will differ by 0.016 unit. In other words, if 
states’ Technology Concentration and Dynamism (of Milken Institutes’ State 
Tech and Science Index) score increases by 10 points, the federal procurement 
contracts of small firms that are located in the states are expected to increase by 
17.35 percent. 

 If centNDL differed by 1 unit, FPC_ln will differ by 0.762 unit. In other words, if 
states’ number of defense labs per million people increases by 0.1, the federal 
procurement contracts of small firms that are located in the states are expected to 
increase by 7.92 percent. 

 If centNDM differed by 1 unit, FPC_ln will differ by 0.108 unit. In other words, if 
states’ number of DOD mentors per million people increases by 1, the federal 
procurement contracts of small firms that are located in the states are expected to 
increase by 11.40 percent. 

 If DSO changed from 0 to 1, FPC_ln will differ by 0.347 unit. In other words, if 
states have state-level SBIR outreach programs, the federal procurement contracts 
of small firms that are located in the states are expected to increase by 41.48 
percent.  

Table 57. Result of HLM Analysis of Regional Effects on FPC 

FPC_ln Model RF 1 Model RF 2 Model RF 3 Model RF 4 Model RF 5

Fixed Effect 

Intercept 15.616*** 15.329*** 15.279*** 15.248*** 15.334*** 

centASA_ln 0.855*** 0.650*** 0.650*** 0.652*** 

centAGE 0.031*** 0.027*** 0.028*** 0.028*** 

HUB 0.032 0.055 0.067 

OWN 0.034 0.011 0.007 

TPA 0.326*** 0.296*** 0.282*** 0.286*** 

LST 0.120 0.135 -0.194 -0.193 

HTC 0.327*** 0.381*** 0.374*** 0.369*** 

SEQ -0.133* -0.137* -0.132* 

centSEC 30.327*** 30.228*** 30.271*** 

centTDD 0.216 0.220 

centTDP 0.221 0.220 0.410*** 

centTSP_ln 0.010 0.010 
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centTVD 0.578* 0.580* 

centTVP -0.387 -0.389 

centHCI 0.003 

centTCD 0.017*** 0.016*** 

centNDL 0.712** 0.762*** 

centNDM 0.106* 0.108** 

centNPP 0.000 

centNBI 0.075 0.079 

DDL 0.071 

DSM 0.055 

DSO 0.385** 0.347** 

Random Effect (Variance) 

Intercept 0.101*** 0.112*** 0.110*** 0.038*** 0.036*** 

Residual 2.727 1.680 1.600 1.597 1.602 

Model Fit Statistics 

AIC 5730.141 5017.870 4957.506 4952.001 4936.088 

BIC 5746.034 5070.847 5047.556 5089.725 5020.841 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

D.4.2. Dependent Variable 2: ROI 

Table 58 below shows the result of the HLM analysis of regional effects on small firms’ 
return on investments (ROI). At the firm level, statistically significant variables include: 
centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and centSEC, centTDD, 
centTVD, and centTVP from firms’ network characteristics. Most of these variables, except 
centASA_ln and centTVP, are positively associated with ROI_ln. At the regional level, 
statistically significant variables include centTCD, centNDL, DSM, and DSO that are all 
positively associated with ROI_ln. Both fixed and random intercepts are also statistically 
significant, meaning there is regional variation across states. 

The result can be interpreted as follows (based on model RR 5): 

 Small firms’ age, cutting-edge technology, and high-tech focus are positively associated 
with their ROI while their SBIR awards are negatively associated. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, ROI_ln will differ by -0.409 unit. In other words, 
if small firms’ SBIR awards increase by 1 percent, their ROI is expected to 
decrease by 0.41 percent. 

 If centAGE differed by 1 unit, ROI_ln will differ by 0.032 unit. In other words, if 
small firms’ age increases by 1 year, their ROI is expected to increase by 3.25 
percent. 
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 If TPA changed from 0 to 1, ROI_ln will differ by 0.324 unit. In other words, if 
small firms file patents before the inflection point of S curves (i.e., they have 
cutting-edge technology), their ROI is expected to increase by 38.26 percent.  

 If HTC changed from 0 to 1, ROI_ln will differ by 0.507 unit. In other words, if 
small firms belong to high-tech industries, their ROI is expected to increase by 
66.03 percent. 

 Small firms’ network and technological position are positively or negatively associated 
with their ROI. Specifically, holding others constant: 

 If centSEC differed by 1 unit, ROI_ln will differ by 46.878 unit. In other words, if 
small firms’ eigenvector centrality in the SBIR funding network increases by 
0.01, their ROI is expected to increase by 46.88 percent. 

 If centTDD differed by 1 unit, ROI_ln will differ by 0.565 unit. In other words, if 
small firms’ technological distance relative to DOD increases by 0.1, their ROI is 
expected to increase by 5.76 percent. 

 If centTVD differed by 1 unit, ROI_ln will differ by 0.844 unit. In other words, if 
small firms’ technological variety relative to DOD increases by 0.1, their ROI is 
expected to increase by 8.81 percent. 

 If centTVP differed by 1 unit, ROI_ln will differ by -0.733 unit. In other words, if 
small firms’ technological variety relative to prime contractors increases by 0.1, 
their ROI is expected to decrease by 7.07 percent. 

 The characteristics of states where small firms are located are positively associated with 
firms’ ROI. Specifically, holding others constant: 

 If centTCD differed by 1 unit, ROI_ln will differ by 0.016 unit. In other words, if 
states’ Technology Concentration and Dynamism (of Milken Institutes’ State 
Tech and Science Index) score increases by 10 points, the ROI of small firms that 
are located in the states is expected to increase by 17.35 percent. 

 If centNDL differed by 1 unit, ROI_ln will differ by 1.202 unit. In other words, if 
states’ number of defense labs per million people increases by 0.1, the ROI of 
small firms that are located in the states is expected to increase by 12.77 percent. 

 If DSM changed from 0 to 1, ROI_ln will differ by 0.273 unit. In other words, if 
states have state-level SBIR match programs, the ROI of small firms that are 
located in the states is expected to increase by 31.39 percent. 

 If DSO changed from 0 to 1, ROI_ln will differ by 0.409 unit. In other words, if 
states have state-level SBIR outreach programs, the ROI of small firms that are 
located in the states is expected to increase by 50.53 percent.  

Table 58. Result of HLM Analysis of Regional Effects on ROI 

ROI_ln Model RR 1 Model RR 2 Model RR 3 Model RR 4 Model RR 5

Fixed Effect 

Intercept 1.085*** 0.758*** 0.644*** 0.440 0.437* 

centASA_ln -0.097** -0.408*** -0.409*** -0.409*** 

centAGE 0.037*** 0.031*** 0.032*** 0.032*** 
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HUB 0.084 0.120 0.114 

OWN 0.058 0.014 0.004 

TPA 0.376*** 0.338*** 0.321*** 0.324*** 

LST 0.042 0.065 -0.101 

HTC 0.444*** 0.519*** 0.513*** 0.507*** 

SEQ -0.073 -0.077 

centSEC 46.969*** 46.882*** 46.878*** 

centTDD 0.334 0.342 0.565** 

centTDP 0.224 0.218 

centTSP_ln 0.024 0.024 

centTVD 0.764* 0.758* 0.844** 

centTVP -0.597 -0.595 -0.733** 

centHCI 0.003 

centTCD 0.017** 0.016*** 

centNDL 1.048** 1.202*** 

centNDM 0.053 

centNPP -0.001 -0.001 

centNBI 0.043 

DDL -0.092 -0.182 

DSM 0.217 0.273* 

DSO 0.475** 0.409** 

Random Effect (Variance) 

Intercept 0.123*** 0.130*** 0.136*** 0.055*** 0.057*** 

Residual 3.357 2.744 2.567 2.566 2.570 

Model Fit Statistics 

AIC 5745.092 5607.512 5523.741 5525.471 5510.478 

BIC 5760.917 5660.263 5613.407 5662.607 5600.144 

Note: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 
 

D.4.3. Dependent Variable 3: JOB 

Table 59 below shows the result of the HLM analysis of regional effects on small firms’ 
change in the number of employees per year (JOB). At the firm level, statistically significant 
variables include: centASA_ln, centAGE, and OWN from firms’ demographics; and no network-
related variable is statistically significant. While centASA_ln and centAGE are positively 
associated with JOB, OWN is negatively associated. At the regional level, only DSO is 
statistically significant with a positive relationship with JOB. Random intercepts are not 
statistically significant, meaning there is no regional variation across states. 

The result can be interpreted as follows (based on model RJ 4): 
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 Small firms’ SBIR awards and age are positively associated with their JOB while their 
minority, woman, or veteran ownership is negatively associated. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, JOB will differ by 1.615 unit. In other words, if 
small firms’ SBIR awards increase by 1 percent, their JOB is expected to increase 
by 0.0162 employee. 

 If centAGE differed by 1 unit, JOB will differ by 0.061 unit. In other words, if 
small firms’ age increased by 1 year, their JOB is expected to increase by 0.061 
employee.  

 If OWN changed from 0 to 1, JOB will differ by -0.874 unit. In other words, if 
small firms are owned by minority, woman, or veteran, their JOB is expected to 
decrease by 0.874 employee. 

 Characteristics of states where small firms are located are positively associated with the 
firms’ JOB. Specifically, holding others constant: 

 If DSO changed from 0 to 1, JOB will differ by 1.168 unit. In other words, if 
states have state-level SBIR outreach programs, the JOB of small firms that are 
located in the states is expected to increase by 1.168 employee.  

