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A B S T R A C T

Given the investment of public resources for supporting entrepreneurial growth, it is important to know whether such programs truly benefit innovative ventures.
While prior research has indicated some benefits for growth outcomes, there is no clear consensus about the conditions for program effectiveness. We attribute this to
the complex set of selection and treatment mechanisms associated with how programs navigate interlocking tradeoffs to maximize outcomes with their limited
resources. To circumvent these challenges, policymakers often default to a “picking winners” approach based on past performance indicators. We develop and
implement a carefully designed empirical strategy to determine whether this approach leads innovative ventures to achieve growth milestones and properly accounts
for various observed and unobserved selection issues. We analyze data from the Small Business Development Center (SBDC), a government-sponsored program in the
United States. Using a potential outcomes framework to investigate over 1,700 ventures that enrolled in SBDC advisory services from 2011 to 2016, we observe that
treatment design is more crucial than selection for innovative firms to achieve growth. We found that treatment time and a client's willingness to learn collaboratively
from their advisors are vital indicators of growth. Since treatment effectiveness is driven by support allocation, programs that desire to boost innovation outcomes
must at a minimum formally prioritize innovation criteria to ensure these businesses receive sufficient support to address their growth objectives. Beyond this, we
demonstrate that support effectiveness additionally depends on a willingness of participants to learn collaboratively by socializing their growth objectives with their
advisors. Since even winners need to learn, programs must wrestle with the selection tradeoffs more acutely early on to ensure that the most promising clients can
receive lengthier learning opportunities for growth.

1. Introduction

Governments around the world value a thriving innovation sector,
since these businesses are expected to drive economic growth. To build
capacity for this, policymakers focus on ways to promote innovative
entrepreneurship – ventures that bring new products, services, tech-
nologies to market through novel business models and practices.
(Aldrich and Ruef, 2018; Rubera and Kirca, 2012). By definition, in-
novative ventures are not only expected to generate an above-average
performance in terms of growth and job creation (Colombelli et al.,
2016), but also introduce new technologies and business practices, all
of which are essential for an economy's global competitiveness
(Arrow, 1962; Minniti, 2008). Once established, innovative ventures
are expected to exhibit higher survival chances, grow faster, and gen-
erate positive knowledge spillover into the local economy
(Audretsch and Keilbach, 2007; Colombelli et al., 2013). These ventures
are exemplars of productive entrepreneurship because of their

economic contributions to society (Baumol, 1990).
Despite their advantages, innovative ventures are difficult to es-

tablish. They are more likely to fail early, especially when based on
novel technologies, since they require longer lead times to develop and
may not address clearly defined market needs (Audretsch, 1995;
Coad and Rao, 2008). Innovative business models and practices often
require time to test and validate in the marketplace. One way to
overcome these challenges is for policymakers to sponsor venture
growth advising programs. Given that innovative ventures seem to have
a higher growth potential and capacity to learn than other ventures
(Clarysse et al., 2009; Colombelli et al., 2013), programs transferring
knowledge to innovative ventures can assist them in achieving their
growth potential.

With this innovative-based growth potential in mind, policymakers
aim to disburse enough resources to fund entrepreneurship-support
programs whose administrators welcome all qualifying clients who seek
their services. However, in practice, public support programs often lack
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sufficient resources to satisfy even the most basic demands for their
assistance. Despite the public mandate of these initiatives, government-
sponsored programs cannot support everyone and must take steps to
invest only in those determined to yield the best outcomes. They must
“do more with less.” To tackle this dilemma, policymakers can focus
their efforts by supporting the most productive innovative ventures as
way to exercise stewardship over the limited public resources
(Baumol, 1990).

Although focusing on productive innovative ventures appears as a
straightforward policy mandate, the actual mechanisms to select and
treat them are more complex. This requires designing support programs
to recruit clients selectively and deliver high-quality advising to them.
To maximize their limited support resources, programs face several
tradeoffs. They must determine how to select the most promising clients
and to allocate advising hours to those who are most likely to convert
the support into tangible growth outcomes. However, anticipating
which clients deserve more advising is challenging since it depends on
using the correct selection criteria and treatment design. As in any se-
lection process, these programs encounter incomplete information
evaluating prospective clients (Huang and Pearce, 2015). They risk
committing Type I errors (“false positives”: waste limited resources by
unnecessarily supporting clients who will not be dedicated) and Type II
errors (“false negatives”: prematurely rejecting high-potential clients or
not recruiting them aggressively enough). One simple approach to
tackle these dilemmas is to pick “winners” based on common, widely
accepted criteria to ensure program effectiveness because winners are
likely to grow even without receiving support (Shane, 2009). On bal-
ance, it provides an efficient framework to design programs while
making the best use of limited public resources to generate stronger
economic development (OECD, 2019; Woolley, 2017).

Our study investigates whether and how innovative ventures
achieve growth outcomes from government-sponsored entrepreneur-
ship programs. To answer this question, we need to evaluate the se-
lection and treatment mechanisms involved with program design,
which is a multi-faceted set of interlocking tradeoffs. Although these
mechanisms are generic, we argue that they can be specifically applied
to support programs that back innovative firms. We investigate if pro-
grams can employ the “right” selection criteria and if every qualifying
client achieves growth by receiving the program treatment. Given that
innovative ventures vary greatly in quality (Mustar et al., 2006), a
picking-winners approach may amplify these errors and the mis-
allocation of public funds. For this investigation, we analyzed the
program operations of a Small Business Development Center (SBDC) in
Southern California (from 2011 to 2015) – a publicly funded en-
trepreneurship support program overseen by the US Small Business
Administration (SBA). We took advantage of this program's design to
evaluate effectiveness of their selection and treatment approaches for
innovative firms to achieve growth. We crafted a comprehensive
identification strategy to determine whether treated innovative ven-
tures achieved more growth than comparable non-treated businesses,
net of selection biases, and if so, how program support translates into
growth. We analyzed both quantitative and qualitative data about these
ventures, their owners, and their advisors to study the selection and
treatment mechanisms. We also examined Southern California busi-
nesses from Your-economy Time Series (YTS), an independent sample
from the SBDC to complement our main analysis.

Our rigorous examination revealed that treatment design is more
crucial than selection for innovative firms to achieve growth. We found
that advising effort and a client's willingness to learn collaboratively
from their advisors are vital predicators of growth. While the im-
portance of these two predicators seem intuitive, they are actually
difficult to navigate in practice because programs can only determine
the true willingness of their clients to learn once they begin advising
them. We estimated that clients willing to learn collaboratively require
3.4 times fewer advising hours than their counterparts to achieve the
same level of growth outcomes (at the average amount of treatment

level). We also calculated that the return on investment for the clients
receiving a high level of advising is three times higher than for the
clients receiving a low level. We also identified that most resources
allocated to clients receiving a low level of advising was ineffective,
since they were unable to achieve any growth outcome from this sup-
port. We estimated the cost of this low-level advising being three times
higher for the same outcome achieved for the high-level advising cli-
ents. These findings reveal the extent to which support resources are
misallocated away from the clients who can benefit the most. We at-
tribute this to the sheer difficulties of anticipating who will learn, take
full advantage of the support, and commit to implementing the assis-
tance in their businesses solely with selection criteria. This means that
significant resources are deployed to clients who are unlikely to learn
and convert advice into growth outcomes (Type I error). At the same
time, other high-potential clients could learn and achieve more growth
outcomes if they received more advising support (Type II error). To
improve growth outcomes, programs must wrestle with the selection
tradeoffs more acutely early on to ensure that the most promising cli-
ents can receive lengthier learning opportunities for growth.
Realistically, programs must accept some minimum misallocation as a
tradeoff for identifying the more effective clients.

For entrepreneurship support programs targeted at innovative firms,
our study offers practical implications. An emphasis on innovation can
occur in two ways: 1) a greater emphasis on recruiting innovative firms
by prioritizing it as a selection criterion and 2) a greater emphasis on
learning new ways to innovate during treatment. This emphasis can
occur only if the client is willing to learn from their advisors and work
together to find solutions to their business problems. Often, these so-
lutions depend on innovative business models and practices that can
only be developed when advisors work hand-in-hand with their clients.
Programs also need to allocate more treatment time to the most moti-
vated firms willing to invest in their growth since innovation is a multi-
stage process that requires time to unfold. The dominant approach in
entrepreneurial policymaking is to “pick winners,” which are high-po-
tential and high-quality ventures that most benefit the economy and are
likely to grow without the support of government programs (Baum and
Silverman, 2004; Baumol; 1990; Minniti, 2008; Shane, 2009). However,
on its own, just picking winners is an expensive strategy because it does
not rely on any treatment effects to generate outcomes. For policy-
makers to achieve their growth objectives, we argue that “picking the
winners” is just the first step. Even winners need to learn so advisors
must be able to informally assess a venture's desire to seize learning
opportunities and work collaboratively to generate growth. This will
yield more growth outcomes, spur more innovation, and optimize
public resources for nurturing more productive entrepreneurship in the
economy.

2. Theoretical background

2.1. Government-support programs to boost innovative ventures

Governments everywhere have implemented policies to help in-
novative ventures launch and grow. These policies range from direct
subsidies, tax cuts, working capital grants, business training, and
counselling services (Autio et al., 2007). Given their anticipated con-
tributions to overall economic growth, policymakers eagerly direct re-
sources to these ventures by providing financial resources such as loans,
R&D subsidies, contracts through agencies, or government-run venture
capitalist funds (e.g. Brown and Earle, 2017; Hottenrott and
Richstein, 2020). Building on their potential synergies, innovation and
entrepreneurship policies often combine economic and technology in-
itiatives to achieve their goals (Minniti, 2008; Woolley and
Rottner, 2008). Examples include national “start-up acts” such as in
Chile and France, where programs encourage foreign innovative ven-
tures to launch and grow within their countries. The Start-up Act in
Italy provided a variety of labor and financial policy incentives to
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facilitate intellectual property protection (Colombelli et al., 2019). The
main objective of these policies is to nurture the innovative sectors of
the broader economy as seen by the proliferation of “-tech” sectors such
as cleantech, fintech, and edtech efforts. Through these policy inter-
ventions (also referred to as “input-related” policies), governments
provide tactical support aimed at narrowing the knowledge and re-
source gaps entrepreneurs face as they launch and run their businesses
and to trigger an increase in performance outputs, such as sales and job
creation. (Audretsch et al., 2007).

2.1.1. Measuring entrepreneurial growth as milestones
One way to evaluate program effectiveness is to examine whether

the interventions lead to entrepreneurial growth in the supported
ventures. We define entrepreneurial growth as the extent to which new or
existing businesses become more established or expand in size
(Penrose, 1959; Achtenhagen et al., 2010). It is typically measured by
an increase in sales or employees, since these indicators correlate to the
extent to which businesses contribute to the overall economy's ag-
gregated growth and expansion (Davidsson et al., 2006).

Despite the relevance of these growth indicators, researchers face
challenges when measuring entrepreneurial growth in these two ways.
First, small and young businesses – including innovative ones – are less
likely to grow and are always much more vulnerable to fail (Aldrich and
Auster, 1986; Stinchcombe, 1965). As a result, any tangible growth
impact resulting from policy interventions may not be tracked prior to
failure. Second, regardless of the type of business, accurately measuring
entrepreneurial growth is difficult because this outcome involves dif-
ferent kinds of activities, occurring at different rates, and passing
through different stages (Coad et al., 2007; Delmar et al., 2003;
McKelvie and Wiklund, 2010). To circumvent these issues, we focus on
tracking entrepreneurial growth milestones – or the accomplishments of
standard indicators representing different ways a business expands its
economic activity (Kim et al., 2015). By tracking growth milestones, we
can measure growth using discrete outcomes in ways that mirror how
support programs set goals for participants and monitor their progress
against individual benchmarks related to the specific interventions
(Autio and Rannikko, 2016).

