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Abstract
Research Summary: Accelerator programs provide

valuable market feedback and education to participants

that may improve startup performance. However, it is

unclear whether the average effect of accelerator partic-

ipation on startup performance post acceleration is pos-

itive, and if so, how this effect varies with accelerator

program design. We analyze data from 8580 startups

that made it past the initial selection stage at 408 accel-

erators in 176 countries between 2013 and 2019. We

compare accelerated and non-accelerated startups and

find a positive average effect of accelerator participa-

tion on startup performance post acceleration. More-

over, we find that this effect varies substantially with

program design, and depends on venture stage, indus-

try, and founder expertise. Our findings highlight the

impact of program design on the benefits that startups

derive from accelerator participation.
Managerial Summary: The purpose of this study is to

determine whether participation in startup accelerator

programs generally leads to improved startup perfor-

mance post acceleration and how the benefits of partic-

ipation might vary with the design of these programs.

We analyze data from 8580 startups that applied to and
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passed the initial selection phase at 408 accelerators in

176 countries over multiple cohorts between 2013 and

2019. Our results indicate that on average, startups that

participate in accelerators perform better than those

that are also selected but not accelerated. Furthermore,

we find that the benefits that startups gain from being

accelerated vary with the design of the program. Our

findings highlight the importance of accelerator pro-

gram design in influencing the extent of improvement

in startup performance post acceleration.
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accelerators, cohort composition, firm performance, program
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1 | INTRODUCTION

Startup accelerators have rapidly become integral parts of global entrepreneurial ecosystems.
There are an estimated 160 accelerators in the United States and more than 2000 globally
(Cohen et al., 2019). These limited-duration, cohort-based programs provide a variety of
resources for venture development, including seed capital, coworking space, and feedback from
mentors, program directors, peers, and qualified investors (Cohen et al., 2019; Cohen &
Hochberg, 2014; Winston Smith et al., 2016), helping founders define and build their initial
products, learn from peers, identify promising customer segments, and secure resources to grow
and scale (Cohen, 2013; Winston Smith et al., 2016).

Given their prevalence and role in developing new ventures, accelerators have attracted sub-
stantial scholarly interest evaluating their effects on startup development. Much of the research
on this topic has focused on the original—and leading—US accelerators, including
Y-Combinator, TechStars, and MassChallenge (e.g., Fehder, 2015; Hallen et al., 2020; Winston
Smith & Hannigan, 2015). A small number of studies have also begun to examine international
programs, such as Start-Up Chile, based in Santiago, Chile (Gonzalez-Uribe &
Leatherbee, 2017), and Startup Nation, based in Tel Aviv, Israel (Avnimelech et al., 2021).
While several studies have found a positive effect of accelerator participation on early-stage ven-
ture performance (e.g., Fehder, 2015; Hallen et al., 2020; Winston Smith & Hannigan, 2015),
some studies have found muted and even negative effects (e.g., Gonzalez-Uribe &
Leatherbee, 2017; Yu, 2019). These varying estimates underscore inherent heterogeneity in the
effects of being accelerated, and raise two important research questions: Is the average effect of
accelerator participation on startup performance post acceleration positive, and if so, how does this
effect vary with program design?

These questions are important to answer for several reasons. First, understanding whether
the effect of accelerator participation is positive, on average, across a large sample of programs
and countries may be helpful in determining whether startup accelerators deliver benefits for
startups beyond the leading—and original—accelerator programs, such as Y-Combinator, and
beyond well-developed startup ecosystems, such as Silicon Valley. Second, accelerators are

2 ASSENOVA and AMIT



heterogeneous in their practices, activities, policies, and structures (Cohen et al., 2018; Cohen
et al., 2019)—the basic building blocks of organizational design (Rivkin & Siggelkow, 2003;
Siggelkow, 2001). Various design choices, such as how to select cohorts of participants, whether
to focus on a single industry or multiple industries, and what type of programming to offer
(Cohen et al., 2019)—may all affect the benefits founders and startups derive from accelerators.
As well, because ventures differ in stage of development, industry, and founder expertise, a one-
size-fits-all design may not be beneficial for all participants.