Table 59. Result of HLM Analysis of Regional Effects on JOB 

JOB Model RJ 1 Model RJ 2 Model RJ 3 Model RJ 4 Model RJ 5

Fixed Effect 

Intercept 1.598*** 1.359** 1.392** 1.022 1.716*** 

centASA_ln 1.596*** 1.619*** 1.615*** 1.624*** 

centAGE 0.061*** 0.061*** 0.061*** 0.047*** 

HUB -1.234 -1.166 -1.110 

OWN -0.844* -0.794 -0.874* -0.543* 

TPA 0.355 0.256 0.202 

LST 0.126 0.130 -0.633 

HTC 0.449 0.498 0.462 

SEQ -0.112 -0.120 

centSEC -10.957 -12.340 

centTDD 2.531 2.558 

centTDP -0.996 -1.003 

centTSP_ln -0.097 -0.099 

centTVD 0.663 0.671 

centTVP -1.668 -1.677 

centHCI -0.030 

centTCD 0.034 

centNDL 0.110 

centNDM 0.411 
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centNPP 0.004 

centNBI 0.432 

DDL 0.391 

DSM -0.435 

DSO 1.168* 

Random Effect (Variance) 

Intercept 0.099 0.000 0.000 0.000 0.157 

Residual 57.119 59.011 58.893 58.455 54.283 

Model Fit Statistics 

AIC 10317.430 10241.270 10245.380 10252.370 19756.740 

BIC 10333.320 10294.250 10335.450 10390.110 19792.550 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 
 

D.4.4. Dependent Variable 4: PAT (Normal) 

Table 60 below shows the result of the HLM analysis of regional effects on small firms’ 
patent applications (PAT). At the firm level, statistically significant variables include: TPA and 
HTC from firms’ demographics; and centTDP, centTSP_ln, and centTVP from firms’ network 
characteristics. Most these variables, except centTSP_ln, are positively associated with PAT. At 
the regional level, there is no statistically significant variable. Random intercepts are not 
statistically significant, meaning there is no regional variation across states. 

The result can be interpreted as follows (based on model RP 5): 

 Small firms’ cutting-edge technology and high-tech focus are positively associated with 
their PAT. Specifically, holding others constant:  

 If TPA changed from 0 to 1, PAT will differ by 5.693 unit. In other words, if small 
firms file patents before the inflection point of S curves (i.e., they have cutting-
edge technology), their PAT is expected to increase by 5.693 filings.  

 If HTC changed from 0 to 1, PAT will differ by 6.475 unit. In other words, if 
small firms belong to high-tech industries, their PAT is expected to increase by 
6.475 filings. 

 Small firms’ network and technological position are positively or negatively associated 
with their PAT. Specifically, holding others constant: 

 If centTDP differed by 1 unit, PAT will differ by 75.174 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.01, 
their PAT is expected to increase by 0.752 filings. 

 If centTSP_ln differed by 1 unit, PAT will differ by -4.773 unit. In other words, if 
small firms’ technological specialization increases by 1 percent, their PAT is 
expected to decrease by 0.048 filings. 
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 If centTVP differed by 1 unit, PAT will differ by 32.686 unit. In other words, if 
small firms’ technological variety relative to prime contractors increases by 0.01, 
their PAT is expected to decrease by 0.327 filings.  

Table 60. Result of HLM Analysis of Regional Effects on PAT 

PAT Model RP 1 Model RP 2 Model RP 3 Model RP 4 Model RP 5

Fixed Effect 

Intercept 5.791*** 7.102* 4.245 4.641 4.443 

centASA_ln 1.505 0.600 0.647 

centAGE 0.112 0.065 0.069 

HUB 1.274 2.234 2.054 

OWN -6.404** -3.300 -3.390 

TPA 10.174*** 4.970* 4.834* 5.693** 

LST 2.369 2.884 -3.173 

HTC 1.599 7.256** 6.993** 6.475* 

SEQ -3.178 -3.116 

centSEC -209.260 -211.330 

centTDD 16.780 16.780 

centTDP 63.084*** 63.024*** 75.174*** 

centTSP_ln -5.002*** -5.013*** -4.773*** 

centTVD 5.136 5.135 

centTVP 27.565** 27.500** 32.686*** 

centHCI 0.208 

centTCD 0.142 

centNDL -3.162 

centNDM -0.276 

centNPP -0.023 

centNBI -0.149 

DDL 7.014 

DSM -1.581 

DSO 0.588 

Random Effect (Variance) 

Intercept 3.099** 2.490 2.973 0.000 5.327 

Residual 1110.665 2062.766 1810.367 1807.981 1819.501 

Model Fit Statistics 

AIC 15252.600 15495.870 15307.190 15320.990 15298.190 

BIC 15268.500 15548.850 15397.250 15458.740 15340.570 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 
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D.4.5. Dependent Variable 4: PAT (Poisson) 

Table 61 below shows the result of the HLM analysis of regional effects on small firms’ 
patent applications. At the firm level, statistically significant variables include: centASA_ln, 
centAGE, HUB, OWN, TPA, LST, and HTC from firms’ demographics; and SEQ, centSEC, 
centTDD, centTDP, centTSP_ln, centTVD and centTVP from firms’ network characteristics. 
Most these variables, except OWN, SEQ, centSEC, and centTSP_ln, are positively associated 
with PAT_ln. At the regional level, there is no statistically significant variable. Both fixed and 
random intercepts are also statistically significant, meaning there is regional variation across 
states. 

The result can be interpreted as follows (based on model RS 3): 

 Small firms’ SBIR awards, age, location in the HUBZone and leading states, cutting-edge 
technology, and high-tech focus are positively associated with their PAT_ln while 
minority, woman, and veteran ownership is negatively associated. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, PAT_ln will differ by 0.123 unit. In other words, 
if small firms’ SBIR awards increase by 1 percent, their patent applications are 
expected to increase by 0.123 percent. 

 If centAGE differed by 1 unit, PAT_ln will differ by 0.008 unit. In other words, if 
small firms’ age increased by 1 year, their federal procurement contracts are 
expected to increase by 0.80 percent. 

 If HUB changed from 0 to 1, PAT_ln will differ by 0.540 unit. In other words, if 
small firms are located in HUBZone, their patent applications are expected to 
increase by 71.60 percent.  

 If OWN changed from 0 to 1, PAT_ln will differ by -0.386 unit. In other words, if 
small firms are owned by minority, woman, or veteran, their patent applications 
are expected to decrease by 32.02 percent. 

 If TPA changed from 0 to 1, PAT_ln will differ by 0.111 unit. In other words, if 
small firms file patents before the inflection point of S curves (i.e., they have 
cutting-edge technology), their patent applications are expected to increase by 
11.74 percent.  

 If LST changed from 0 to 1, PAT_ln will differ by 0.355 unit. In other words, if 
small firms are located in leading states, their patent applications are expected to 
increase by 42.62 percent.  

 If HTC changed from 0 to 1, PAT_ln will differ by 0.664 unit. In other words, if 
small firms belong to high-tech industries, their patent applications are expected 
to increase by 94.25 percent. 

 Small firms’ network and technological position are positively or negatively associated 
with their patent applications. Specifically, holding others constant: 

 If SEQ changed from 0 to 1, PAT_ln will differ by -0.150 unit. In other words, if 
small firms are located in the core of SBIR funding network, their patent 
applications are expected to decrease by 13.93 percent. 
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 If centSEC differed by 1 unit, PAT_ln will differ by -3.217 unit. In other words, if 
small firms’ eigenvector centrality in the SBIR funding network increases by 
0.01, their patent applications are expected to decrease by 3.22 percent. 

 If centTDD differed by 1 unit, PAT_ln will differ by 1.758 unit. In other words, if 
small firms’ technological distance relative to the DOD increases by 0.1, their 
patent applications are expected to increase by 19.22 percent. 

 If centTDP differed by 1 unit, PAT_ln will differ by 2.945 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.1, 
their federal procurement contracts are expected to increase by 34.25 percent. 

 If centTSP_ln differed by 1 unit, PAT_ln will differ by -0.425 unit. In other 
words, if small firms’ technological specialization increases by 1 percent, their 
patent applications are expected to decrease by 0.425 percent. 

 If centTVD differed by 1 unit, PAT_ln will differ by 0.800 unit. In other words, if 
small firms’ technological variety relative to the DOD increases by 0.1, their 
federal procurement contracts are expected to increase by 8.33 percent. 

 If centTVP differed by 1 unit, PAT_ln will differ by 0.948 unit. In other words, if 
small firms’ technological variety relative to prime contractors increases by 0.1, 
their federal procurement contracts are expected to increase by 9.94 percent.  

Table 61. Result of HLM Analysis of Regional Effects on PAT (Poisson) 

PAT Model RS 1 Model RS 2 Model RS 3 Model RS 4 

Fixed Effect 

Intercept 1.190*** 1.702*** 0.814*** 0.730** 

centASA_ln 0.113*** 0.123*** 0.123*** 

centAGE 0.007*** 0.008*** 0.008*** 

HUB 0.171*** 0.540*** 0.540*** 

OWN -0.576*** -0.386*** -0.386*** 

TPA 0.680*** 0.111*** 0.111*** 

LST 0.292** 0.355*** 0.296 

HTC 0.051** 0.664*** 0.665*** 

SEQ -0.150*** -0.150*** 

centSEC -3.217*** -3.224*** 

centTDD 1.758*** 1.758*** 

centTDP 2.945*** 2.944*** 

centTSP_ln -0.425*** -0.425*** 

centTVD 0.800*** 0.801*** 

centTVP 0.948*** 0.948*** 

centHCI 0.004 

centTCD 0.006 

centNDL -0.162 

centNDM -0.010 
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centNPP -0.001 

centNBI 0.036 

DDL 0.119 

DSM 0.196 

DSO 0.025 

Random Effect (Variance)

Intercept 0.565*** 0.223*** 0.186*** 0.167*** 

Model Fit Statistics 

AIC 71845.900 45538.870 22270.580 22284.670 

BIC 71857.830 45586.550 22355.350 22417.120 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 
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Appendix E. Sectoral Aspects in SBIR Technology Transition 

Appendix E lays out the groundwork for better understanding industrial contexts surrounding 
DOD SBIR technology transition. To the end, I describe sectoral differences in entrepreneurial 
innovation (which is an essential ingredient for technology transition) (subsection E.1) and 
present some characteristics related to technology market (subsection E.2). I use this approach 
because the sectoral concentration of innovative entrepreneurial activities and SBIR awards may 
directly influence the transition of the DOD SBIR technologies depending on the industries in 
which the SBIR awardees (or their technologies) are nested.  