2.1.2. Evaluating policy effectiveness
Given the resources devoted to entrepreneurship-support programs,

it is natural to ask whether these interventions (“inputs”) are effective
at producing growth milestones (“outputs”) in the innovative ventures
they support. Up to now, evaluations of advice-giving program effec-
tiveness have reached different conclusions about this basic question
(Amezcua et al., 2013; Autio and Rannikko, 2016; Chrisman et al.,
2012; Widersted and Månsson, 2015). We offer several reasons for these
mixed and inconsistent findings. First, it is difficult to predict en-
trepreneurial growth a priori, since growth itself is a complex outcome
with a variety of inputs that contribute to it (Davidsson et al., 2006).
Second, growth implies a pattern of sustained productivity, but most
businesses are unable to maintain this pace consistently over the long-
term (Autio and Rannikko, 2016; Coad et al., 2007). Third, program
design, size, and participants differ considerably, which makes program
impact difficult to compare (Colombo et al., 2016; Heckman et al.,
1997, 1999).

Most importantly, we argue that policy effectiveness depends on
how programs select and treat their participants.1 We define treatment
as the actual support intervention received by the program participants
intended to promote growth milestones in their ventures. We define
selection as the mechanism by which participants are either included or
excluded from receiving the intervention. Because programs involve
different selection processes, treatment assignment is usually not
random, which can impact the treatment effect on the outcome (e.g.,

Heckman et al., 1997; Rosenbaum, 2002). To determine the causal ef-
fect, researchers must address the selection biases that threaten the
validity of a study. These selection biases vary and have multiple ori-
gins depending on program design (Maddala, 1983; Shadish et al.,
2002). For example, a program may select participants or allocate
support using different selection criteria or select ventures in different
stages (Eckhardt et al., 2006). At the same time, program effectiveness
also depends on how participants translate the treatment they receive
into tangible growth outcomes. Programs can offer different kinds of
support (such as training, referrals, or advising) and participants may
benefit from some options more than others (Amezcua et al., 2013;
Armanios et al., 2017). We argue that by incorporating both selection
and treatment considerations into the empirical design, it is possible to
understand more precisely how advising-based entrepreneurship-sup-
port programs can assist innovative ventures to achieve more growth
milestones than other ventures. In the following sections, we examine
the selection and treatment mechanisms that need to be addressed.
Although we focus on innovative firms, we argue that these mechan-
isms generalize to all participants and describe these issues in this
manner.

2.2. Selection mechanisms

2.2.1. Selection criteria
One form of selection bias occurs when using criteria to differentiate

how to allocate support among participants in the program. In prin-
ciple, public programs select firms targeted by the policy objectives and
then provide them with support, such as personalized advice or codified
lessons, to help ventures grow. In practice, programs struggle to design
programs to implement these simple principles for achieving growth.
Given limited resources, support programs cannot accommodate all
deserving participants equally and must rely on various selection cri-
teria to determine how to allocate the support. Typically, these criteria
are assumed to predict which participants are most likely to translate
the support into achieving growth milestones. They are also officially
stated in program guidelines so the criteria can be used to “pick win-
ners” from an initial screening (Shane, 2009). One common approach
for this is to assess future potential based on past performance
(Lerner, 2002). In other words, picking winners relies on characteristics
already affirmed by the market and this guidance is expected to be a
reliable signal for future growth potential. Since no single indicator
leads to consistent growth outcomes, relying on past performance still
remains a reasonably cost-effective method for selecting potentially
innovative and high-growth businesses to support and to recruit a
baseline pool of high performing “winners” that would likely grow even
without the additional support. These criteria are practical, easy to
implement, and unambiguous. This approach can be a low-risk, cost-
effective way to spend public resources.

Several performance indicators are commonly used for selecting
high-growth participants. These include a preference for larger busi-
nesses, in terms of sales, employees, or assets, since these ventures al-
ready have a proven track record (Birch et al., 1997; Chabaud and
Messeghem, 2014; Wren and Storey, 2002). Another set of criteria in-
volves innovative or younger high-growth ventures (“gazelles”) since
these businesses have the best potential for continued growth and
broader economic impact (Colombelli et al., 2013; Coad et al., 2014).
Gazelles with innovative products or services are particularly attractive
since they not only contribute revenue and jobs, they can also usher in
new technologies to the marketplace (Colombelli, 2016; Colombo et al.,
2016). Besides these performance indicators, scholars have identified
other selection criteria including: growth intentions (as opposed to
actual growth itself – Wennberg et al., 2016; Wiklund et al., 2003),
opportunity-based ventures (as opposed to necessity-based –
Acs, 2006), received an initial round of external funding or completed
other external screening (Shane, 2009), or businesses in high-growth
sectors (such as technology or manufacturing – Mason and1When we refer to “program,” we mean “entrepreneurship support program.”
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Brown, 2013). Since many different selection criteria are used, it is not
surprising to find high variation in treatment effectiveness.

It is important to recognize that whatever selection criteria is es-
tablished at the outset increases the likelihood of allocating support in a
corresponding way. As such, this selection bias needs to be accounted
for to isolate the causal effect (Shadish et al., 2002: 54–55). We define
formal criteria as priority characteristics that qualify participants into
the program and serve as legitimizing devices used to assign treatment
in a way that can be validated by external stakeholders (Armanios et al.,
2017; Colombelli et al., 2019; Rotger et al., 2012; Söderblom et al.,
2015). Once formalized, these criteria become the official standards by
which ventures are evaluated and selected, and determine the mile-
stones to be tracked (Autio and Rannikko, 2016; Kim et al., 2019).
When resources are limited, ventures with certain criteria, such as
being innovative, have a higher likelihood of being granted sufficient
support. From a policy perspective, these formal criteria represent the
preferences policymakers wish to prioritize for allocating limited sup-
port. They can design formal criteria to match local or regional needs to
spur innovation and guard against simply defaulting to idiosyncratic
preferences such as an advisor's personal expertise. Using these criteria
also increases fairness in the selection process since programs abide by
eligibility rules (Perrow, 1986). By contrast, ventures with character-
istics not linked to any formal criteria will not receive as much con-
sideration.

Depending on how the selection criteria are determined, programs
still run the risk of not selecting the right participants because it is
especially difficult to evaluate ex ante the actual quality of high-po-
tential ventures (Huang and Pearce, 2015; Nightingale and
Coad, 2014). Innovative ventures are heterogeneous and vary in quality
(Mustar et al., 2006). Programs cannot be fully aware of all these dif-
ferences when selecting, which amplifies the likelihood that the se-
lected pool may not completely match the program's original inten-
tions. Programs may not sufficiently screen out low-potential
participants (Type I errors) because they still match on the formal cri-
teria or risk overlooking high-potential participants (Type II errors) if
they lack the official qualifications.

2.2.2. Self-selection
In addition to using formal criteria, selection can also occur at dif-

ferent stages of the program recruitment process. While the selection
criteria are intended for the program to differentiate based on certain
characteristics, selection that occurs at different stages results from
participants who self-select out of the program. The reasons for self-
selection include practical considerations, lack of commitment or un-
willingness to follow through on the program requirements, over-con-
fidence and reluctance to implement the advice they received, or a
mismatch between what the program can offer and what the participant
desires or needs to achieve their growth objectives (Bertoni et al., 2019;
Brixy et al., 2013). For instance, innovative ventures may withdraw if
they are not satisfied with the program's quality of sector expertise.

Self-selection produces a selection bias, so this needs to be ade-
quately addressed in any program evaluation. Since program partici-
pation is typically voluntary, self-selection at different stages of pro-
gram involvement is driven by whether participants apply or desire to
remain in the program. Highly qualified ventures may not even apply
because of a lack of awareness or program visibility, which can affect
the applicant pool's quality and increase the risk of Type II errors of
overlooking qualified applicants. When participants drop out prema-
turely, they waste the limited resources allocated to them. Participants
may not fully realize their willingness or aptitude for receiving support
until the initial meeting. What makes this form of self-selection chal-
lenging to manage is that this level of commitment cannot be accurately
assessed by programs during selection. As a result, self-selection is
difficult to screen out even through formal criteria and complicates
program evaluation.

2.3. Treatment mechanisms

In addition to selection mechanisms, understanding how treatment
mechanisms operate is the other half of analyzing effectiveness and de-
signing better entrepreneurship support programs. Program effectiveness
depends in part on whether treatment matches the participant's needs
and whether the participants are prepared to translate the given advice
delivered through these mechanisms into tangible growth outcomes
throughout the process. While treatment designs vary across programs,
most depend on some form of learning to transfer knowledge to parti-
cipants (Bulte et al., 2016; Chrisman et al., 2005; Rotger et al., 2012). We
also argue that programs need to determine how best to allocate the
support (typically in terms of advising hours) across all qualified parti-
cipants. We reiterate the common challenge faced by programs when
designing their treatment options: that although selection criteria, such
as “picking winners,” are intended to recruit high-potential participants,
they still do not guarantee that all participants will benefit from treat-
ment effectively. And because of limited resources, allocating more
support to some participants comes at the expense of others.

2.3.1. Types of learning
Consistent with classical organizational learning theory, we define

learning as the integration of an advisor's knowledge into the venture's
routines and behaviors (Levitt and March 1988). Innovative ventures
depend on various knowledge sources and vary in the ways they learn
(Agarwal and Shah, 2014; Clarysse et al., 2009). In particular, in-
novative ventures focus on knowledge exploration and exploitation,
which require a deeper commitment to internalize the expert advice
they receive and apply it toward their growth efforts (Colombelli et al.,
2013; Colombo et al., 2015). Entrepreneurs cannot tackle all of their
growth imperatives on their own, since these efforts involve legal, fi-
nancial, operational, and other kinds of expertise they may lack
(Lerner, 2010). In some situations, entrepreneurs simply want a solu-
tion to a specific problem they have. Some may prefer to learn on their
own through codified means (e.g. books, lectures, and other training
programs), expect to find their answers in established sources, or ask
specific questions to advisors.

In other situations, entrepreneurs know they need assistance but
may not completely understand the key issues at hand. This may favor a
relational experience with advisors and experts (Chrisman et al., 2005).
As such, they are more willing to socialize their problem with their
advisors to help them define it. Because entrepreneurship is a colla-
borative endeavor, those who devote effort to seeking and im-
plementing high quality advice can increase their likelihood of sus-
taining growth (Kim et al., 2013; Ruef, 2010). When participants are
genuinely seeking advice to tackle their growth challenges, they can
advocate directly for what kinds of outcomes they seek. What matters
most about this distinction is a participant's willingness to engage with
the advisor to build a collaborative learning relationship around their
growth problems. Experienced advisors can discern these different
learning patterns early on in their client interactions and use them to
develop productive advising pathways.

2.3.2. Learning and growth
In principle, learning is straightforward treatment mechanism;

however, the findings regarding its impact on entrepreneurial growth
are mixed. While some scholars have found benefits attributed to
learning on firm growth (Autio et al., 2008; Autio and Rannikko, 2016;
Clarysse et al., 2009), others reported no or limited effects on perfor-
mance (Amezcua et al., 2013; Armanios et al., 2017). To gain clarity on
this issue, we raise the possibility that learning effectiveness rests on
treatment length. Ventures typically do not implement all at once the
new knowledge they acquire, so the effect of treatment on growth ty-
pically follows a curvilinear U-shaped learning curve (Musaji et al.,
2020; Toft-Kehler et al., 2014). This means that significant translation
of new knowledge occurs further along the learning curve as additional
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treatment is delivered. Given the exploratory nature of this approach,
learning takes time to be effective (Rotger et al., 2012), since it is in-
trinsically a social process between the advisor and client (Cohen et al.,
2019; Mason and Brown, 2013). This type of learning also matches with
the multiple stages of creating, testing, and introducing innovative
products, services, and business models. Innovation does not happen
overnight but requires in-depth discussions and ongoing explorations
by both parties to conceive and experiment possible solutions.