E.1. Sectoral Differences in Entrepreneurial Innovation 

While entrepreneurial innovation activities show regional variation (Acs and Armington, 
2004), they are also different by industry because they are based on specific technical areas and 
thus are nested into specific industries. As a result, they are influenced by industrial 
characteristics such as the technology life cycle and technology market. The military technology 
market where DOD SBIR awardees play a role as a supplier, in particular, is different from other 
commodity markets. Unlike private goods, public goods (e.g., national security) tend to have 
government agencies as their sole buyer. The government has influential power not only in the 
procurement process but also in the R&D process (e.g., DARPA and DOD SBIR programs). The 
government’s intervention in R&D might, in turn, impact the life cycle of technologies generated 
through those R&D programs.  

Although survival rates of firms may be independent of industry as they age (SBA, 2012; 
Daepp et al., 2015), the patterns of innovative activities vary across technological classes 
(Malerba and Orsenigo, 1996). Based on technological regimes composed of several technology-
related factors (e.g., conditions of opportunity; appropriability; cumulativeness; and properties of 
the knowledge base), as shown in Table 62 below, Malerba and Orsenigo (1996) presented two 
different patterns of innovation: widening (for mechanical and traditional technologies) and 
deepening (for chemical and electronic technologies). Breschi (2000) extended the concept of 
technological regimes to explain industry-specific differences in the spatial patterns of 
innovation. More recently, Baker (2014) examined how innovation and a firm’s financial 
performance are related across different industries.  

Table 62. Technology-specific Innovation Patterns 

Categories Pattern Description Example

Schumpeter 
Mark I 

Widening concentration of innovative activities is low; 

innovators are of small economic size; 

stability in the ranking of innovators is low; 

entry of new innovators is high. 

Mechanical 
technologies and 
traditional sectors 
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Schumpeter 
Mark II 

Deepening concentration of innovative activities is higher; 

innovators are of larger economic size; 

stability in the ranking of innovators is greater; 

entry is lower. 

Chemicals and 
electronics 

SOURCE: Malerba and Orsenigo (1996) 

 
To reflect industry-specific differences in explaining the success of SBs, previous studies 

used different variables. For instance, Baum, Locke and Smith (2001) mentioned the market 
dynamism or the level of competition in the specific industry. Fritsch, Brixy and Falck (2006) 
included industry-specific factors such as minimum efficient size, R&D employees, patents, and 
startups. Colombo and Grilli (2010) considered the ratio of firms or industries receiving venture 
capital finance. 

For the comprehensive analysis, I take industry-specific innovation output (e.g., patents) into 
account. In particular, I seek to use several features of technology life cycles (i.e., S curves 
created using cumulative patent applications) and the technology market (e.g., market 
concentration—the total patents developed in an industry by a given number of firms in the 
industry) to better represent technological regimes.147  

                                                 
147 My approach includes the four elements of Malerba and Orsenigo’s (1996) technological regimes. Basically, I 
use the data of patents that address the issue of “appropriability” through exclusive property rights granted by 
government (i.e., U.S. Patent and Trademark Office) in return for inventor disclosure of their new ideas. The S-
curve relies on the accumulated number of patents, which address the “cumulativeness,” and shows the technology 
life cycle providing information on technological maturity (and uncertainty), which addresses the “conditions of 
opportunity” and “properties of knowledge base.” In addition, my technology market approach addresses the 
“conditions of opportunity” and “properties of the knowledge base” by providing information on market 
concentration, gross output, and value added. 
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E.2. Characteristics related to Technology Market 

E.2.1. Herfindahl-Hirschman Index by IPC 

Figure 52. Herfindahl-Hirschman Index by IPC 

 

E.2.2. Gross Output and Value Added by IPC 

E.2.2.1. Gross Output by IPC, 2013 

Figure 53. Gross Output by IPC, 2013 
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E.2.2.2. Value Added by IPC, 2007 

Figure 54. Value Added by IPC, 2007 

 

E.3. Result of HLM Analysis of Industrial Effects on Technology Transition 

E.3.1. Dependent Variable 1: FPC 

Table 63 below shows the result of the HLM analysis of industrial effects on small firms’ 
federal procurement contracts. At the firm level, statistically significant variables include: 
centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and centSEC and centTDP 
from firms’ network characteristics. All these variables are positively associated with FPC_ln. 
At the industrial level, statistically significant variables include centIPS and centVAS_ln. While 
the former is positively associated with FPC_ln, the latter is negatively associated. Both fixed 
and random intercepts are also statistically significant, meaning there is technological variation 
across industries. 

The result can be interpreted as follows (based on model PF 5): 

 Small firms’ SBIR awards, age, cutting-edge technology, and high-tech focus are 
positively associated with their federal procurement contracts. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, FPC_ln will differ by 0.633 unit. In other words, 
if small firms’ SBIR awards increase by 1 percent, their federal procurement 
contracts are expected to increase by 0.633 percent. 



 188 

 If centAGE differed by 1 unit, FPC_ln will differ by 0.030 unit. In other words, if 
small firms’ age increased by 1 year, their federal procurement contracts are 
expected to increase by 3.05 percent. 

 If TPA changed from 0 to 1, FPC_ln will differ by 0.206 unit. In other words, if 
small firms file patents before the inflection point of S curves (i.e., they have 
cutting-edge technology), their federal procurement contracts are expected to 
increase by 22.88 percent.  

 If HTC changed from 0 to 1, FPC_ln will differ by 0.332 unit. In other words, if 
small firms belong to high-tech industries, their federal procurement contracts are 
expected to increase by 39.38 percent. 

 Small firms’ network and technological position are positively associated with their 
federal procurement contracts. Specifically, holding others constant: 

 If centSEC differed by 1 unit, FPC_ln will differ by 34.556 unit. In other words, 
if small firms’ eigenvector centrality in the SBIR funding network increases by 
0.01, their federal procurement contracts are expected to increase by 41.28 
percent. 

 If centTDP differed by 1 unit, FPC_ln will differ by 0.563 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.1, 
their federal procurement contracts are expected to increase by 5.79 percent. 

 Characteristics of industries where small firms are nested are positively or negatively 
associated with firms’ federal procurement contracts. Specifically, holding others 
constant: 

 If centIPS differed by 1 unit, FPC_ln will differ by 0.004 unit. In other words, if 
an industry’s inflection point increases by 10 years, the federal procurement 
contracts of small firms that are nested in that industry are expected to increase by 
4.08 percent. 

 If centVAS_ln differed by 1 unit, FPC_ln will differ by -0.397 unit. In other 
words, if an industry’s value added increases by 1 percent, the federal 
procurement contracts of small firms that are nested in that industry are expected 
to decrease by 0.397 percent. 

Table 63. Result of HLM Analysis of Industrial Effects on FPC 

FPC_ln Model PF 1 Model PF 2 Model PF 3 Model PF 4 Model PF 5

Fixed Effect 

Intercept 16.033*** 15.539*** 15.601*** 15.654*** 15.663*** 

centASA_ln 0.861*** 0.631*** 0.630*** 0.633*** 

centAGE 0.033*** 0.030*** 0.030*** 0.030*** 

HUB 0.084 0.122 0.092 

OWN 0.068 0.068 0.068 

TPA 0.307*** 0.238*** 0.201** 0.206** 

LST 0.053 0.026 0.023 
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HTC 0.372** 0.362** 0.335** 0.332** 

SEQ -0.083 -0.083 

centSEC 33.904*** 33.931*** 34.556*** 

centTDD 0.240 0.244 

centTDP 0.427 0.436 0.563*** 

centTSP_ln -0.025 -0.023 

centTVD 0.649* 0.654* 

centTVP -0.269 -0.269 

centSLS_ln -0.067 -0.070 

centIPS 0.004* 0.004* 

centMGS -0.328 

centHHI 0.001 

centGOS_ln 0.334 0.325 

centVAS_ln -0.401*** -0.397*** 

Random Effect (Variance) 

Intercept 0.158*** 0.326*** 0.364*** 0.314*** 0.317*** 

Residual 2.715 1.672 1.575 1.577 1.584 

Model Fit Statistics 

AIC 5730.141 5107.411 5046.005 5046.240 5032.431 

BIC 5746.034 5160.388 5136.056 5168.074 5101.293 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 

E.3.2. Dependent Variable 2: ROI 

Table 64 below shows the result of the HLM analysis of industrial effects on small firms’ 
return on investment (ROI). At the firm level, statistically significant variables include: 
centASA_ln, centAGE, TPA, and HTC from firms’ demographics; and centSEC, centTDP, and 
centTVD (only in models PR 3 and 4) from firms’ network characteristics. Most these variables, 
except centASA_ln, are positively associated with ROI_ln. At the industrial level, statistically 
significant variables include centSLS_ln (only in model PR 4). Both fixed and random intercepts 
are also statistically significant, meaning there is technological variation across industries. 

The result can be interpreted as follows (based on model PR 5): 

 Small firms’ age, cutting-edge technology, and high-tech focus are positively associated 
with their ROI while their SBIR awards are negatively associated. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, ROI_ln will differ by -0.435 unit. In other words, 
if small firms’ SBIR awards increase by 1 percent, their ROI is expected to 
decrease by 0.435 percent. 
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 If centAGE differed by 1 unit, ROI_ln will differ by 0.033 unit. In other words, if 
small firms’ age increases by 1 year, their ROI is expected to increase by 3.36 
percent. 

 If TPA changed from 0 to 1, ROI_ln will differ by 0.276 unit. In other words, if 
small firms file patents before the inflection point of S curves (i.e., they have 
cutting-edge technology), their ROI is expected to increase by 31.78 percent.  

 If HTC changed from 0 to 1, ROI_ln will differ by 0.390 unit. In other words, if 
small firms belong to high-tech industries, their ROI is expected to increase by 
47.70 percent. 

 Small firms’ network and technological positions are positively associated with their 
ROI. Specifically, holding others constant: 

 If centSEC differed by 1 unit, ROI_ln will differ by 50.074 unit. In other words, if 
small firms’ eigenvector centrality in the SBIR funding network increases by 
0.01, their ROI is expected to increase by 64.99 percent. 

 If centTDP differed by 1 unit, ROI_ln will differ by 0.778 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.1, 
their ROI is expected to increase by 8.09 percent.  

Table 64. Result of HLM Analysis of Industrial Effects on ROI 

ROI_ln Model PR 1 Model PR 2 Model PR 3 Model PR 4 Model PR 5

Fixed Effect 

Intercept 1.357*** 0.865*** 0.933*** 0.943*** 0.919*** 

centASA_ln -0.106** -0.441*** -0.441*** -0.435*** 

centAGE 0.039*** 0.034*** 0.034*** 0.033*** 

HUB 0.120 0.172 0.149 

OWN 0.110 0.106 0.095 

TPA 0.370*** 0.277** 0.245** 0.276** 

LST 0.011 -0.025 -0.017 

HTC 0.415** 0.398** 0.377** 0.390** 

SEQ -0.039 -0.037 

centSEC 49.583*** 49.548*** 50.074*** 

centTDD 0.461 0.459 

centTDP 0.470 0.478 0.778*** 

centTSP_ln -0.013 -0.012 

centTVD 0.909* 0.912* 

centTVP -0.482 -0.482 

centSLS_ln -0.087* -0.054 

centIPS 0.004 

centMGS -3.591 -5.067 

centHHI 0.001 
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centGOS_ln 0.363 

centVAS_ln -0.253 

Random Effect (Variance) 

Intercept 0.184*** 0.174*** 0.226*** 0.159*** 0.185*** 

Residual 2.992 2.741 2.548 2.566 2.570 

Model Fit Statistics 

AIC 5745.092 5634.256 5556.066 5559.864 5545.510 

BIC 5760.917 5687.008 5645.732 5681.177 5603.529 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 

E.3.3. Dependent Variable 3: JOB 

Table 65 below shows the result of the HLM analysis of industrial effects on small firms’ 
change in the number of employees per year (JOB). At the firm level, statistically significant 
variables include centASA_ln, centAGE, and OWN from firms’ demographics; and no network-
related variable is statistically significant. While centASA_ln and centAGE are positively 
associated with JOB, OWN is negatively associated. At the industrial level, only centVAS_ln is 
statistically significant with negative relationship with JOB. Random intercepts are not 
statistically significant, meaning there is no technological variation across industries. 

The result can be interpreted as follows (based on model PJ 5): 

 Small firms’ SBIR awards and age are positively associated with their JOB while their 
minority, woman, or veteran ownership is negatively associated. Specifically, holding 
others constant:  

 If centASA_ln differed by 1 unit, JOB will differ by 1.480 unit. In other words, if 
small firms’ SBIR awards increase by 1 percent, their JOB is expected to increase 
by 0.0148 employee. 

 If centAGE differed by 1 unit, JOB will differ by 0.079 unit. In other words, if 
small firms’ age increases by 1 year, their JOB is expected to increase by 0.079 
employee.  

 If OWN changed from 0 to 1, JOB will differ by -0.855 unit. In other words, if 
small firms are owned by minority, woman, or veteran, their JOB is expected to 
decrease by 0.855 employee. 

 Characteristics of industries where small firms are nested are negatively associated with 
firms’ JOB. Specifically, holding others constant: 

 If centVAS_ln differed by 1 unit, JOB will differ by -0.974 unit. In other words, if 
an industry’s value added increases by 1 percent, the JOB of small firms that are 
nested in that industry are expected to decrease by 0.01 employee.  



 192 

Table 65. Result of HLM Analysis of Industrial Effects on JOB 

JOB Model PJ 1 Model PJ 2 Model PJ 3 Model PJ 4 Model PJ 5

Fixed Effect 

Intercept 2.147*** 1.632** 1.672** 1.894*** 2.322*** 

centASA_ln 1.494*** 1.602*** 1.599*** 1.480*** 

centAGE 0.075*** 0.074*** 0.075*** 0.079*** 

HUB -1.111 -1.204 -1.270 

OWN -0.895* -0.837* -0.798 -0.855* 

TPA 0.391 0.309 0.262 

LST 0.011 0.016 -0.083 

HTC 0.686 0.680 0.508 

SEQ -0.087 -0.068 

centSEC -25.034 -24.831 

centTDD 2.679 2.678 

centTDP -1.212 -1.185 

centTSP_ln 0.034 0.034 

centTVD 1.768 1.783 

centTVP -2.700 -2.701 

centSLS_ln 0.153 

centIPS -0.007 

centMGS 1.873 

centHHI 0.000 

centGOS_ln 0.113 

centVAS_ln -1.015 -0.974*** 

Random Effect 

Intercept 0.059 0.000 0.011 0.042 0.028 

Residual 62.665 59.544 59.404 59.103 59.328 

Model Fit Statistics (Variance) 

AIC 10317.430 10254.550 10258.430 10263.680 10243.880 

BIC 10333.320 10307.540 10348.490 10385.530 10280.970 

Note: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 

E.3.4. Dependent Variable 4: PAT (OLS) 

Table 66 below shows the result of the HLM analysis of industrial effects on small firms’ 
patent applications (PAT). At the firm level, statistically significant variables include: 
centASA_ln, OWN (only in model PP 2), and TPA from firms’ demographics; and centSEC (only 
in models PP 3 and 4), centTDP, centTSP_ln, and centTVP from firms’ network characteristics. 
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While centASA_ln, TPA, centTDP, and centTVP are positively associated with PAT while OWN, 
centSEC, and centTSP_ln are negatively associated. At the industrial level, there is no 
statistically significant variable. Both fixed and random intercepts are statistically significant, 
meaning there is technological variation across industries. 

The result can be interpreted as follows (based on model PP 5): 

 Small firms’ cutting-edge technology is positively associated with their PAT. 
Specifically, holding others constant:  

 If TPA changed from 0 to 1, PAT will differ by 6.002 unit. In other words, if small 
firms file patents before the inflection point of S curves (i.e., they have cutting-
edge technology), their PAT is expected to increase by 6 filings.  

 Small firms’ technological position is positively or negatively associated with their PAT. 
Specifically, holding others constant: 

 If centTDP differed by 1 unit, PAT will differ by 67.897 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.01, 
their PAT is expected to increase by 0.679 filings. 

 If centTSP_ln differed by 1 unit, PAT will differ by -2.773 unit. In other words, if 
small firms’ technological specialization increases by 1 percent, their PAT is 
expected to decrease by 0.028 filings. 

 If centTVP differed by 1 unit, PAT will differ by 21.470 unit. In other words, if 
small firms’ technological variety relative to prime contractors increases by 0.01, 
their PAT is expected to decrease by 0.215 filings.  

Table 66. Result of HLM Analysis of Industrial Effects on PAT 

PAT Model PP 1 Model PP 2 Model PP 3 Model PP 4 Model PP 5

Fixed Effect 

Intercept 13.512*** 15.793** 17.404** 18.046** 12.825** 

centASA_ln 1.963** 1.236 1.235 

centAGE 0.135 0.064 0.064 

HUB 5.535 4.198 4.253 

OWN -5.407** -2.172 -2.165 

TPA 10.430*** 5.447** 5.468** 6.002*** 

LST 1.311 1.224 1.223 

HTC -5.853 -6.229 -5.887 

SEQ -1.417 -1.415 

centSEC -196.789* -196.808* 

centTDD 5.086 5.099 

centTDP 64.234*** 64.214*** 67.897*** 

centTSP_ln -2.762*** -2.764*** -2.773*** 

centTVD -1.934 -1.914 
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centTVP 22.697** 22.681** 21.470*** 

centSLS_ln -1.428 

centIPS 0.000 

centMGS 137.095 123.672 

centHHI -0.052 

centGOS_ln 0.223 

centVAS_ln -1.112 

Random Effect (Variance) 

Intercept 4760.737*** 4739.102*** 5083.479*** 5072.469*** 5058.494*** 

Residual 1164.029 1128.098 945.399 945.461 951.659 

Model Fit Statistics 

AIC 15252.600 15225.980 15022.250 15033.860 15011.480 

BIC 15268.500 15278.970 15112.310 15155.700 15053.860 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 

E.3.5. Dependent Variable 4: PAT (Poisson) 

Table 67 below shows the result of the HLM analysis of industrial effects on small firms’ 
patent applications. At the firm level, statistically significant variables include: centASA_ln, 
centAGE, HUB, OWN, TPA, LST (only in model PS 2), and HTC from firms’ demographics; and 
SEQ, centSEC, centTDD, centTDP, centTSP_ln, centTVD and centTVP from firms’ network 
characteristics. While centASA_ln, centAGE, HUB, TPA, centTDD, cenTDP, centTVD, and 
centTVP are positively associated with PAT_ln, OWN, HTC, SEQ, centSEC, and centTSP_ln are 
negatively associated. At the industrial level, only centGOS_ln is statistically significant. Both 
fixed and random intercepts are also statistically significant, meaning there is technological 
variation across industries. 

The result can be interpreted as follows (based on model PS 4): 

 Small firms’ SBIR awards, age, location in HUBZone, and cutting-edge technology are 
positively associated with their PAT_ln while minority, woman, and veteran ownership 
and high-tech focus are negatively associated. Specifically, holding others constant:  

 If centASA_ln differed by 1 unit, PAT_ln will differ by 0.056 unit. In other words, 
if small firms’ SBIR awards increase by 1 percent, their patent applications are 
expected to increase by 0.056 percent. 

 If centAGE differed by 1 unit, PAT_ln will differ by 0.003 unit. In other words, if 
small firms’ age increases by 1 year, their federal procurement contracts are 
expected to increase by 0.30 percent. 

 If HUB changed from 0 to 1, PAT_ln will differ by 0.660 unit. In other words, if 
small firms are located in a HUBZone, their patent applications are expected to 
increase by 93.48 percent.  



 195 

 If OWN changed from 0 to 1, PAT_ln will differ by -0.198 unit. In other words, if 
small firms are owned by minority, woman, or veteran, their patent applications 
are expected to decrease by 17.96 percent. 

 If TPA changed from 0 to 1, PAT_ln will differ by 0.233 unit. In other words, if 
small firms file patents before the inflection point of S curves (i.e., they have 
cutting-edge technology), their patent applications are expected to increase by 
26.24 percent.  