The challenge for programs is how to assess this willingness to learn
collaboratively early and accurately when treatment begins, in order to
allocate the right amount of resources to these participants. In this
model, participants need to work collaboratively over months with
experienced advisors, who are often successful business owners them-
selves and provide sector-specific technical or managerial assistance.
This forces programs to decide how best to allocate their limited ad-
vising hours to reach as many participants as possible and to ensure
enough learning translates into growth. Trying to accomplish both will
result in subpar outcomes. Both constraints require programs to tackle
difficult tradeoffs early in the treatment process about how best to al-
locate their advising hours. Over allocating support to unprepared
participants (Type I error) will take away limited resources from willing
participants who wish to learn more through additional advising.
Programs must also confront the complication of not having enough
information about participants to make this allocation accurately. This
may require them to depend on their first impressions in their initial
meetings to anticipate who are genuinely willing to learn and progress
furthest along the learning curve to achieve growth.

2.4. Summary

We have outlined the rationale for boosting innovative ventures and
their entrepreneurial growth should be integrated into a comprehensive
empirical design to evaluate program effectiveness for boosting en-
trepreneurial growth and innovative ventures. For each selection and
treatment mechanism, we highlighted the tradeoffs and challenges
faced by programs that seek to employ them effectively given limited
resources. In Fig. 1, we summarize these different tradeoffs to visually
represent the breadth and depth of these issues involved with program
design and evaluating effectiveness. As this figure shows, there are
multiple interdependent facets to designing, executing, and evaluating
program effectiveness with compounding tradeoffs and challenges
throughout. To analyze these issues comprehensively, we require a

carefully designed empirical strategy to determine whether program
treatment leads to achieving growth milestones and properly accounts
for various observed and unobserved selection issues. In the following
section, we describe these details.

3. Study context

To tackle our research questions, we desired an entrepreneurial-
support program context that operated with the selection and treatment
mechanisms we highlighted to qualify growth-oriented innovative
ventures into the program for treatment. Specifically, we sought a
context to test the “picking winners” approach that depends on formal
criteria to select applicants – a simple but operationally complex design.
To disentangle its competing mechanisms, we also desired a setting
with fine-grained information on how the participants were selected,
how they worked with advisors, and the types of advice they received.
To track growth milestones, we also needed data on how the businesses
performed after working with their advisors.

We analyzed data from a Small Business Development Center pro-
gram (SBDC). This program started in 1979 as a part of the U.S. Small
Business Administration. Today, it has grown to over 1000 service
centers advising over 1.2 million businesses annually, becoming the
main source of technical and managerial assistance for small businesses
in the United States. The stated purpose of these centers is to help en-
trepreneurial ventures grow in terms of revenue, employees, or capital.
The SBDC program has been successful, generating over $6.8 billion in
sales and over 75,000 full-time equivalent jobs for their long-term cli-
ents (Rowe, 2016).

We focused our investigation on the SBDC of Ventura and Santa
Barbara Counties in California, located north of Los Angeles. This SBDC
was created in 2010 and has been repeatedly ranked among the most
efficient centers in California by helping clients to generate over 3000
jobs and more than $250M in sales. We studied this center because it
fulfilled our study requirements of having fine-grained data on selection
and treatment protocols, participants, advisors, and their resulting
outcomes – similar to other research designs using SBDC data to analyze
performance outcomes (Chrisman and McMullan, 2004;
Chrisman et al., 2012). The Center advises a wide range of businesses,
as long as they are located in the Ventura, Santa Barbara, or Los Angeles
counties, have less than 500 employees, and are for profit. With broad
eligibility rules, this program must allocate its limited resources to
clients who are anticipated to benefit the most from the support.

Fig. 1. Program selection and treatment challenges and tradeoffs.
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3.1. General SBDC sample information

In our study, we analyzed 1,712 businesses that enrolled for the first
time with the SBDC between January 1st, 2011 and December 31st,
2015 (five years).2 Overall, the data quality is high, with few missing
values and minimal errors (since the clients were required to provide
the information to receive services, and their advisors were expected to
maintain accurate records to be paid by the SBDC). We followed the
client ventures from their first consultations and tracked their growth
milestones until October 5th, 2017. Zooming in on short-term growth
achievements for new clients enabled us to assess the impact of their
advisory effort on growth. At the end of the observation period, the
ventures had been tracked for at least 21 months after enrollment and
up to a maximum of 81 months (depending on their length of partici-
pation). In our analysis, we accounted for this advising time difference
and possible right truncation.

During the study period, the SBDC delivered 8,487 sessions with
clients, for a total of 16,488 h of advising work (consisting of 10,930 h
of face-to-face contact time and 3005 h of preparation time; the re-
mainder is virtual contact time). This averaged between 8 and 12 h per
client (depending on the year).

3.2. SBDC selection process

We describe the SBDC selection process for allocating support to its
clients before and during the program (visually summarized in Fig. 2,
adapted from Maddala, 1983: 266). This process occurs across multiple
stages and criteria. There are four different stages of selection, two
related to self-selection by the participants (application and participa-
tion) and two related to the program for allocating support (evaluation
and activation). Sequentially, the selection process starts with the ap-
plication stage and proceeds to the evaluation, activation, and partici-
pation stages.

In the first stage (application), interested businesses self-select into
the process of receiving assistance by applying to the SBDC. During our
observation period, 1,762 businesses applied out of a population of
approximately 925,000 eligible ventures. To explore the similarity of
SBDC applicants with non-applicants, we conducted a difference in
difference (DID) matching analysis on a separate, independent data
source: Your-economy Time Series (YTS) from the Business Dynamics
Research Consortium (http://bdrc.uwex.edu/our-databases.iegc). This
dataset includes records for over four million businesses in California.
We extracted information on businesses operating in the three-county
jurisdiction between 2011 and 2017 and appearing in the dataset for at
least one year. We further narrowed the data to those in the same in-
dustry, founded the same year, operating in the same county within a
300 km driving distance to the SBDC and reporting similar pre-treat-
ment growth trends (between years N-2 and N-1), resulting in ap-
proximately 90,000 businesses. From this sample, we located 488 SBDC
clients and formed an independent control group of similar businesses.
Full details of this analysis appear in Appendix 1.

Once a business applies for SBDC support, it moves into the second
stage (evaluation). During this stage, SBDC management evaluates
whether and how much to deploy their advising hours for each appli-
cant. This is necessary because the SBDC faces budget constraints that
prevent unlimited advising to all applicants. For this evaluation, each
applicant completes an initial Scope of Work questionnaire to estimate
the type and amount of work required. The management team evalu-
ates the responses with a scoring tool, which allocates an initial amount

of advising hours based on four formal criteria: years in business, gross
revenue, operating in the manufacturing industry, and whether the
applicant was referred to the SBDC by its program partners. This
scoring tool does not specifically prioritize innovativeness, so it allows
us to assess to what extent these particular ventures receive support and
how it translates into achieving growth. Based on the evaluation
scoring tool, 1,712 business were assigned initial advising hours, while
approximately 50 did not meet the SBDC eligibility criteria.3 At this
point, the staff assigns an advisor and an area of work from a standard
list of project objectives (e.g. developing a business plan or raising
capital).

After the evaluation, clients meet with their appointed advisor for
an initial meeting to begin the advising treatment. At this third stage
(activation), the advisor assesses the project, defines a methodology,
assigns treatment, and authorizes additional hours, especially for high-
growth potential clients. The SBDC is regularly audited to ensure the
advisors have the freedom to exercise their expertise as they see fit. As a
result, 1,068 clients were activated for treatment. 644 clients were de-
activated and removed from the program by the advisor after the first
meeting.4

In the fourth and final stage (participation), most clients work with
their advisors and receive assistance (up to their maximum allocations),
while some clients do not commit to the advising program (e.g.
Brixy et al., 2013) or drop out for unknown reasons (774 clients par-
ticipated up to the end of initially allocated hours, while 294 dropped
out before the end of the treatment). Given the multiple facets of pro-
gram selection and treatment, we provide more information in the
Appendix that support the details presented in the following sections.

4. Methods

4.1. Variables

4.1.1. Outcome variable – growth milestones
We define growth milestones as the achievement of particular

events indicating growth in the business (Kim et al., 2015). In the main
analysis, we used SBDC records as a data source to measure these
milestones. We created three separate milestone categories – (1) capital
investment, (2) job increase, or (3) sales increase. (1) A capital in-
vestment milestone occurs when the business raises external funding,
either with outside debt or equity, for expansion purposes. (2) A job
increase milestone occurs when the business hires someone, and (3) a
sales increase milestone is recorded when the client experiences a sig-
nificant increase in their sales. The smallest sales increase amount in
our sample is $35,000. We measured growth in two ways: with a di-
chotomous variable (1=yes) when a firm achieved any milestone and a
count variable of the number of milestones achieved: a firm may reach
the same milestone multiple times (such as multiple capital increases
over time) or reach different milestones (e.g., a capital increase and a
recruitment). Table 1 shows the distribution of milestone events by
category. 335 ventures reached at least one milestone, while the total
number of milestones reached across all ventures is 754.

4.1.2. Selection variables
There are two kinds of selection variables related to the program

design: (1) those related to the selection stages and (2) those related to
the selection criteria (see Fig. 2). For the first selection stage

2 Older clients that returned to the SBDC during the timeframe are not part of
our sample. Five firms were dropped because of incomplete data. One firm was
removed because no session notes were recorded (input error). Four additional
firms were removed because the firms contained missing values for some of the
relevant variables.

3 These businesses were not accepted into the program and referred to other
mentoring programs. Unfortunately, we have no records for these 50 businesses
to conduct any additional analyses.
4 Sometimes, the de-activation by the advisor occurs after the second

meeting. In any case, it systematically occurs before receiving five hours of
advising treatment (the threshold used in other SBDC studies - Chrisman et al.,
2012).
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(application), we used a dummy variable (1=applied to SBDC) among
the population of businesses in Ventura, Santa Barbara, and Los Angeles
counties (described in Appendix 1). For the second selection stage
(evaluation), we did not create a variable, given the lack of information:
These approximately 50 ventures were denied a first meeting with an
advisor because they did not meet the SBDC eligibility criteria for re-
ceiving support or their application file was incomplete.5 They are thus

grouped with the non-applicants and accounted for in the application
stage analyses (see Appendix 1). For the third selection stage (activa-
tion), we noted when an advisor decided to collaborate with a client on
an agreed-upon scope of work and to activate it for treatment (1=ac-
tivated). For the final selection stage (participation), we used a dummy
variable for clients that left the program after being activated (1=the
client dropped out before the end of the initial allocation).

In addition to selection stage variables, we included the formal se-
lection criteria used in the SBDC scoring tool. At the activation stage,
four formal criteria are used to allocate advising hours: (1) established
firms (1=in business for more than one year) to reflect an emphasis on
supporting established firms6 (e.g., Coad et al., 2014; Lerner, 2010;
Minniti, 2008; Shane, 2009). (2) gross revenue (in sales in USD declared
by the client during the initial request for advice) to capture past per-
formance (Birch et al., 1997; Wren and Storey, 2002). (3) manufacturing
industry (1=yes). Some scholars specifically focused on businesses in
the manufacturing sector as potential high performers (Mason and
Brown, 2013). (4) referred client (1=yes) for ventures that joined the
SBDC based on the recommendation of other program partners (such as
the SBA program, the SCORE program, Women's Business Centers, and
others), or a financial provider (such as the Ventura County Credit
Union, Rabobank, Pacific West Bank, and others). A client could be
more likely to grow if it has been screened by other program partners
(Shane, 2009).

Besides these four selection criteria variables, we included an ad-
ditional variable for innovative ventures (1=yes). Although innovative
ventures are not formally screened as a criterion in the scoring tool, we
included it as a selection variable to determine how support was allo-
cated to these ventures and compared this with the other four formal
criteria for program effectiveness. To create this variable, we analyzed
the text from the advisor's initial meeting notes with their clients for
keywords consistent with definitions of innovative ventures
(Aldrich and Ruef, 2018; Rubera and Kirca, 2012). By focusing on the
first meeting notes, we ensured that an assessment of the venture's in-
novative qualities was taken prior to the actual treatment. Integrating

Fig. 2. SBDC selection process, stages and criteria.

Table 1
Distribution of growth milestone events among SBDC clients(N=1712).

N firms
No milestone has been achieved 1377
1 milestone has been achieved: 156

Capital increase Job increase Sales increase
X 37

X 46
X 76

More than 1 milestone has been achieved: 179
Capital increase Job increase Sales increase
X 10

X 5
X 22

X X 18
X X 85

X X 14
X X X 25

Notes: 335 (20%) firms achieved at least one milestone; among those, 156 firms
achieved exactly 1 milestone, 179 firms achieved more than one milestone and
91 (5%) firms achieved more than 2 milestones; the maximum number of
milestones achieved is 17; the total number of milestones achieved is 754.
Among the firms that achieved multiple milestone, 10 achieved only capital
increase (multiple times); 18 achieved capital increase and job increase but no
sales increase; 25 achieved all the possible milestones.

5 The SBDC rejects a priori only firms that are not small businesses, not likely
to become small businesses (for potential entrepreneurs), not in the adminis-
trative area of the SBDC, or submitted incomplete application file. Since they do
not meet the eligibility criteria, the 50 firms rejected early in the process (out of
ca. 1,750) are equivalent to non-applicants and, for this reason, we assigned
them to this group.

6While firm age is an element of the SBDC scoring tool, established firms
required a higher score to receive the same amount of advice. As such, startup
firms were allocated more advice than recently established firms, even though
they had a lower SBDC score, everything else made equal.

M. Buffart, et al. Research Policy 49 (2020) 104052

7



all the meetings would violate a key condition of causality
(Holland, 1986) and unnecessarily inflate the likelihood one of these
terms emerged in conversations between the advisors and clients. We
assigned the value of 1 if at least one keyword appeared, using the
innovation lexicon assembled by Godin (2014).7 The results were ver-
ified by a seasoned SBDC administrator.

4.1.3. Treatment variables
We define advising effort as the number of hours spent with the

client, including the advisor's preparation time (Chrisman et al., 2005;
Chrisman and McMullan, 2004).8 We constructed our continuous
measure directly using each SBDC advisor's work logs, so this variable
accurately reflects the time spent to advise the client. We also created
dummy variables to account for different treatment levels used in the
robustness checks. Following previous studies (Chrisman et al., 2005),
we used the five-hour threshold to determine if a venture received the
treatment. This threshold is also consistent with the practices of the
SBDC, which attempts to provide a minimum of five hours of advice to
all activated clients. As robustness checks, we also tested other
thresholds in our analyses (e.g. 10 h, 15 h).

4.1.4. Additional variables
Besides our selection and treatment variables, we also controlled for

alternative factors that might lead to either program selection, advising
hours allocation, or growth milestone achievements. We distinguish
three types of variables: (1) variables about the client, (2) variables
about the main advisor and (3) variables about the initial meeting be-
tween the client and the advisor. We also provide extra information
about the choice, creation, and rationale of these variables in Appendix
2.

Regarding the client, we divide the ones that are not referred to the
program into two groups: self-motivated to join (1=client joined on their
own, while looking for an advising solution by themselves, either on the
internet or through direct contact with the SBDC), and the other clients
(0=clients that decided to join the program after receiving targeted
information, through universities, cities, forums, etc., for example) to
reflect their personal interest in consulting SBDC to grow their business.
We included other control variables in the different models: advising
areas requested by the client (increase in sales, capital and startup); fe-
male-owned firm (1=yes); location (1=firm in Santa Barbara); different
dichotomous variables to account for industry (using the categorization
of the SBDC scoring tools).9

Regarding the main advisor, we created the following variables:
advisor holds an MBA or a Ph.D. (1=yes); the advisor's number of prior
business startups and years of management experience. Prior studies have
emphasized the role of education and experience in mentoring and
counseling activities (Behncke et al., 2010; Heckman et al., 1999).
Using higher education levels and the number of business startups was a
way to identify the most highly educated and experienced advisors
amongst the group.

Regarding the first meeting between the client and the main ad-
visor, we included five variables based on prior research and our un-
derstanding of this particular SBDC context by analyzing written re-
ports of the initial client meetings. We coded for collaborative learning
(1=client-advisor meeting involved open-ended discussions, guidance,

and feedback about their growth objectives). We also formed a binary
variable if the advice was related to bridging to others (1=advisor re-
commends different people or resources to contact by providing their
contact information). To code these last two variables, we again used
the advisor's initial meeting notes since it recorded details about the
client's willingness to learn new approaches, to what extent the advisor
anticipated the collaboration to continue beyond the initial meeting,
and any referrals made to assist the client. In Appendix 2, we provide
coded meeting notes examples, coding procedures (including more fine-
grained categories), and inter-rater reliability details.

Besides policy-based formal selection criteria, the SBDC advisors
may also rely on experience or use heuristics to make decisions to form
positive or negative perceptions of the client, which has been studied as
“gut feel” in the literature (Huang, 2018; Huang and Pearce, 2015). We
measured this advisor sentiment as expressed with positive or negative
words (as a percentage of total words) (Tetlock, 2005). For this calcu-
lation, we used Loughran and McDonald's (2013) financial and business
dictionary in their study of venture capitalists assessing IPOs.

4.2. Preliminary analysis and results

Table 1 and Table 2 present descriptive statistics, and Table 3 shows
the pairwise correlations of the variables in our analyses. Consistent
with prior research, growth is a rare event in our sample: only 20
percent of ventures reached a milestone, 10 percent achieved more than
one, and five percent more than two. After applying the scoring model,
only 45% received more than five hours of advice (including advisor's
preparation time), which is the minimum threshold for treatment
(Chrisman et al., 2005, 2012).

Despite not being prioritized in the SBDC scoring model, innovative
ventures are well represented (33% of the total ventures in the sample).
This ratio is similar to other businesses in the SBDC scoring model (the
formal criteria): ventures with revenues (43%), established firms
(41%), clients referred by program partners (27%), and manufacturing
ventures (14%).

Looking at the correlation between our covariates (Table 3), we do
not observe any major correlation issues. In general, most coefficients
lie between −0.1 and 0.1. Industry groups are correlated (the groups
do not overlap). Similarly, established firms are less likely to request
advice in starting up. Finally, the education and experience of the
counselors are highly correlated (ρ= 0.71). We decided not to include
management experience in the reported models. As a check, we also
reran the models with both variables and obtained stable results. Apart
from these two variables, the moderate correlations are unlikely to
cause any issues in the different models: the variance inflation factors
remain around or below 2 for all covariates.

As a first step to determine whether selection bias exists in allo-
cating hours, we ran an ordinary least squares (OLS) regression to es-
timate the treatment allocation (Table 2).10 We used a log transfor-
mation of the treatment (advising hours) to approach normality (the
non-logged hours are skewed to the left, since most ventures receive
little treatment). From this model, we observe that innovative ventures,
ventures with higher gross revenue, manufacturing ventures and
startup ventures (as opposed to established firms) have a higher like-
lihood to receive a larger treatment dose.11 Also, the client's growth
orientation (i.e., advising area=increase in sales) and the client-advisor

7 The list of keywords used is: innovat, trademark, patent, R&D, prototyp,
technolog, new prod, new service, new business model, new process, new market, new
brand, novel, creativ, original, modern, diversif, chang, reorganiz, reform, introduc,
diffus, invent, disrupt, revolut, radical, design, experiment.
8 We also ran our models without advisor's preparation time and obtained

consistent findings.
9 Industries included: arts; education; food services; professional, technical,

research and development activities; retail, and other services. For reasons
specified in the analyses, we also grouped industries in four categories (types)
used in the SBDC scoring tool for hours allocation.

10 Given the skewed distribution of treatment hours, we also conducted a
quantile regression and report these results in Appendix 3.
11 Contrary to the four criteria used by SBDC to decide hours allocation, the

result we have in this model for innovative firms is unstable in the com-
plementary models we report in Appendix 3. One explanation could be that
some promising profiles of innovative firms (manufacturing firms, high revenue
prior to joining the program, etc.) would receive even more hours of treatment,
but this is not the case for all innovative firms.
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interaction during their first meeting (i.e., positive gut feel, learning
behaviors) are strong predictors of treatment dose. Overall, these pat-
terns show that the advising hours are not equally shared among ven-
tures and the assignment is nonrandom, which confirms that selection
bias should be corrected in order to properly evaluate the causal effect
of treatment on achieving growth milestones. This requires us to con-
duct additional procedures to distinguish whether ventures perform
better because of treatment or because of their own characteristics.

4.3. Identification strategy

To understand whether innovative ventures benefited from the pro-
gram, we first needed to assess whether the program is effective through
an appropriate identification strategy. Following established principles in
the program evaluation literature (Angrist and Pischke, 2009; Imbens and
Wooldridge, 2009), we estimated the causal effect of advice treatment on
achieving growth milestones. For this, we based our analysis on the po-
tential outcomes framework (Rubin, 1974). Since the SBDC treatment is
operationalized with a continuous indicator, we specified a continuous
potential outcome. Following Hirano and Imbens (2004), we considered
the potential outcome as an interval, which represents a “dose” of advice
a client received. As a robustness check, we used binary treatment in-
dicators (1=activated, 5, and 10 h) to estimate the average treatment
effect (ATT) on the treated clients (Appendix 4).

Since we do not have an experimental design typically associated
with the potential outcomes framework, we implemented several steps

to conduct a quasi-experimental design. To be interpreted as plausibly
causal, the treatment must satisfy some form of exogeneity, an as-
sumption known as the conditional independence assumption (CIA), or
unconfoundedness (Lechner, 1999; Rosenbaum and Rubin, 1983b). In
observational studies like ours, satisfying this assumption required us to
construct control groups identical along both observable and un-
observable characteristics before the treatment is given.12 However, in
our setting, we have a multifaceted selection process, with several
stages and criteria that posed multiple threats to the internal validity of
our quasi-experimental design (Shadish et al., 2002). This process
created differences between the treated and control groups (see Table 2
in the result section) and would violate the CIA assumption. In the
following section, we present the results from the three-stage estimation
procedures we implemented to address this issue. We provide details
about the estimation procedures at each step.

5. Results

We deployed three estimation procedures to implement our iden-
tification strategy and address different validity threats: (1) matching

Table 2
Descriptive Statistics and selection for treatment (OLS).
All SBDC Clients (N=1712).