 If HTC changed from 0 to 1, PAT_ln will differ by -0.334 unit. In other words, if 
small firms belong to high-tech industries, their patent applications are expected 
to increase by 28.40 percent. 

 Small firms’ network and technological position are positively or negatively associated 
with their patent applications. Specifically, holding others constant: 

 If SEQ changed from 0 to 1, PAT_ln will differ by -0.057 unit. In other words, if 
small firms are located in the core of SBIR funding network, their patent 
applications are expected to decrease by 5.54 percent. 

 If centSEC differed by 1 unit, PAT_ln will differ by -6.260 unit. In other words, if 
small firms’ eigenvector centrality in the SBIR funding network increases by 
0.01, their patent applications are expected to decrease by 6.07 percent. 

 If centTDD differed by 1 unit, PAT_ln will differ by 2.386 unit. In other words, if 
small firms’ technological distance relative to DOD increases by 0.1, their patent 
applications are expected to increase by 26.95 percent. 

 If centTDP differed by 1 unit, PAT_ln will differ by 3.203 unit. In other words, if 
small firms’ technological distance relative to prime contractors increases by 0.1, 
their federal procurement contracts are expected to increase by 37.75 percent. 

 If centTSP_ln differed by 1 unit, PAT_ln will differ by -0.199 unit. In other 
words, if small firms’ technological specialization increases by 1 percent, their 
patent applications are expected to decrease by 0.2 percent. 

 If centTVD differed by 1 unit, PAT_ln will differ by 0.417 unit. In other words, if 
small firms’ technological variety relative to the DOD increases by 0.1, their 
federal procurement contracts are expected to increase by 4.26 percent. 

 If centTVP differed by 1 unit, PAT_ln will differ by 1.227 unit. In other words, if 
small firms’ technological variety relative to prime contractors increases by 0.1, 
their federal procurement contracts are expected to increase by 13.05 percent.  

 The characteristics of industries where small firms are nested are positively associated 
with firms’ PAT_ln. Specifically, holding others constant: 

 If centGOS_ln differed by 1 unit, PAT_ln will differ by 0.354 unit. In other words, 
if an industry’s gross output increases by 1 percent, the PAT of small firms that 
are nested in that industry is expected to increase by 0.354 percent.  

Table 67. Result of HLM Analysis of Industrial Effects on PAT (Poisson) 

PAT Model PS 1 Model PS 2 Model PS 3 Model PS 4 

Fixed Effect 
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Intercept 1.745*** 2.207*** 1.640*** 1.656*** 

centASA_ln 0.161*** 0.056*** 0.056*** 

centAGE 0.005*** 0.003*** 0.003*** 

HUB 0.447*** 0.660*** 0.660*** 

OWN -0.498*** -0.198*** -0.198*** 

TPA 0.724*** 0.232*** 0.233*** 

LST 0.094*** -0.017 -0.017 

HTC -0.814*** -0.330*** -0.334*** 

SEQ -0.057*** -0.057*** 

centSEC -6.258*** -6.260*** 

centTDD 2.388*** 2.386*** 

centTDP 3.202*** 3.203*** 

centTSP_ln -0.200*** -0.199*** 

centTVD 0.417*** 0.417*** 

centTVP 1.226*** 1.227*** 

centSLS_ln 0.033 

centIPS 0.001 

centMGS 2.231 

centHHI 0.001 

centGOS_ln 0.354* 

centVAS_ln -0.218 

Random Effect (Variance)

Intercept 0.994*** 0.974*** 0.933*** 0.918*** 

Model Fit Statistics 

AIC 33604.110 30406.530 15335.490 15343.770 

BIC 33614.700 30454.220 15420.250 15460.320 

NOTE: XXX_ln = the natural logarithm of variable XXX; and centYYY = centered YYY 
Statistical significance: *** p < 0.01; ** p < 0.05; and * p < 0.10. 

 

  



 197 

References 

Abrams, David S., Ufuk Akcigit, and Jillian Popadak, "Understanding the Link between Patent 
Value and Citations: Creative Destruction or Defensive Disruption?," No. w19647, 2013.  

Acs, Zoltan J, and Catherine Armington, "The impact of geographic differences in human capital 
on service firm formation rates," Journal of Urban Economics, Vol. 56, No. 2, 2004, pp. 244-
278.  

Agrawal, Ajay, and Iain Cockburn, "The anchor tenant hypothesis: exploring the role of large, 
local, R&D-intensive firms in regional innovation systems," International journal of 
industrial organization, Vol. 21, No. 9, 2003, pp. 1227-1253.  

Aharoni, Yair, "How small firms can achieve competitive advantage in an interdependent 
world," in Agmon, Tamir and Richard Drobnick, eds., Small Firms in Global Competition: 
Oxford University Press, 1994, pp. 9-18.  

Aldrich, Howard E, and Martha Argelia Martinez, "Many are called, but few are chosen: An 
evolutionary perspective for the study of entrepreneurship," Entrepreneurship Theory and 
Practice, Vol. 25, No. 4, 2001, pp. 41-56.  

Andersen, Birgitte, "The hunt for S-shaped growth paths in technological innovation: a patent 
study," Journal of Evolutionary Economics, Vol. 9, No. 4, 1999, pp. 487-526.  

Anderson, Daniel, Hierarchical Linear Modeling (HLM): An Introduction to Key Concepts 
Within Cross-Sectional and Growth Modeling Frameworks, Eugene, OR: University of 
Oregon, Technical Report # 1308, 2012.  

Archibugi, Daniele, and Mario Pianta, "Specialization and size of technological activities in 
industrial countries: The analysis of patent data," Research Policy, Vol. 21, No. 1, 
1992/02/01, 1992, pp. 79-93. 
http://www.sciencedirect.com/science/article/pii/0048733392900283 

Audretsch, Bruce, "Agglomeration and the location of innovative activity," Oxford Review of 
Economic Policy, Vol. 14, No. 2, 1998, pp. 18-29.  

Audretsch, David B, "Standing on the shoulders of midgets: The US Small Business Innovation 
Research program (SBIR)," Small Business Economics, Vol. 20, No. 2, 2003, pp. 129-135.  

Audretsch, David B, and Maryann P Feldman, "R&D spillovers and the geography of innovation 
and production," The American Economic Review, Vol. 86, No. 3, 1996, pp. 630-640.  

 

http://www.sciencedirect.com/science/article/pii/0048733392900283


 198 

Audretsch, David B, Juergen Weigand, and Claudia Weigand, "The impact of the SBIR on 
creating entrepreneurial behavior," Economic Development Quarterly, Vol. 16, No. 1, 2002, 
pp. 32-38.  

Autant-Bernard, Corinne, Pascal Billand, David Frachisse, and Nadine Massard, "Social distance 
versus spatial distance in R&D cooperation: Empirical evidence from European collaboration 
choices in micro and nanotechnologies*," Papers in Regional Science, Vol. 86, No. 3, 2007, 
pp. 495-519. http://dx.doi.org/10.1111/j.1435-5957.2007.00132.x 

Autio, Erkko, Martin Kenney, Philippe Mustar, Don Siegel, and Mike Wright, "Entrepreneurial 
innovation: The importance of context," Research Policy, Vol. 43, No. 7, 2014/09/01/, 2014, 
pp. 1097-1108. http://www.sciencedirect.com/science/article/pii/S0048733314000717 

Baker, Randy D, Innovation and value creation: A cross-industry effects study of patent 
generation,  Capella University, 2014.  

Baum, J Robert, Edwin A Locke, and Ken G Smith, "A multidimensional model of venture 
growth," Academy of management journal, Vol. 44, No. 2, 2001, pp. 292-303.  

Baum, Joel AC, Tony Calabrese, and Brian S Silverman, "Don't go it alone: Alliance network 
composition and startups' performance in Canadian biotechnology," Strategic management 
journal, 2000, pp. 267-294.  

Baus, Theresa A, "Expediting cost-effective solutions through government technology transfer 
and commercialization," OCEANS'15 MTS/IEEE Washington, 2015, pp. 1-5.  

Bellotti, Elisa, "Getting funded. Multi-level network of physicists in Italy," Social Networks, 
Vol. 34, No. 2, 2012/05/01/, 2012, pp. 215-229. 
http://www.sciencedirect.com/science/article/pii/S0378873311000840 

Bonacich, Phillip, "Some unique properties of eigenvector centrality," Social Networks, Vol. 29, 
No. 4, 2007/10/01/, 2007, pp. 555-564. 
http://www.sciencedirect.com/science/article/pii/S0378873307000342 

Borgatti, Stephen P, and Martin G Everett, "Models of core/periphery structures," Social 
Networks, Vol. 21, No. 4, 2000, pp. 375-395.  

Branstetter, Lee G, "Are knowledge spillovers international or intranational in scope?: 
Microeconometric evidence from the US and Japan," Journal of International Economics, 
Vol. 53, No. 1, 2001, pp. 53-79.  

Breschi, Stefano, "The geography of innovation: A cross-sector analysis," Regional Studies, Vol. 
34, No. 3, 2000, pp. 213-229.  

http://dx.doi.org/10.1111/j.1435-5957.2007.00132.x
http://www.sciencedirect.com/science/article/pii/S0048733314000717
http://www.sciencedirect.com/science/article/pii/S0378873311000840
http://www.sciencedirect.com/science/article/pii/S0378873307000342


 199 

Chen, Chih-Jou, Chia-Chin Chang, and Shiu-Wan Hung, "Influences of Technological Attributes 
and Environmental Factors on Technology Commercialization," Journal of Business Ethics, 
Vol. 104, No. 4, 2011, pp. 525-535. http://dx.doi.org/10.1007/s10551-011-0926-6 

Choi, Jeongho, and Sengun Yeniyurt, "Contingency distance factors and international research 
and development (R&D), marketing, and manufacturing alliance formations," International 
Business Review, Vol. 24, No. 6, 2015, pp. 1061-1071.  

Cohen, Wesley M, and Daniel A Levinthal, "Absorptive capacity: A new perspective on learning 
and innovation," Administrative Science Quarterly, 1990, pp. 128-152.  

Colombo, Massimo G, and Luca Grilli, "On growth drivers of high-tech start-ups: Exploring the 
role of founders' human capital and venture capital," Journal of Business Venturing, Vol. 25, 
No. 6, 2010, pp. 610-626.  

Crosby, Lawrence A, and Nancy Stephens, "Effects of relationship marketing on satisfaction, 
retention, and prices in the life insurance industry," Journal of marketing research, 1987, pp. 
404-411.  

Cusolito, Ana P., Competition, Imitation, and Technical Change: Quality vs. Variety, The World 
Bank, Policy Research Working Paper 4997, 2009.  

Czarnitzki, Dirk, and Alfred Spielkamp, "Business services in Germany: bridges for innovation," 
The Service Industries Journal, Vol. 23, No. 2, 2003, pp. 1-30.  

Daepp, Madeleine IG, Marcus J Hamilton, Geoffrey B West, and Luís MA Bettencourt, "The 
mortality of companies," Journal of The Royal Society Interface, Vol. 12, No. 106, 2015, p. 
20150120.  

Dean, Thomas J., Robert L. Brown, and Charles E. Bamford, "Differences in Large and Small 
Firm Responses to Environmental Context: Strategic Implications from a Comparative 
Analysis of Business Formations," Strategic management journal, Vol. 19, No. 8, 1998, pp. 
709-728. http://www.jstor.org/stable/3094124 

Dobbins, James H, "Planning for technology transition," Defense AT&L, Vol. 33, No. 2, 2004, 
pp. 14-17.  

Drew, Philip G, "Despite shakeout, imaging industry not doomed to being Greek tragedy," 
Diagnostic imaging, Vol. 9, No. 11, 1987, pp. 95-99.  

Edison, Thomas R. Jr., Estimation of the Department of Defense Small Business Innovation 
Research Program Treatment Effect, Santa Monica, CA: Pardee RAND Graduate School, 
2010.  

Elena, Harpa, Moica Sorina, and Dana Rus, "A Predictive Model of Innovation in Rural 
Entrepreneurship," Procedia Technology, Vol. 19, 2015, pp. 471-478.  

http://dx.doi.org/10.1007/s10551-011-0926-6
http://www.jstor.org/stable/3094124


 200 

Elfring, Tom, and Willem Hulsink, "Networks in entrepreneurship: The case of high-technology 
firms," Small Business Economics, Vol. 21, No. 4, 2003, pp. 409-422.  

Ellison, Glenn, and Edward L Glaeser, "The geographic concentration of industry: does natural 
advantage explain agglomeration?," The American Economic Review, Vol. 89, No. 2, 1999, 
pp. 311-316.  

Eusebi, Christopher A., and Richard Silberglitt, Indentification and Analysis of Technology 
Emergence Using Patent Classification, Santa Monica, CA: Rand Corporation, 2014.  

Faulk, Lewis, Jasmine McGinnis Johnson, and Jesse D. Lecy, "Competitive Advantage in 
Nonprofit Grant Markets: Implications of Network Embeddedness and Status," International 
Public Management Journal, Vol. 20, No. 2, 2017/04/03, 2017, pp. 261-293. 
http://dx.doi.org/10.1080/10967494.2016.1141811 

Feldman, Maryann, "The locational dynamics of the US biotech industry: knowledge 
externalities and the anchor hypothesis," Industry and Innovation, Vol. 10, No. 3, 2003, pp. 
311-329.  

Feldman, Maryann, and Nichola Lowe, "Triangulating regional economies: Realizing the 
promise of digital data," Research Policy, 2015.  

Feldman, Maryann P, and Richard Florida, "The geographic sources of innovation: technological 
infrastructure and product innovation in the United States," Annals of the association of 
American Geographers, Vol. 84, No. 2, 1994, pp. 210-229.  

Flake, Richard, "Air Force SBIR/STTR Commercialization Readiness Program (CRP)," Air 
Force Research Laboratory, 2012.  

Freeman, Linton C, "Centrality in Social Networks: Conceptual Clarification," Social Networks, 
Vol. 1, 1979, pp. 215-239.  

Fritsch, Michael, Udo Brixy, and Oliver Falck, "The effect of industry, region, and time on new 
business survival–a multi-dimensional analysis," Review of industrial organization, Vol. 28, 
No. 3, 2006, pp. 285-306.  

Gans, Joshua, and Scott Stern, "When does funding research by smaller firms bear fruit?: 
Evidence from the SBIR program*," Economics of Innovation and New Technology, Vol. 
12, No. 4, 2003, pp. 361-384.  

GAO, Protégés Value DOD’s Mentor-Protégé Program, but Annual Reporting to Congress 
Needs Improvement U.S. Government Accountability Office, GAO-07-151, 2007.  

———, Small Business Innovation Research: SBA Should Work with Agencies to Improve the 
Data Available for Program Evaluation, U.S. Government Accountability Office, GAO-11-
698, 2011.  

http://dx.doi.org/10.1080/10967494.2016.1141811


 201 

———, Small Business Innovation Research: DOD's Program Supports Weapon Systems, but 
Lacks Comprehensive Data on Technology Transition Outcomes, U.S. Government 
Accountability Office, GAO-14-96, 2013.  

Gao, Lidan, Alan L Porter, Jing Wang, Shu Fang, Xian Zhang, Tingting Ma, Wenping Wang, 
and Lu Huang, "Technology life cycle analysis method based on patent documents," 
Technological Forecasting and Social Change, Vol. 80, No. 3, 2013, pp. 398-407.  

Gilsing, Victor, Bart Nooteboom, Wim Vanhaverbeke, Geert Duysters, and Ad van den Oord, 
"Network embeddedness and the exploration of novel technologies: Technological distance, 
betweenness centrality and density," Research Policy, Vol. 37, No. 10, 2008/12/01/, 2008, 
pp. 1717-1731. http://www.sciencedirect.com/science/article/pii/S004873330800190X 

Goldfarb, B., "From the Lab to the Marketplace: Incentives, Supply and Infrastructure," 
University of Maryland, 2006.  

Gonzalez, Mario, and Kevin R Hettinger, The Department of Defense Small Business Innovation 
Research and Small Business Technology Transfer Programs: Implementation of the 
Commercialization Pilot Program and Related Reforms, Monterey, CA: Naval Postgraduate 
School, 2011.  

Granovetter, Mark, "Economic action and social structure: The problem of embeddedness," 
American journal of sociology, Vol. 91, No. 3, 1985, pp. 481-510.  

Granovetter, Mark S, "The strength of weak ties," American journal of sociology, Vol. 78, No. 6, 
1973, pp. 1360-1380.  

Grimaldi, Michele, Livio Cricelli, Martina Di Giovanni, and Francesco Rogo, "The patent 
portfolio value analysis: A new framework to leverage patent information for strategic 
technology planning," Technological Forecasting and Social Change, Vol. 94, 2015, pp. 286-
302.  

Gujarati, Damodar, "Use of dummy variables in testing for equality between sets of coefficients 
in two linear regressions: a note," The American Statistician, Vol. 24, No. 1, 1970, pp. 50-52.  

Gulati, Ranjay, "Alliances and networks," Strategic management journal, Vol. 19, No. 4, 1998, 
pp. 293-317.  

Hanneman, Robert A, and Mark Riddle, "Introduction to social network methods," University of 
California Riverside, 2005.  

Hanson, Gordon H, "Market potential, increasing returns and geographic concentration," Journal 
of International Economics, Vol. 67, No. 1, 2005, pp. 1-24.  

Hargadon, Andrew, and Robert I Sutton, "Technology brokering and innovation in a product 
development firm," Administrative Science Quarterly, 1997, pp. 716-749.  

http://www.sciencedirect.com/science/article/pii/S004873330800190X


 202 

Hayter, Christopher S, "Social Networks and the Success of University Spin-offs Toward an 
Agenda for Regional Growth," Economic Development Quarterly, 2015, p. 
0891242414566451.  

Heemskerk, Eelke M, Robert J Mokken, and Meindert Fennema, "The fading of the state: 
Corporate–government networks in the Netherlands," International Journal of Comparative 
Sociology, Vol. 53, No. 4, 2012, pp. 253-274. 
http://journals.sagepub.com/doi/abs/10.1177/0020715212458516 

Held, Bruce J., Thomas R. Edison, Shari Lawrence Pfleeger, Philip S. Anton, and John Clancy, 
Evaluation and Recommendations for Improvement of the Department of Defense Small 
Business Innovation Research (SBIR) Program, Santa Monica, CA: RAND Corporation, 
2006.  

Hicks, Diana, and Deepak Hegde, "Highly innovative small firms in the markets for technology," 
Research Policy, Vol. 34, No. 5, 2005, pp. 703-716.  

Hite, Julie M, and William S Hesterly, "The evolution of firm networks: From emergence to 
early growth of the firm," Strategic management journal, Vol. 22, No. 3, 2001, pp. 275-286.  

Hoang, Ha, and Bostjan Antoncic, "Network-based research in entrepreneurship: A critical 
review," Journal of Business Venturing, Vol. 18, No. 2, 2003, pp. 165-187.  

Howells, Jeremy, "Intermediation and the role of intermediaries in innovation," Research Policy, 
Vol. 35, No. 5, 2006/06/01/, 2006, pp. 715-728. 
http://www.sciencedirect.com/science/article/pii/S0048733306000497 

Huang, Chien-Wen, Fung-Wu Lee, and Pin-Yu Chu, "Evaluation of Government Subsidy R&D 
Program - The Comparative Study of SBIR between Taiwan and the U.S.," Proceedings of 
the Second Workshop on Knowledge Economy and Electric Commerce, 2004.  

Inkinen, Tommi, and Katri Suorsa, "Intermediaries in Regional Innovation Systems: High-
Technology Enterprise Survey from Northern Finland," European Planning Studies, Vol. 18, 
No. 2, 2010/02/01, 2010, pp. 169-187. 
http://www.tandfonline.com/doi/abs/10.1080/09654310903491556 

Jaffe, Adam B, Michael S. Fogarty, and Bruce A. Banks, "Evidence from Patents and Patent 
Citations on the Impact of NASA and Other Federal Labs on Commercial Innovation," The 
Journal of Industrial Economics, Vol. XLVI, No. 2, 1998, pp. 183-205.  