Variables Mean S.D. Min Max OLS (2) DV: Advising effort

Outcome - growth milestone:
Achieved any milestone (binary) 0.196 0.397 0 1
Number of milestones achieved (count) 0.440 1.296 0 17

Treatment:
Advising effort (total, in ln hours) 1.559 1.083 −1.386 6.066
Five-hours threshold (binary treatment) 0.452 0.498 0 1

Selection stages:
Client activated 0.624 0.485 0 1
Client dropped out 0.172 0.378 0 1

Selection – formal criteria and innovativeness:
Established firm 0.405 0.491 0 1 −0.126* (0.058)
Gross revenue (ln) −1.642 11.567 −11.513 17.622 0.086*** (0.010)
Firm industry: manufacturing (type 4) 0.143 0.350 0 1 0.353*** (0.087)
Referred firm 0.270 0.444 0 1 0.069 (0.058)
Innovative firm 0.326 0.469 0 1 0.143** (0.052)

Variables about the client:
Self-motivated to join 0.237 0.425 0 1 −0.118* (0.060)
First advising area: increase in sales 0.152 0.360 0 1 0.263*** (0.073)
First advising area: capital 0.127 0.333 0 1 0.083 (0.077)
First advising area: start-up 0.251 0.433 0 1 −0.041 (0.064)
Female owned firm 0.276 0.447 0 1 0.147** (0.054)
Firm in Santa Barbara 0.269 0.444 0 1 0.008 (0.058)
Firm industry: service (type 2) (1) 0.448 0.500 0 1 0.096 (0.067)
Firm industry: retail and arts (type 3) 0.189 0.391 0 1 0.195* (0.079)

Variables about the main advisor:
Has an MBA or a Ph.D. 0.457 0.498 0 1 −0.335*** (0.050)
Number of prior business startups 1.605 0.812 0 4 0.050 (0.032)
Years of management experience 23.362 14.433 0 40

Variables about the initial meeting client-advisor:
Positive gut feel 0.007 0.009 0.000 0.071 8.388** (2.750)
Negative gut feel 0.010 0.010 0.000 0.091 −1.355 (2.494)
Collaborative learning 0.546 0.498 0 1 0.411*** (0.049)
Bridging 0.223 0.416 0 1 −0.079 (0.058)

Instrumental variable:
Driving distance to SBDC (> 2 h) 0.038 0.191 0 1 −0.367** (0.129)

Notes: (1) Industry types correspond to the industry groups used by SBDC in their scoring template to allocate an initial number of hours to the client. Type 2= all
service industries and professional and technical activities; Type 3= retail and arts industries; Type 4=manufacturing; Type 1= no industry (i.e. for startups for
instance).
(2) *: p < 0.05; **: p < 0.01; ***: p < 0.001; Two-tailed test; Standard errors in parentheses; OLS model includes an intercept (1.018***); R²= 0.194.

12 Another assumption called SUTVA is necessary for this causal interpreta-
tion (Holland, 1986). SUTVA stands for stable unit treatment value assumption,
which means that the client's potential outcomes do not depend on the potential
outcomes of other clients in the population.
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analysis using generalized propensity scores (to address selection on
observable criteria when allocating hours in the middle activation
stage), (2) a Heckman-type corrected regression (to address unobserved
self-selection biases when treatment is initially allocated in the eva-
luation and delivered in the final participation stages), and (3) the
difference-in-difference analysis using the YTS dataset, an independent
data source, to address omitted, or unobserved, time-varying and -in-
variant factors that might affect assignment to treatment.13 The purpose
for combining these procedures is to assess whether innovative ventures
benefited from this program, net of the various selection biases we
reviewed. By using multiple procedures, we disentangled competing
mechanisms driving selection biases or treatment effects.

5.1. Generalized propensity score

We first conducted a matching analysis to address the selection bias
generated from using formal observable criteria (“picking winners”) to
assign hours of treatment. Matching is an appropriate quasi-experi-
mental method to address this bias because it balances the distribution
of observable criteria between treated and non-treated participants in
all the relevant pre-treatment characteristics (Caliendo and
Kopeinig, 2008; Dehejia and Wahba, 1999; Rosenbaum and
Rubin, 1983a). Since our treatment variable (advising effort) is a con-
tinuous measure, we employed the generalized propensity score (GPS)
technique developed by Hirano and Imbens (2004). The GPS technique
accommodates different doses (or amounts) of treatment while re-
taining the quasi-experimental properties of the matching methods.
Compared to binary treatment matching estimators, continuous treat-
ment analyses have the advantage of investigating different levels of
support (Imbens and Wooldridge, 2009). This feature is well-suited to
evaluate the effectiveness of distributing advising hours among parti-
cipants who have been prioritized by the scoring model's formal cri-
teria.

Similar to binary matching, the GPS technique accomplishes the
following: (1) estimates and corrects for selection bias (balancing
properties) and (2) estimates the dose response function for comparable
observations. GPS aims to improve the balancing properties between
the different treatment doses. The balancing properties can be satisfied
only for observations with common support (i.e. similar ventures that
received non-treatment and different treatment doses). Ventures that do
not satisfy the common support requirement (i.e., dissimilar to all other
ventures in the sample) are excluded from the analysis. We sought
common support on all variables to be used for the GPS: the four
scoring model criteria, whether the venture was innovative, client
characteristics, the main advisor's characteristics, and the client-advisor
interaction variables.

The next step is to confirm that the groups of firms that will receive
the different dose of treatment were comparable. Since the matching
method is sensitive to outliers, we excluded extreme values for our
highly skewed variables: 2 ventures with more than 10 milestones
(median is 0 milestones), 16 ventures with more than 100 h of treat-
ment (median is 4.25 h), and 46 ventures with annual revenue over $3
million before receiving SBDC support (median is $0).14 We retained
1540 observations that met the requirement of common support.15

After removing the observations, we reran the OLS model from Table 2.
We divided the range of time of advice into 8 treatment intervals. In
Table 4, we present the balancing properties of the different intervals
before and after the GPS-adjustments. Following the technique of
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13 To conserve space, full results about this estimation are shown in Appendix
1.
14 We also ran models with these observations; results were consistent, al-

though the balance properties were not optimal.
15 Similar to an OLS, the multivariate outliers are the observations with the

biggest standard errors.

M. Buffart, et al. Research Policy 49 (2020) 104052

11



Hirano and Imbens (2004), each value is a t-statistics testing for the
difference between a given dose of treatment (treatment interval) and
the other doses, for each variable. The balance property improved after
adjustment with the GPS. All the variables about the selection criteria
(formal criteria and innovation) satisfy the balancing property at a level
of 0.05 (standard two-sided t-test) after adjustment using the GPS. For
the additional variables about the client, only one did not satisfy the
balancing property for only one treatment interval: advising area (ca-
pital). However, this variable is not significantly correlated with the
treatment dose received in the OLS model (first stage equation). All in

all, nearly all the t-tests (148 out of 152) are statistically insignificant
after adjustment using the GPS and the balancing properties are sa-
tisfied overall at a level lower than p-value < 0.01. As a final check to
reduce any risk of misspecification from any remaining imbalance, we
also used more restrictions for outliers and common support and found
consistent results.

After correcting the selection bias in allocated treatment (advising
hours), we then estimated the parameters of our outcome variable
(growth milestones) as a conditional distribution for different doses of
treatment and the GPS. Similar to Hirano and Imbens (2004), we used a
dose-response function for these two variables, including a quadratic
form and their interaction. Table 5 provides the estimates of the Dose
Response Function. In Table 5, the treatment dose (in advising hours)
squared is positively related with both the likelihood of reaching a
milestone (Model 1) and the number of milestones reached (Model 2),
while accounting for the differences between ventures using the GPS. In
Fig. 3, we plot the relationship between the treatment dose and the
number of milestones reached, where we reveal a curvilinear re-
lationship. This means that a small amount of treatment does not bring
any measurable benefit, but only after some length of treatment, the
venture will start to increase the likelihood of achieving growth mile-
stones. Moreover, as an implication of the U-curve relationship, allo-
cating a small, but equal amount of treatment to all clients does not
yield any positive effects on performance, but more treatment will
eventually lead to a higher number of milestones reached. In Table 6,
we calculated the cost of allocating a small amount of treatment on
many clients (as opposed to a large amount on a few). In our sample,
clients receiving up to 5 advising hours of treatment cost the SBDC
three times more advising hours per milestone, on average (as most of
them reach no milestones), than the clients receiving more than 10
advising hours. In our sample, the “low-treatment” group, 938 firms
receiving 5 h or less of treatment, cost about 2220 h to the SBDC, and
reached 42 milestones (53 h of work for 1 milestone, on average). The
“high-treatment” group, 379 firms receiving above 10 h of treatment,

Table 4
Balancing properties given the GPS – T-statistics for equality of means.

Treatment (total time) Unadjusted Adjusted for the GPS
Upper bound (hours)* 3.5h 5h 7.5h 10h 15h 25h 40h 435h 3.5h 5h 7.5h 10h 15h 25h 40h 100h

Selection criteria
Established firm 3.48 −0.67 −1.20 0.93 −0.46 −0.23 −1.88 −4.45 −0.15 −0.72 −0.88 1.04 0.26 0.17 −1.46 0.04
Gross revenue (ln) 10.02 −0.36 −1.98 0.39 −3.89 −3.91 −3.08 −6.60 1.00 −0.54 −0.13 1.49 −1.95 −1.63 −0.74 −0.89
Industry: manufacturing 3.74 0.72 −0.43 −0.85 −1.46 −0.11 −0.55 −3.97 −0.56 0.46 0.19 0.43 −0.27 −0.11 0.53 0.34
Referred firm 2.25 0.93 0.59 0.36 −2.05 −1.73 −0.66 −2.08 0.01 0.57 0.12 1.29 −0.66 0.24 0.46 −0.75
Innovative firm 3.66 −0.71 −0.99 −0.87 −0.07 −0.95 −1.35 −2.42 −0.74 −0.56 0.73 −0.98 1.46 −0.06 0.58 −0.72

About the client
Self-motivated to join −3.90 0.28 0.75 2.15 0.74 3.92 −0.79 1.70 −0.22 0.25 0.14 0.61 −0.02 1.09 −1.01 −0.13
Advising area: sales increase 5.41 −1.10 −1.26 −1.41 −2.17 −0.79 −0.01 −2.38 0.87 −0.72 −0.76 −1.44 0.33 0.05 1.19 −0.34
Advising area: capital 1.43 0.83 0.20 −0.91 0.69 −0.09 −2.92 −0.36 −0.47 0.57 0.42 0.17 0.54 0.96 −2.94 −0.54
Advising area: start-up −2.65 −0.04 1.14 −0.97 1.87 −0.87 2.32 4.94 0.01 −0.28 1.76 −0.91 1.82 −0.11 1.46 1.46
Female owned firm 1.40 −1.09 1.62 −0.10 −0.82 −2.16 0.23 −0.72 −0.78 −0.97 1.57 1.54 0.10 −1.92 0.77 0.57
Firm in Santa Barbara −0.15 0.66 −0.09 −1.23 −0.42 −0.39 1.62 1.24 0.40 0.83 0.35 −1.41 −1.62 0.01 1.06 0.10
Industry: type 2 −0.85 −0.59 −1.09 0.71 −0.81 1.86 −0.38 3.40 0.47 0.03 −0.36 −1.27 −1.76 0.82 −0.96 0.87
Industry: type 3 −0.85 −0.59 −1.09 0.71 −0.81 1.86 −0.38 3.40 −0.34 −0.28 0.47 0.38 0.64 −0.45 0.27 −0.15

About the main advisor
A. has an MBA/Ph.D. −9.82 0.12 0.58 3.45 2.72 5.36 5.23 5.90 −1.55 0.10 −0.79 0.89 0.08 1.72 3.54 0.49
# of prior business startups −2.64 0.06 0.54 0.78 3.55 0.44 0.08 −1.45 −1.68 0.55 0.95 0.56 2.52 0.59 0.39 −1.63

About the initial meeting
Positive gut feel 5.10 −1.19 −0.04 −0.57 −2.50 −1.54 −1.72 −2.30 −0.30 −0.80 0.10 1.46 −1.66 0.83 0.18 0.16
Negative gut feel 0.83 2.52 −1.32 −0.72 0.44 −1.30 0.11 −0.69 0.43 2.28 −0.18 −1.56 0.91 −0.30 −0.76 0.45
Collaborative learning 10.13 −1.62 −2.16 −3.36 −3.86 −4.76 −1.15 −3.66 0.67 −1.25 −1.06 −0.11 0.59 0.41 1.87 −0.02
Bridging −1.20 −1.37 −0.62 1.73 0.56 2.15 2.52 −1.38 0.66 −1.53 −0.44 −0.52 −0.43 1.58 1.90 0.75

N 823 115 243 136 137 123 72 63 744 107 223 131 123 111 63 38

Notes: t-values reported in bold indicate a significance at 0.05 level. Overall, balancing property is satisfied at a level lower than 0.01.
⁎ While the different groups might look uneven, the choice of division is not arbitrary. The lowest group (below 3.8 h) contains the clients that have not been

activated. Then, for activated clients, the SBDC assigned them at least up to five hours of treatment. This is also the threshold for treatment used by
Chrisman et al. (2005). The next bound, 7.5 h, represent the median of amount of treatment provided by SBDC. 10 h and 15 h are the other threshold of treatment we
used in the YTS analysis reported in appendix. For the bigger dose of treatment, we made sure the groups remained large enough to avoid small sample bias.

Table 5
Parameter estimates of conditional distribution of the milestones given the
treatment.

Model 1 Model 2
Dependent variable: Reaching a milestone # of milestones reached

Treatment −0.032 −0.297**
(0.042) (0.103)

Treatment squared 0.057*** 0.223***
(0.011) (0.027)

GPS 0.236 2.837**
(0.438) (1.067)

GPS squared −0.975 −4.954**
(0.741) (1.805)

Treatment x GPS 0.191** 0.035
(0.067) (0.164)

Constant −0.013 −0.290*
(0.055) (0.135)

Observations 1540 1540
Adj. R-squared 0.304 0.309

Notes: *: p< 0.05; **: p< 0.01; ***: p< 0.001. Two-tailed test. GPS stands for
Generalized Propensity Scores used in the dose response matching analysis.
SBDC dataset, activation stage. Standard errors in parentheses.
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cost 9144 h to the SBDC, and reached 496 milestones (18 h of work for
1 milestone, on average). In other words, the return on investment is
higher when the investment per client is higher. This means that with
limited resources, it is more beneficial to treat some ventures with more
hours than simply distributing fewer hours across all ventures. This
requires imposing formal selection criteria upfront to prioritize which
ventures should receive the additional hours. We also note that the GPS
positively and significantly interacts with the treatment in Model 1 (DV:
reaching a milestone). This means that the treatment is increasingly
effective when there is a higher propensity to receive a higher dose of
treatment. However, this result is unstable when using multiple mile-
stones. One possible explanation is that the mechanisms for reaching a
single milestone are different than those necessary for repeated growth
outcomes.

Additionally, we plot in Fig. 3 the dose response comparing the
innovative and the non-innovative ventures (by subsamples).16 With
the average hours of treatment, being innovative makes no difference,
meaning that they achieve a similar number of growth milestones as
non-innovative ventures. Innovative ventures benefit less from an in-
crease in the number of hours of treatment, but the difference is not

significant due to a small number of cases. We conducted a counter-
factual descriptive analysis to further investigate these findings.

5.1.1. Counterfactual analysis: what if innovativeness is prioritized?
In this sub-section, we investigate what would happen if innova-

tiveness was a formal selection criterion in the SBDC setting. To that
end, we exploit the fact that some innovative ventures meet one of the
four formal criteria (very few meet several of them), whereas others do
not meet them. The purpose is to draw a comparison between in-
novative ventures that were (formally) prioritized in receiving support
versus the ones who were not. Table 7 presents the descriptives of this
counterfactual analysis (N and %), following the process from selection
to outcome through treatment. From top to bottom, we grouped the
clients by criteria.

This analysis suggests that innovative ventures would benefit from
being prioritized as a formal criterion in its scoring tool. In absolute
terms (N), we see that ventures that do not meet at least one formal
criterion, be it innovative or not, are far less numerous to be activated,
to reach a first milestone, and to receive treatment after reaching a
milestone. They are also far less numerous in reaching multiple mile-
stones. Moreover, after reaching a first milestone, the number of in-
novative clients that do not meet a formal criterion declines sharply,
well below the other groupings. These findings strengthen the plausible
explanation that since innovativeness is not a formal criterion,

Fig. 3. Dose response function (outcome: number of milestones).

Table 6
Return on investment per level of treatment.

Amount of treatment received Low treatment group Limited treatment group High treatment group
5 h or less 5 to 10 h Above 10 h

N firms 938 379 379
Total time (hours) 2220 2714 9144
N milestones 42 108 496
ROI for SBDC 1 milestone for 53 h of work 1 milestone for 25 h of work 1 milestone for 18 h of work

16 We also looked for other heterogenous effects between treatment and dif-
ferent subsamples of the four formal criteria and growth motivations
(Caliendo and Künn, 2011). The different treatment effects were insignificant.
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innovative ventures receive less support throughout the SBDC process,
especially as the advisors cannot leverage the formal criterion that
would legitimize the allocation of additional hours after reaching a first
milestone. In relative terms, we see that the percentage of ventures
reaching one or several milestones are higher for ventures that meet at
least one formal criterion compared with the ones which do not, re-
gardless of whether being innovative or not. We also observe that in-
novative ventures with at least one formal criterion have the highest
percentage of reaching one or several milestones of all the groupings,
whereas innovative ventures without a formal criterion have the lowest
percentage of reaching more than one milestone. Formally prioritizing
ventures also matters in relative terms. Our curvilinear finding between
treatment and growth reinforces the benefits of priority allocations of
advising hours because public resources are always limited.

5.2. Heckman treatment effect

Although propensity-score based matching effectively addressed
observable selection biases related to the formal criteria, it is not an
efficient method. It forced us to remove all the observations outside of
the common support zone and drop outliers to fulfill the balancing
property for a comparable group of ventures. Moreover, it did not
balance out unobservable differences between treated and non-treated
groups. The SBDC multi-stage selection process affects the pool of ap-
plicants that actually received a treatment (from 1,762 applicants to
774 clients advised more than five hours – 44%). As a result, we need
another set of analyses to account for this unobservable selection bias.

We used a Heckman-type correction to (1) address the unobservable
issue, (2) correct for the effect of selection on growth, and (3) assess the
effect of the formal selection criteria if the venture is selected for
treatment (Huergo and Moreno, 2017). More specifically, we used the
Heckman treatment effect model because the outcome (achieving a
growth milestone) is accessible to both treated and non-treated groups
(Guo and Fraser, 2010); receiving advice is not a necessary condition to
perform better, a priori. In addition to addressing factors leading to
unobserved sample selection processes, Heckman models provide an-
other benefit. Similar to matching models, when appropriately im-
plemented, the results themselves qualify as a causal interpretation
since they account for confounding factors produced by the formal se-
lection criteria (Antonakis et al., 2010).

The Heckman treatment effects models required two steps to exe-
cute: (1) we evaluated the selection bias, using an instrumental variable
that is a good predictor of the selection and not a predictor of the out-
come, which is known as the exclusion restriction condition
(Bascles, 2008; Wolfolds et al., 2019). (2) We then employ the instru-
ment to correct for the selection bias in our model predicting growth of
the SBDC clients. We used distance to SBDC (1=more than 2 h of
driving) as an instrument variable for the Heckman correction. Distance
to a program facility has been used in multiple previous studies as a
valid instrument to correct for the selection bias in advising programs
(e.g. Card, 1993) and as a key factor for entrepreneurs to receive

support (e.g., Powell et al., 2002). Given that longer distances reduce
the opportunities for client-advisor interactions, it should diminish the
likelihood of being activated, but not the likelihood of reaching growth
milestones. Our results in Model 1 and 2 in Table 8 show that this ex-
clusion restriction condition is met.17 When we compare the logit
Models 1 and 2, we see that the instrument correlates negatively with
the treatment (Model 1, effect on treatment, β=−0.572; p-value <
0.05), but is not correlated to the outcome (Model 2, effect on outcome,
p-value > 0.1). The Heckman procedure is efficiently correcting for the
identified selection bias using an instrument that predicts the selection
but not the outcome: while distance to SBDC is correlated to the like-
lihood of being activated and receiving the treatment, ventures do not
perform better or worse based on their relative distance to SBDC. As
such, we confirmed that distance is a valid instrument to assess the
Heckman correction (Guo and Fraser, 2010). Finally, in all the models,
the rhô is significant. This shows the correction is necessary for the
relevant level of selection (Huergo and Moreno, 2017).

After the two models to assess the quality of the instrument (Models
1 and 2), we present eight regression models using a Heckman-type
correction to assess for selection to treatment. Models 3 to 10 are
Heckman treatment effect models, to correct for selection bias of the
activated ventures (see Fig. 2). Two of the four formal criteria (gross
revenue and manufacturing firm) are positively and significantly cor-
related to the growth outcomes in all the models (3 to 10). However, an
established firm is negatively correlated with the growth outcomes
(also consistently in all models) and being referred shows unstable re-
sults (positive and significant on the number of milestones reached and
not significant otherwise). As such, the SBDC formal selection criteria
are not strong indicators of growth. Also, while being innovative is
positively and significantly correlated with the likelihood of being ac-
tivated (Model 1, selection model) and with the amount of treatment
received (see Table 2, OLS model), it does not have an effect on growth
in any model, which means that innovative ventures achieve growth
similarly to other treated ventures (consistent with the results of the
GPS analysis). These findings also show that the “picking winners”
approach is not necessarily associated with growth.

Across all models (3 to 10), the effect of treatment on achieving one
or multiple milestones is highly significant. These consistent findings
mean that the treatment provided by the SBDC advisors translates into
growth, net of selection bias and reinforce the GPS results (reported in
Section 5.1) regarding program effectiveness.18 Finally, we observed
some statistically significant relationships regarding the client-advisor

Table 7
Counterfactual Analysis with Innovative Ventures.

Total clients Up to reaching a milestone After reaching a milestone
Activated Reach a milestone Receive treatment after one

milestone
Reach more than one milestone

Meets at least one formal
criteria

Venture is innovative N N Ratio N Ratio N Ratio N Ratio

Formal criteria Innovative 487 338 69% 115 34% 95 20% 60 12%
Not innovative 997 595 60% 185 31% 139 14% 100 10%

No formal criteria Innovative 71 43 61% 12 28% 4 6% 5 7%
Not innovative 157 92 59% 23 25% 21 13% 14 9%

Notes: The formal criteria from the SBDC scoring model are (not) being established, having high gross revenue (3rd quartile), being a manufacturing firm, or being
refereed by another program.

17 The distance to SBDC is the driving distance between the address of the
client and the address of the SBDC, accounting for usual traffic, calculated using
the OpenStreetMap API. In Appendix 5, we also present the distribution of
travel time between clients and SBDC.
18 We also tested models with both the linear (main) and curvilinear

(squared) measure of advising effort and found consistent results (Toft-
Kehler et al., 2014).
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relational variables. In all our models, we found that when collabora-
tive learning occurs, it is positively correlated with reaching a milestone
and to the number of milestones reached. In fact, when clients and
advisors have thorough discussions about the client's growth objectives,
the client is more likely to be assigned more advising hours, to remain
in the program longer, and to accept the treatment provided by their
advisor. As a consequence, clients with a collaborative learning

behavior get a bonus of milestones (β=0.319 extra milestones on
average in Model 5, β=0.288 in Model 6) for the same amount of
treatment. In other words, our Model 6 (Table 8) predicts that a col-
laborative client that receives 15 h of treatment will reach as many
milestones, on average, than a non-collaborative client who would re-
ceive 51 h, everything else made equal. From these results, we see a
clear difference in achieving growth milestones driven by the client's

Table 8
Heckman Treatment Effect models.