Janssen, Frank, "Does the environment influence the employment growth of SMEs?" Journal of 
Small Business & Entrepreneurship, Vol. 22, No. 3, 2009, pp. 311-325.  

Johnson, Daniel K., The OECD Technology Concordance (OTC): Patents by Industry of 
Manufacture and Sector of Use, Organisation for Economic Co-operation and Development, 
2002.  

http://journals.sagepub.com/doi/abs/10.1177/0020715212458516
http://www.sciencedirect.com/science/article/pii/S0048733306000497
http://www.tandfonline.com/doi/abs/10.1080/09654310903491556


 203 

Kim, W Chan, and Renee Mauborgne, Blue ocean strategy: How to create uncontested market 
space and make competition irrelevant: Harvard Business Press, 2005.  

Kim, Youngok, and Steven S Lui, "The impacts of external network and business group on 
innovation: Do the types of innovation matter?" Journal of Business Research, 2015.  

Klepper, Steven, "Industry life cycles," Industrial and corporate change, Vol. 6, No. 1, 1997, pp. 
145-182.  

Klowden, Kevin, Kristen Keough, and Jason Barrett, 2014 State Tech and Science Index: 
Enduring Lessons for the Intangible Economy, Milken Institute, 2014.  

Kortum, Samuel, and Jonathan Putnam, "Assigning patents to industries: tests of the Yale 
technology concordance," Economic Systems Research, Vol. 9, No. 2, 1997, pp. 161-176.  

Lamb, Roberta, Steve Sawyer, and Rob Kling, "A social informatics perspective on socio-
technical networks," AMCIS 2000 Proceedings, 2000, p. 1.  

Lanahan, Lauren, "Multilevel public funding for small business innovation: A review of US state 
SBIR match programs," The Journal of Technology Transfer, 2015, pp. 1-30.  

Lanahan, Lauren, and Maryann P Feldman, "Multilevel innovation policy mix: A closer look at 
state policies that augment the federal SBIR program," Research Policy, Vol. 44, No. 7, 
2015, pp. 1387-1402.  

Lane, Christel, and Reinhard Bachmann, "The social constitution of trust: supplier relations in 
Britain and Germany," Organization studies, Vol. 17, No. 3, 1996, pp. 365-395.  

Lazega, Emmanuel, Marie-Thérèse Jourda, Lise Mounier, and Rafaël Stofer, "Catching up with 
big fish in the big pond? Multi-level network analysis through linked design," Social 
Networks, Vol. 30, No. 2, 2008, pp. 159-176.  

Lechner, Christian, and Michael Dowling, "Firm networks: external relationships as sources for 
the growth and competitiveness of entrepreneurial firms," Entrepreneurship & Regional 
Development, Vol. 15, No. 1, 2003, pp. 1-26.  

Lerner, Josh, "The government as venture capitalist: the long-run impact of the SBIR program," 
The Journal of Private Equity, Vol. 3, No. 2, 2000, pp. 55-78.  

———, "When Bureaucrats Meet Entrepreneurs: The Design of Effective 'Public Venture 
Capital' Programmes," The economic journal, Vol. 112, No. 477, 2002, pp. F73-F84.  

Leyden, Dennis P., Albert N. Link, and Donald S. Siegel, "A theoretical analysis of the role of 
social networks in entrepreneurship," Research Policy, Vol. 43, No. 7, 2014/09/01/, 2014, pp. 
1157-1163. http://www.sciencedirect.com/science/article/pii/S0048733314000729 

http://www.sciencedirect.com/science/article/pii/S0048733314000729


 204 

Lin, Jie-Heng, and Ming-Yeu Wang, "Complementary assets, appropriability, and patent 
commercialization: Market sensing capability as a moderator," Asia Pacific Management 
Review, 2015.  

Lin, Julia L, Shih-Chieh Fang, Shyh-Rong Fang, and Fu-Sheng Tsai, "Network embeddedness 
and technology transfer performance in R&D consortia in Taiwan," Technovation, Vol. 29, 
No. 11, 2009, pp. 763-774.  

Link, Albert N, and John T Scott, "Private Investor Participation and Commercialization Rates 

for Government‐sponsored Research and Development: Would a Prediction Market Improve 
the Performance of the SBIR Programme?," Economica, Vol. 76, No. 302, 2009, pp. 264-
281.  

———, "Government as entrepreneur: Evaluating the commercialization success of SBIR 
projects," Research Policy, Vol. 39, No. 5, 2010, pp. 589-601.  

Lott, Melissa C., "Measuring "Success" in R&D," Scientific American, 2011. 
https://blogs.scientificamerican.com/plugged-in/measuring-success-in-rd/ 

Lybbert, Travis J., and Nikolas J. Zolas, Getting patents and economic data to speak to each 
other: An “algorithmic links with probabilities” approach for joint analyses of patenting and 
economic activity, World Intellectual Property Organization, Working Paper No. 5, 2012.  

Maine, Elicia, and Purnesh Seegopaul, "Accelerating advanced-materials commercialization," 
Nat Mater, Vol. 15, No. 5, 2016, pp. 487-491. http://dx.doi.org/10.1038/nmat4625 

Malerba, Franco, and Luigi Orsenigo, "Schumpeterian patterns of innovation are technology-
specific," Research Policy, Vol. 25, No. 3, 1996, pp. 451-478.  

Mann, John, Scott Loveridge, and Steve Miller, "Firm Specialization in R&D Grants: 
Implications on SBIR Program Impacts," 2015.  

Massey, Douglas S, Andrew B Gross, and Kumiko Shibuya, "Migration, segregation, and the 
geographic concentration of poverty," American Sociological Review, 1994, pp. 425-445.  

Mayer, Heike, Bootstrapping High-Tech: Evidence from Three Emerging High Technology 
Metropolitan Areas, Brookings Institution, June, 2009.  

Mokken, Robert J., and Frans N. Stokman, "Corporate-governmental networks in the 
Netherlands," Social Networks, Vol. 1, No. 4, 1978/01/01/, 1978, pp. 333-358. 
http://www.sciencedirect.com/science/article/pii/0378873378900035 

Moore, Nancy Y., Clifford A. Grammich, and Judith D. Mele, Small Business and Strategic 
Sourcing: Lessons from Past Research and Current Data, Santa Monica, CA: Rand 
Corporation, 2014.  

https://blogs.scientificamerican.com/plugged-in/measuring-success-in-rd/
http://dx.doi.org/10.1038/nmat4625
http://www.sciencedirect.com/science/article/pii/0378873378900035


 205 

Motoyama, Yasuyuki, "The state-level geographic analysis of high-growth companies," Journal 
of Small Business & Entrepreneurship, No. ahead-of-print, 2015, pp. 1-15.  

National Research Council, An Assessment of the Small Business Innovation Research Program, 
Washington, DC: National Academies Press, 2008.  

———, An Assessment of the Small Business Innovation Research Program at the Department 
of Defense, Washington, DC: National Academies Press, 2009.  

———, SBIR at the Department of Defense, Washington, DC: National Academies Press, 2014.  

Newcomer, Kathryn, "How has the role of analysis and “evidence” in policy-making changed 
over the past few decades?," Washington, DC: Association for Public Policy Analysis and 
Management, 2016.  

Nikzad, Rashid, "Small and medium-sized enterprises, intellectual property, and public policy," 
Science and Public Policy, 2014, p. scu038.  

Niosi, Jorge, and Majlinda Zhegu, "Anchor tenants and regional innovation systems: the aircraft 
industry," International Journal of Technology Management, Vol. 50, No. 3/4, 2010, pp. 263-
284.  

Nooteboom, Bart, Wim Van Haverbeke, Geert Duysters, Victor Gilsing, and Ad Van den Oord, 
"Optimal cognitive distance and absorptive capacity," Research Policy, Vol. 36, No. 7, 2007, 
pp. 1016-1034.  

NWBC, Evaluating Federal Mentor-Protégé Programs: Assessment, Case Studies and 
Recommendations, National Women’s Business Council, 2011.  

Office of the Under Secretary of Defense, Manager's Guide to Technology Transition in an 
Evolutionary Acquisition Environment, Policy, Defense Procurement and Acquisition, 2003.  

Oldsman, E., "Evaluating SME Programs: Learning from the NIST Manufacturing Extension 
Partnership," Nexus Associates, Inc., September 23, 2004, 2004.  

Paci, Raffaele, Antonio Sassu, and Stefano Usai, "International patenting and national 
technological specialization," Technovation, Vol. 17, No. 1, 1997/01/01, 1997, pp. 25-38. 
http://www.sciencedirect.com/science/article/pii/S016649729600065X 

Palmintera, Diane, Joan Bannon, Arturo Pagan, and Nickoline McKenzie, Commercialization 
Needs of Small Business Innovation Research Firms, Reston, VA: Innovation Associates, 
Inc., 2001.  

Park, Taekyung, and Dongwoo Ryu, "Drivers of technology commercialization and performance 
in SMEs: The moderating effect of environmental dynamism," Management Decision, Vol. 
53, No. 2, 2015, pp. 338-353.  

http://www.sciencedirect.com/science/article/pii/S016649729600065X


 206 

Pilorget, Lionel, "Innovation consultancy services in the European community," International 
Journal of Technology Management, Vol. 8, No. 6-8, 1993, pp. 687-696.  

Powell, Walter W, Kenneth W Koput, Laurel Smith-Doerr, and Jason Owen-Smith, "Network 
position and firm performance: Organizational returns to collaboration in the biotechnology 
industry," Research in the Sociology of Organizations, Vol. 16, No. 1, 1999, pp. 129-159.  

President’s Council of Advisors on Science and Technology, TRANSFORMATION AND 
OPPORTUNITY: THE FUTURE OF THE U.S. RESEARCH ENTERPRISE, Executive 
Office of the President, 2012.  

Rauch, James E, "Productivity gains from geographic concentration of human capital: evidence 
from the cities," Journal of Urban Economics, Vol. 34, No. 3, 1993, pp. 380-400.  