1 2 3 4 5 6 7 8 9 10
Model Probit Probit Heckman Treatment Effect Models
Dependent variable Activated Achiev. a milestone Achiev. a milest. # milestones Achiev. a milest. # milestones

Advising effort (ln hours) 1.392⁎⁎⁎ 0.104⁎⁎⁎ 0.237⁎⁎⁎ 0.103⁎⁎⁎ 0.236⁎⁎⁎

(0.110) (0.009) (0.022) (0.009) (0.022)
Client activated 1.172⁎⁎ −0.331⁎⁎⁎ −0.490⁎⁎⁎ −0.759⁎⁎⁎ −1.192⁎⁎⁎ −0.333⁎⁎⁎ −0.491⁎⁎⁎ −0.760⁎⁎⁎ −1.193⁎⁎⁎

(0.406) (0.015) (0.019) (0.035) (0.058) (0.015) (0.019) (0.035) (0.058)
Client dropped out −0.100⁎⁎⁎ −0.196⁎⁎⁎ −0.101⁎⁎⁎ −0.199⁎⁎⁎

(0.019) (0.054) (0.019) (0.054)
Formal criteria:
Established firm −0.301* −0.313 −0.083⁎⁎ −0.077⁎⁎ −0.259⁎⁎ −0.250⁎⁎ −0.083⁎⁎ −0.078⁎⁎ −0.259⁎⁎ −0.251⁎⁎

(0.136) (0.189) (0.026) (0.025) (0.079) (0.077) (0.026) (0.025) (0.079) (0.077)
Gross revenue (ln) 0.164⁎⁎⁎ 0.152⁎⁎⁎ 0.047⁎⁎⁎ 0.042⁎⁎⁎ 0.138⁎⁎⁎ 0.129⁎⁎⁎ 0.047⁎⁎⁎ 0.042⁎⁎⁎ 0.138⁎⁎⁎ 0.129⁎⁎⁎

(0.024) (0.030) (0.004) (0.004) (0.013) (0.013) (0.004) (0.004) (0.013) (0.013)
Industry: manufacturing 0.807⁎⁎⁎ 0.460 0.157⁎⁎⁎ 0.134⁎⁎⁎ 0.475⁎⁎⁎ 0.436⁎⁎⁎ 0.158⁎⁎⁎ 0.135⁎⁎⁎ 0.476⁎⁎⁎ 0.437⁎⁎⁎

(0.211) (0.296) (0.039) (0.038) (0.119) (0.115) (0.039) (0.038) (0.119) (0.115)
Referred firm 0.100 0.240 0.044 0.044 0.174* 0.174* 0.044 0.045 0.175* 0.175*

(0.135) (0.183) (0.026) (0.025) (0.078) (0.076) (0.026) (0.025) (0.078) (0.076)
Innovative firm 0.299* −0.060 0.037 0.032 0.050 0.043 0.036 0.031 0.049 0.042

(0.122) (0.167) (0.023) (0.022) (0.071) (0.068) (0.023) (0.022) (0.071) (0.068)
Self-motivation to join −0.138 0.185 0.001 0.005 −0.036 −0.028 0.001 0.005 −0.036 −0.028

(0.135) (0.208) (0.027) (0.026) (0.082) (0.079) (0.027) (0.026) (0.082) (0.079)
Advising area: sales incr. 0.527⁎⁎ 0.097 0.089⁎⁎ 0.076* 0.414⁎⁎⁎ 0.391⁎⁎⁎ 0.087⁎⁎ 0.074* 0.411⁎⁎⁎ 0.389⁎⁎⁎

(0.179) (0.220) (0.033) (0.031) (0.099) (0.096) (0.033) (0.031) (0.099) (0.096)
Advising area: capital 0.177 0.222 0.051 0.045 0.054 0.046 0.050 0.045 0.053 0.045

(0.181) (0.245) (0.035) (0.033) (0.105) (0.101) (0.035) (0.033) (0.105) (0.101)
Advising area: start-up −0.123 0.425 0.012 0.017 −0.034 −0.025 0.009 0.014 −0.037 −0.029

(0.143) (0.220) (0.029) (0.027) (0.087) (0.084) (0.029) (0.027) (0.087) (0.084)
Female owned firm 0.165 0.362* 0.082⁎⁎⁎ 0.075⁎⁎ 0.162* 0.147* 0.082⁎⁎⁎ 0.075⁎⁎ 0.161* 0.146*

(0.125) (0.172) (0.024) (0.023) (0.073) (0.071) (0.024) (0.023) (0.073) (0.071)
Firm in Santa Barbara 0.066 0.029 −0.003 0.002 −0.155* −0.143 −0.006 −0.0003 −0.157* −0.146

(0.134) (0.194) (0.025) (0.024) (0.077) (0.074) (0.025) (0.024) (0.077) (0.074)
Industry: type 2 0.297* 0.494* 0.065* 0.067* 0.113 0.123 0.063* 0.066* 0.111 0.121

(0.152) (0.250) (0.030) (0.029) (0.091) (0.088) (0.030) (0.029) (0.091) (0.088)
Industry: type 3 0.231 0.530 0.088* 0.081* 0.146 0.132 0.087* 0.080* 0.144 0.130

(0.179) (0.278) (0.035) (0.034) (0.107) (0.104) (0.035) (0.034) (0.107) (0.104)
Adv. has MBA or Ph.D. −0.876⁎⁎⁎ 0.104 −0.126⁎⁎⁎ −0.119⁎⁎⁎ −0.181⁎⁎ −0.178⁎⁎ −0.124⁎⁎⁎ −0.117⁎⁎⁎ −0.178⁎⁎ −0.175⁎⁎

(0.113) (0.171) (0.022) (0.021) (0.067) (0.065) (0.022) (0.021) (0.067) (0.065)
Adv. # of prior bus. 0.022 −0.314⁎⁎ −0.029* −0.035⁎⁎ −0.073 −0.086* −0.030* −0.036⁎⁎ −0.074 −0.088*
startups (0.074) (0.096) (0.014) (0.013) (0.042) (0.041) (0.014) (0.013) (0.042) (0.041)
Positive gut feel 15.898* 10.711 3.613⁎⁎ 3.296⁎⁎ 6.993 6.455 3.573⁎⁎ 3.265⁎⁎ 6.932 6.406

(6.656) (8.583) (1.236) (1.184) (3.737) (3.610) (1.234) (1.184) (3.737) (3.611)
Negative gut feel 11.478* −5.215 0.671 0.936 3.325 4.170 0.696 0.956 3.359 4.196

(5.837) (8.460) (1.120) (1.073) (3.388) (3.274) (1.119) (1.073) (3.388) (3.275)
Collaborative learning 0.728⁎⁎⁎ 0.144 0.130⁎⁎⁎ 0.112⁎⁎⁎ 0.319⁎⁎⁎ 0.288⁎⁎⁎ 0.151⁎⁎⁎ 0.131⁎⁎⁎ 0.347⁎⁎⁎ 0.315⁎⁎⁎

(0.112) (0.168) (0.022) (0.021) (0.067) (0.065) (0.023) (0.022) (0.069) (0.067)
Bridging activity −0.232 −0.121 −0.041 −0.041 0.072 0.070 0.012 0.007 0.144 0.138

(0.132) (0.203) (0.026) (0.025) (0.079) (0.076) (0.031) (0.030) (0.089) (0.087)
Collab. learning X −0.092⁎⁎ −0.082⁎⁎ −0.124 −0.116
bridging (0.029) (0.029) (0.071) (0.072)
Instrument: driving −0.572* −0.625
distance (> 2 h) (0.285) (0.554)
Constant −0.317 −5.901⁎⁎⁎ 0.226⁎⁎⁎ 0.176⁎⁎⁎ 0.424⁎⁎ 0.346⁎⁎ 0.221⁎⁎⁎ 0.172⁎⁎⁎ 0.415⁎⁎ 0.339*

(0.228) (0.511) (0.045) (0.044) (0.137) (0.132) (0.045) (0.044) (0.137) (0.132)
Log Likelihood −965 −1270 −1217 −2999 −2946 −1265 −1213 −2998 −2945
Rhô .956⁎⁎⁎ .949⁎⁎⁎ .990⁎⁎⁎ .989⁎⁎⁎ .956⁎⁎⁎ .950⁎⁎⁎ .990⁎⁎⁎ .989⁎⁎⁎

(0.003) (0.004) (0.001) (0.001) (0.003) (0.004) (0.001) (0.001)

Notes: *: p < 0.05; **: p < 0.01; ***: p < 0.001; Two-tailed test; For all the models, the treatment is being activated for receiving advice; the first step equation
includes the distance to SBDC as an instrumental variable to predict the selection. Since advising effort and client dropped out variables are correlated, we included
them in different models. Standard errors in parentheses.
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willingness to collaborate with their advisors, a feature that is difficult
to assess only with selection. The client's learning behavior and sub-
sequent solution proposed by the advisor during the meeting are strong
and consistent predictors of the client remaining in the program.19

Thus, advisors play a central role in evaluating and then sustaining the
treatment efforts with their clients.20

Taken together with the GPS findings, these results show that if
entrepreneurship support programs have a strong incentive to allocate
resources to the most promising ventures, relying solely on observable
characteristics (including innovativeness) may not be sufficient for
achieving growth. Simply relying on a “picking winners” strategy (or
any selection criteria) does not ensure that participants will achieve
growth resulting from their treatment. Instead, the potential success of
the treatment depends on whether the client can collaborate with their
advisors to problem solve innovative solutions and eventually gain the
knowledge to achieve their growth objectives.

We also controlled for the effect of bridging advice on reaching a
milestone. When advisors connect their clients to other support provi-
ders, the clients gain access to needed resources, financiers, and experts
who can help their ventures grow (Amezcua et al., 2013; Kim and
Longest, 2014; Storey, 1994). As an alternative explanation of the
mechanism driving growth in the counseling activity, however, brid-
ging is not significant in any of the models (Table 8). The lack of a
relationship indicates that providing referral advice is not enough for
participants to achieve their growth outcomes and a deeper advising
relationship is required. Another explanation might be that en-
trepreneurs have many other ways to reach relevant contacts in
southern California, and the added value of this activity compared to
collaborative learning is not as valuable. Additionally, we also con-
trolled for the moderating effect of bridging on collaborative learning
(Models 7 to 10). Bridging advice negatively moderates the relationship
between the collaborative learning and reaching a milestone (but not
for reaching multiple milestones). One interpretation of this result is
that collaborative learning clients are less likely to benefit from the
treatment if they are referred out to different resources, since they
prefer more in-depth consultations with their advisors.

5.3. Difference-in-difference exact matching

Our GPS analysis potentially suffers from a second type of issue
related to other unobserved (omitted) factors that might affect the as-
signment to treatment. Unobserved differences might explain the
treatment and the outcome and hence violate the CIA assumption.
These unobserved differences could be time-varying or time-invariant
and related to other factors associated with applying to SBDC. To solve
for this issue, we conducted a third estimation procedure that compares
the SBDC applicants with firms in the southern California region using
the YTS data. Given its longitudinal feature, the YTS dataset allows us
to include a pre-treatment growth variable in our model, an important
factor in support program analyses (Caliendo et al., 2017), and to use a
difference-in-difference estimator, which cancels out time-invariant
omitted variables (Angrist and Pischke, 2008).21 Given its large size,
the YTS also enables us to use an exact matching procedure that sig-
nificantly enhances the quality of the balancing of differences
(Iacus et al., 2012). Also, relying on a different dataset with a different

measurement of time, growth milestones, and innovativeness has the
advantage to address potential concerns about measurement bias
(Shadish et al., 2002).

In this third analysis, we account for the firms’ growth trajectories
two years prior to joining SBDC, as well as observable characteristics of
the firms, such as age, size, industry, and location. We show that treated
ventures (10 and 15 h of treatment) show a significant difference in
growth to similar firms in the region that did not apply to the SBDC.
However, innovative firms still perform similarly than non-innovative
ones, confirming our prior GPS results. To conserve space, we report
complete details about our empirical choices and results for this addi-
tional analysis in Appendix 1.

5.4. Results summary

We conducted three sets of analyses addressing distinctive biases
from unobserved factors and using different measures of growth from
difference samples and for different years. Regardless of the technique
and model, we observed that treatment had a positive and significant
relationship to achieving growth if the treatment occurred with suffi-
cient quantity (net of selection biases generated from prioritizing
formal criteria and from self-selection). In fact, we showed that the
effect of treatment on growth is (1) curvilinear and (2) time-lagged,
which we infer as evidence for a learning curve mechanism
(Musaji et al., 2020; Toft-Kehler et al., 2014). At the same time, while
we show that the formal selection criteria may have an impact on
performance (especially venture age and size), innovative ventures
achieve growth similar to other ventures as a result of the same amount
of treatment. Our counterfactual analysis showed that most innovative
ventures are excluded from treatment after the first milestone; since
growth is more likely when sufficient treatment is provided, we con-
clude that innovative ventures need to be prioritized in the original
scoring model to ensure they receive enough advising hours to be able
to achieve their growth milestones. Our Heckman analysis revealed that
clients who engage collaboratively with their advisors are more likely
to receive longer treatment and achieve more milestones. Since colla-
borative learners cannot be assessed prior to the treatment commen-
cing, it indicates that relying on formal selection criteria alone is not
enough to ensure growth when allocating support initially.

6. Discussion

In our study, we tackled the question of whether innovative ven-
tures achieve more growth by having received business advice in a
publicly sponsored entrepreneurship support program. To answer this
question, we analyzed over 1,700 businesses that sought advice from
the Small Business Development Center of Ventura and Santa Barbara
Counties in Southern California. By employing a series of analytical
procedures, we determined that for innovative ventures to achieve
more growth milestones, they need sufficient advising support. This
depends first on having the formal criteria used to allocate support;
thus, innovativeness must be included as a formal criterion to ensure
these ventures receive sufficient support. However, we also concluded
that once granted support, ventures that openly socialized their growth
objectives with their advisors were best positioned to learn from them
and translate their advice into achieving more growth milestones than
other ventures. In this section, we highlight how our study advances our
understanding of how entrepreneurship-support programs can promote
the growth of innovative ventures.

6.1. Formalizing innovativeness as a selection criterion – getting in formally

Our empirical analyses consistently revealed that innovative ven-
tures were likely to achieve growth but in ways similar to other ven-
tures. This outcome is surprising given the high expectations for in-
novative ventures: to grow more than others, produce new jobs, inject

19 Of all clients who receive more than five hours of treatment, 58% engage in
collaborative learning with their advisors, compared to 38% who opt for ready-
made solutions.
20 We checked whether innovativeness and the four formal selection criteria

strengthen this collaborative learning effect. We did not find any significant
finding regarding these interactions. In our results, the picking winners ap-
proach is independent from collaborative learning, which confirms that both
approaches are needed for program effectiveness.
21 In Appendix 4, we report a sensitivity analysis that addresses time-varying

omitted variables (Rosenbaum, 2002).
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new knowledge and technologies into the local ecosystems, and provide
an outsized stimulus into their economies (Audrestch, 1995; Coad and
Rao, 2008; Colombelli et al., 2013). This is especially relevant for re-
gions that wish to turnaround the loss of innovative firms and jobs
(Atkinson et al., 2019). Since the SBDC study context did not specifi-
cally focus on innovative ventures, one conclusion we draw from our
analysis is that the way in which programs prioritize certain types of
participants matters for how they allocate support. Our findings show
that innovative ventures are not guaranteed to grow more than other
ventures, unless support is targeted directly for them. This provides one
explanation for why past research has not shown more consistent
findings regarding the positive impact of program support for in-
novative ventures. If additional support is explicitly targeted at in-
novative ventures, they have more opportunities to receive in-depth
advice, learn from experts, and translate this into productive growth
outcomes.

While this insight seems straightforward, we underscore the im-
portance of these priorities and the ways they are codified through
policies and subsequently implemented through programs. Our findings
reinforce the role that organizations such as the SBDC, and their per-
sonnel, play in shaping these policies (Dobbin, 2009). Given limited
resources, these organizations depend on formal criteria to evaluate and
accept program participants. Our research highlights that support or-
ganizations can play a role in offering preferential treatment to certain
participants, such as innovative ventures, which represent a regional or
national priority, and grant additional resources to promote their
growth. This is in line with other research on organizational sponsor-
ship or institutional intermediaries that play a similar role within re-
gional ecosystems (e.g. Amezcua et al., 2013; Armanios et al., 2017;
Cohen et al., 2019). To take it one step further, if policymakers wish to
target specific sectors, we argue it is necessary for these sectors to be
explicitly included in any formal criteria used to allocate support, to
ensure these participants are actively recruited, matched with qualified
advisors, and allowed sufficient time to learn from them and translate
their knowledge into growth. According to the organization and social
evaluation literature, formal criteria are legitimizing devices that shape
the distribution of attention and rewards in organizations
(Lamont, 2009; Rivera and Tilcsik, 2019). Once formalized, these cri-
teria become objective standards by which to evaluate and select ven-
tures to treat (Kim et al., 2019). They also safeguard programs against
selecting solely on idiosyncratic preferences driven by program ad-
ministrator experiences and backgrounds.

6.2. Treating the learners – getting through collaboratively

Given the importance of formal criteria in allocating resources, one
would expect that a carefully designed allocation process would ensure
growth among program participants in a productive manner. However,
our findings show that formal criteria simply based on “picking win-
ners” are not enough to guarantee this outcome. Once support has been
allocated to participants, achieving growth requires a collaborative
learning approach between client and advisor. While it is important to
carefully design policies for allocating resources, formal criteria should
not be the only levers policymakers use to support innovative ventures.
It is also critical to design programs that encourage meaningful client-
advisor interactions to enable socialized learning and generate in-
novative solutions.

Given our focus on advice and counseling efforts, we align with
research that depicts entrepreneurship as a collective process depen-
dent on multiple stakeholders (Aldrich and Kim, 2007). Advice can
come from a variety of sources (Ruef, 2010), but most entrepreneurs
depend on family, friends, or peers for informal advice and support
(Kim et al., 2013; Kim and Longest, 2014; Chatterji et al., 2019). Re-
lying on others for advice doesn't guarantee that all entrepreneurs can
convert this advice into actual, internalized learning that yields de-
monstrable growth. Rather than a task-oriented approach that looks for

a single answer, we argue that clients who enter the advising re-
lationship with a learning mindset are more likely to achieve growth
milestones.

An important challenge for policymakers is how best to design
programs that enroll participants who are willing to engage in high-
quality interactions with their advisors. Although research points to
innovative ventures having a greater willingness to learn because of
their knowledge-based foundations (Colombelli et al., 2016), they still
have considerable heterogeneity among them (Mustar et al., 2006).
They operate in different sectors and start with different origins, and
consequently differ substantially in how they learn (Colombelli et al.,
2014; Colombo et al., 2015; Greve, 2007). Some innovative ventures
might be more open to seizing learning opportunities, whereas others
might be constrained by the intense efforts innovation might require
and be less attentive to external support. It is notoriously difficult to
evaluate ex ante the actual learning preferences of high-potential ven-
tures (Huang and Pearce, 2015; Nightingale and Coad, 2014). This re-
presents a puzzle for policymakers and entrepreneurship-support pro-
gram designers: while innovative ventures need to be formally
prioritized in order to receive support, it is also not guaranteed these
same ventures will translate their advising into actual growth. Our
analysis revealed considerable misallocation of advising effort that
would be more productively used if the true willingness of participants
to commit and learn collaboratively could be discerned prior to treat-
ment. To minimize this loss, programs are increasingly reliant on their
advisors to quickly assess which clients are willing learners who intend
to work closely with them to tackle their growth problems. Our work
establishes this two-step evaluation, both conceptually and empirically,
and provides a more holistic perspective on entrepreneurship-support
program evaluation that has historically overlooked this separation
between selecting the right ventures (and commit Type I errors) and
selecting those who will most effectively apply their learnings (and
commit Type II errors). More generally, this selection-and-treatment
puzzle and corresponding solution applies to other program admissions
situations whenever limited opportunities or resources must be dis-
tributed to a pool of deserving applicants and the selected applicants
receive treatment aimed at their growth. While the initial selection
criteria may seem to be an efficient method for allocating support,
programs still need to rely on the actual treatment providers to in-
formally determine which participants are best suited to convert the
treatment into tangible outcomes. Since “doing more with less” is a
constant challenge for public policymakers, our findings can apply
beyond efforts just for innovative ventures.

6.3. Avenues for future research

Although we conducted our study as comprehensively as possible,
there are some limitations. Our study depends on selection and treat-
ment mechanisms for one program (SBDC), location (Southern
California), and treatment type (advising hours). While our primary
goal has been to establish internal validity for the treatment mechan-
isms by adequately accounting for various selection biases, future re-
search can replicate our study design in other contexts and treatment
types to determine if similar treatment effects and mechanisms exist.
Although matching methods are the most robust methods today to as-
sess a causal link when selection is done on observable factors, we
acknowledge that the compared ventures are never identical nor fully
representative of the overall population. Although we tried to match
ventures on a wide range of venture-, entrepreneur- and behavioral-
characteristics, minor differences may appear in some models.
However, we believe the consistency of results along the different es-
timations procedures, and with different data sources in the articles and
in the Appendix, are in favor of the robustness of our results. Future
research can replicate our study design in other contexts to determine if
similar treatment effects and mechanisms exist. For our outcome, we
measured growth based on milestone achievements. Although we
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argued that this measure is appropriate for our setting given the het-
erogeneity of expectations and growth paths of the ventures in the
SBDC program, we realize that policymakers are also interested in other
outcomes for innovative ventures. Future research can also examine
advising effectiveness in terms of actual growth rates in sales or em-
ployees or economic impact generated to their local economies. Finally,
our analysis focused solely on how advising time led to growth via
learning as a primary treatment mechanism. Future research can probe
more deeply into alternative treatment mechanisms, especially in terms
of the content and nature of the client-advisor interactions, and also
into different kinds of treatment designs and their combination.

7. Conclusion

Policymakers play a vital role in allocating resources to promote
innovative entrepreneurship as a means of spurring economic growth in
their regions. Our study demonstrated that entrepreneurship-support
programs can be most effective when the formal selection criteria are
aligned with a particular objective (such as boosting innovative ven-
tures) and even “winning” ventures themselves are also willing to col-
laboratively learn with their advisors concerning their growth objec-
tives. Since resources are always limited and using public resources
requires careful stewardship, policymakers will always face tradeoffs
for how to pick the right winners who will generate growth. Our ana-
lytical approach offers new insights that addresses empirical short-
comings in past research and informs policymakers about how best to
design entrepreneurial-support programs for innovative ventures.
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