Rinaldi, Christopher S., "DoD SBIR Commercialization," 2011. 
http://www.beyondphaseii.com/2011/presentations/wednesday/0930_rinaldi.pdf 

Roberts, J Kyle, "Group dependency in the presence of small intraclass correlation coefficients: 
An argument in favor of not interpreting the ICC," annual meeting of the American 
Educational Research Association, 2007.  

Ruger, William P., and Jason Sorens, Freedom in the 50 States: An Index of Personal and 
Economic Freedom, Cato Institute, 2016.  

Sajilan, Sulaiman, Noor Ul Hadi, and Shehnaz Tehseen, "Impact of Entrepreneur’s Demographic 
Characteristics and Personal Characteristics on Firm’s Performance Under the Mediating 
Role of Entrepreneur Orientation," 2015.  

Saxenian, AnnaLee, "Inside-out: regional networks and industrial adaptation in Silicon Valley 
and Route 128," Cityscape, 1996, pp. 41-60.  

SBA, Small Business Facts: Do economic or industry factors affect business survival?, U.S. 
Small Business Administration, 2012.  

———, Small Business Innovation Research (SBIR) Program - Policy Directive, U.S. Small 
Business Administration, 2014. http://www.sbir.gov/sites/default/files/sbir_pd_with_1-8-
14_amendments_2-24-14.pdf 

SBIR/STTR Interagency Policy Committee, The Small Business Innovation Research (SBIR) & 
Small Business Technology Transfer (STTR) Program Interagency Policy Committee Report 
to Congress: SBIR/STTR Commercialization, Small Business Administration, 2014a.  

———, The Small Business Innovation Research (SBIR) & Small Business Technology 
Transfer (STTR) Program Interagency Policy Committee Report to Congress: SBIR/STTR 
Standard Evaluation Framework, Small Business Administration, 2014b.  

 

http://www.beyondphaseii.com/2011/presentations/wednesday/0930_rinaldi.pdf
http://www.sbir.gov/sites/default/files/sbir_pd_with_1-8-14_amendments_2-24-14.pdf
http://www.sbir.gov/sites/default/files/sbir_pd_with_1-8-14_amendments_2-24-14.pdf


 207 

———, The Small Business Innovation Research (SBIR) & Small Business Technology 
Transfer (STTR) Program Interagency Policy Committee Report to Congress: SBIR/STTR 
TechNet Public & Government Databases, Small Business Administration, 2014c.  

Schukla, Rohit K., Supporting High Growth Entrepreneurs: The Network-Centric Approach to 
Entrepreneurial Assistance, Larta Institute, 2012.  

Sentz, Rob, "Understanding Location Quotient," October 14, 2011. As of July 15, 2017: 
http://www.economicmodeling.com/2011/10/14/understanding-location-quotient-2/ 

Seong, Somi, Kenneth Horn, and Bruce J. Held, Estimating the Cost of Administering the 
Department of Defense Small Business Innovation Research (SBIR) Program, Santa Monica, 
CA: Rand Corporation, 2008.  

Short, Jeremy C, Alexander McKelvie, David J Ketchen, and Gaylen N Chandler, "Firm and 
industry effects on firm performance: A generalization and extension for new ventures," 
Strategic Entrepreneurship Journal, Vol. 3, No. 1, 2009, pp. 47-65.  

Siegel, Donald S, and Charles Wessner, "Universities and the success of entrepreneurial 
ventures: Evidence from the small business innovation research program," The Journal of 
Technology Transfer, Vol. 37, No. 4, 2012, pp. 404-415.  

Soetanto, Danny P, and Sarah L Jack, "Business incubators and the networks of technology-
based firms," The Journal of Technology Transfer, Vol. 38, No. 4, 2013, pp. 432-453.  

Sorenson, Olav, Innovation Policy in a Networked World, National Bureau of Economic 
Research, 2017.  

Spivey, W Austin, J Michael Munson, and William T Flannery, "Understanding the environs that 
impact technology transfer and transition," The Journal of Technology Transfer, Vol. 19, No. 
2, 1994, pp. 63-73. 

Stolwijk, CCM, E den Hartigh, WPM Vanhaverbeke, JR Ortt, and C van Beers, "Cooperating 
with technologically (dis) similar alliance partners: the influence of the technology life cycle 
and the impact on innovative and market performance," Technology Analysis & Strategic 
Management, No. ahead-of-print, 2015, pp. 1-21.  

Stuart, Toby E, "Network positions and propensities to collaborate: An investigation of strategic 
alliance formation in a high-technology industry," Administrative Science Quarterly, 1998, 
pp. 668-698.  

———, "Interorganizational alliances and the performance of firms: A study of growth and 
innovation rates in a high-technology industry," Strategic management journal, Vol. 21, No. 
8, 2000, pp. 791-811.  

http://www.economicmodeling.com/2011/10/14/understanding-location-quotient-2/


 208 

TechLink, National Economic Impacts from DoD License Agreements With U.S. Industry 2000-
2014, Bozeman: Montana State University, 2016.  

The White House, "Presidential Memorandum -- Accelerating Technology Transfer and 
Commercialization of Federal Research in Support of High-Growth Businesses," 2011. 
http://www.whitehouse.gov/the-press-office/2011/10/28/presidential-memorandum-
accelerating-technology-transfer-and-commerciali 

U.S. Environmental Protection Agency, "Presidential Memorandum -- Accelerating Technology 
Transfer and Commercialization of Federal Research in Support of High-Growth 
Businesses," 2012. http://www.nist.gov/tpo/publications/upload/EPA-Tech-Transfer-Plan.pdf 

Utterback, James M, and William J Abernathy, "A dynamic model of process and product 
innovation," Omega, Vol. 3, No. 6, 1975, pp. 639-656.  

Uzzi, Brian, "The sources and consequences of embeddedness for the economic performance of 
organizations: The network effect," American Sociological Review, 1996, pp. 674-698.  

van der Vlist, Arno, Shelby Gerking, and Henk Folmer, "What determines the success of states 
in attracting SBIR awards?," Economic Development Quarterly, Vol. 18, No. 1, 2004, pp. 
81-90.  

Vossen, Robert W, "Relative strengths and weaknesses of small firms in innovation," 
International small business journal, Vol. 16, No. 3, 1998, pp. 88-95.  

Wallsten, Scott J, "The effects of government-industry R&D programs on private R&D: the case 
of the Small Business Innovation Research program," The RAND Journal of Economics, 
2000, pp. 82-100.  

———, "An empirical test of geographic knowledge spillovers using geographic information 
systems and firm-level data," Regional Science and Urban Economics, Vol. 31, No. 5, 2001, 
pp. 571-599.  

Wang, Feng, Elizabeth A Mack, and Ross Maciewjewski, "Analyzing Entrepreneurial Social 
Networks with Big Data," Annals of the American Association of Geographers, Vol. 107, 
No. 1, 2017, pp. 130-150.  

Wasserman, Stanley, and Katherine Faust, Social network analysis: Methods and applications, 
Vol. 8: Cambridge university press, 1994.  

Weber, Elisabeth, and Stephan Jung, "The Influence of Prior Experience on Innovativeness of 
Startup Business Ideas," 2015.  

Wessner, Charles, and Robin Gaster, "Myth of the "Mills": SBIR and multiple award winners," 
2008. http://www.innovationecologies.com/MythMills.htm 

http://www.whitehouse.gov/the-press-office/2011/10/28/presidential-memorandum-accelerating-technology-transfer-and-commerciali
http://www.nist.gov/tpo/publications/upload/EPA-Tech-Transfer-Plan.pdf
http://www.innovationecologies.com/MythMills.htm


 209 

Wiklund, Johan, Holger Patzelt, and Dean A Shepherd, "Building an integrative model of small 
business growth," Small Business Economics, Vol. 32, No. 4, 2009, pp. 351-374.  

Williamson, Oliver E, "Markets and hierarchies: analysis and antitrust implications: a study in 
the economics of internal organization," 1975.  

Wolpert, John D, "Breaking out of the innovation box," Harvard Business Review, Vol. 80, No. 
8, 2002, pp. 76-83, 148.  

Woltman, Heather, Andrea Feldstain, J Christine MacKay, and Meredith Rocchi, "An 
introduction to hierarchical linear modeling," Tutorials in Quantitative Methods for 
Psychology, Vol. 8, No. 1, 2012, pp. 52-69.  

Wu, John, Adams Nager, and Joseph Chuzhin, High-Tech Nation: How Technological 
Innovation Shapes America’s 435 Congressional Districts, Information Technology and 
Innovation Foundation (ITIF), 2016.  

Xue, Jianhong, and Peter G Klein, "Regional determinants of technology entrepreneurship," 
International Journal of Entrepreneurial Venturing, Vol. 1, No. 3, 2010, pp. 291-308.  

Yli-Renko, Helena, Erkko Autio, and Vesa Tontti, "Social capital, knowledge, and the 
international growth of technology-based new firms," International Business Review, Vol. 
11, No. 3, 2002, pp. 279-304.  

Yli‐Renko, Helena, Erkko Autio, and Harry J Sapienza, "Social capital, knowledge acquisition, 

and knowledge exploitation in young technology‐based firms," Strategic management 

journal, Vol. 22, No. 6‐7, 2001, pp. 587-613.  

Zahra, Shaker A., Mike Wright, and Sondos G. Abdelgawad, "Contextualization and the 
advancement of entrepreneurship research," International small business journal, Vol. 32, 
No. 5, 2014, pp. 479-500. http://journals.sagepub.com/doi/abs/10.1177/0266242613519807 

Zane, Lee J, and Donna M DeCarolis, "Social networks and the acquisition of resources by 
technology-based new ventures," Journal of Small Business & Entrepreneurship, Vol. 28, 
No. 3, 2016, pp. 203-221.  

Zouaghi, Ferdaous, Stefan Hirsch, and Mercedes Sanchez Garcia, "What makes firms profitable? 
A multilevel approach to the Spanish agri-food sector," paper presented at 153th EAAE 
Seminar, Gaeta, Italy, June 9-10, 2016, 2016. 

http://journals.sagepub.com/doi/abs/10.1177/0266242613519807