In this study, we advance the literature on startup accelerators by first evaluating whether
accelerator participation is associated with improved startup performance, on average; second,
we examine which program design elements are associated with the largest performance bene-
fits and for which startups and founders; and finally, we assess how these benefits may vary
with startups' stage of development, industry, and founder pre-entry experience. To evaluate
the average effects of accelerator participation, we implement Hallen et al.'s (2020) inverse
probability of treatment weights (IPTW) methodology. This methodology enables us to compare
ventures that applied to and made it past the initial screening process at accelerators to evaluate
whether those that were ultimately accelerated performed better post acceleration than those
that were not and assess how these effects vary with accelerator program design and venture
and founder characteristics.

We use data from the Entrepreneurship Development Program, supported by the Global
Accelerator Learning Initiative, comprising a global sample of 23,364 accelerator applicants—of
which 8580 made it past the initial screening stage and 4020 were ultimately accelerated across
335 cohorts—in 408 accelerator programs and 176 countries between 2013 and 2019. All pro-
grams in our sample fit the definition of an accelerator proposed by Cohen and Hochberg
(2014), comprising (i) a cohort intake of ventures, (ii) a time-bound program, and (iii) a pro-
gram duration of between 1 and 12 months. Our sample comprises a diverse set of accelerator
programs, with varying durations, programming elements, and locations.1

On average, we find that accelerator participation is associated with positive effects on
startup performance post acceleration, and that program design is a factor that explains sub-
stantial variation in the benefits of being accelerated across cohorts and programs. Conditional
on being selected into an accelerator, startups that participate in accelerators are more likely to
raise venture capital (VC), raise more VC, plan to raise more capital over the next 12 months,
generate more revenue, have more full-time employees, and pay higher wages to their
employees 1 year after being accelerated, compared to nonparticipants over the same period.
Moreover, the benefits that startups derive from accelerator participation are contingent on the
depth versus breadth of knowledge in their cohorts, the mix of knowledge-building program-
ming offered by the accelerator, and a venture's stage of development, industry, and founder
pre-entry experience. We find that programs that emphasize knowledge depth (over breadth)
within cohorts are associated with greater revenue scaling post acceleration, on average, while
programs that emphasize knowledge breadth (over depth) are associated with greater startup
funding post acceleration, on average. Both types of design choices, however, are beneficial for
improving startup performance post acceleration. As well, programs with more knowledge-

1For instance, 25% of programs in our sample were less than 3 months in duration, 38% were between 3 and 6 months,
and 36% were longer than 6 months. As well, 30% of programs did not feature any formal pitching events, 40% did not
provide seed capital, and 41% did not utilize a structured curriculum. Our data also span a wide assortment of
programs, of which 27.6% were in North America (United States and Canada), 29.6% were in Latin America and the
Caribbean, 17.4% were in Sub-Saharan Africa, 9.7% were in South Asia, and 15.5% were in Europe, the Middle East and
North Africa.
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building programming—such as formal pitching events, industry-focused insights, and struc-
tured curricula—are associated with greater improvements in startup performance post acceler-
ation, on average; however, the optimal mix of programming depends on venture stage,
industry, and founder pre-entry experience. For instance, structured curricula are most benefi-
cial for first-time founders and those with less formal education, suggesting that educational
programming supplements for limitations in founders' pre-entry knowledge and experience.

Our study makes several contributions to the existing literature on startup accelerators
(e.g., Avnimelech et al., 2021; Cohen et al., 2018; Hallen et al., 2020; Winston Smith
et al., 2016) and to the literature on vicarious and mutual learning among startups
(e.g., Argote et al., 2020; March, 1991; McDonald & Eisenhardt, 2019; Posen & Chen, 2013).
First, in relation to the literature on startup accelerators, we build upon Hallen et al. (2020)
and Winston Smith and Hannigan's (2015) findings by showing the generalizability of the
benefits of acceleration participation on startup performance post acceleration across a large
and diverse sample of accelerator programs. We also extend these results to explain heteroge-
neity in the effects of accelerator participation across cohort and programs (e.g., Gonzalez-
Uribe & Leatherbee, 2017; Yu, 2019) by showing how these effects vary with program design
elements and with venture and founder characteristics. Second, our work complements and
contributes to research on vicarious and mutual learning among startups (Cao &
Posen, 2023; Piezunka et al., 2021; Posen & Chen, 2013) and research on knowledge spill-
overs in entrepreneurship (Agarwal et al., 2004; Agarwal et al., 2007; Agarwal et al., 2010)
by showing that accelerators' design choices in terms of the knowledge breadth and depth
within cohorts and knowledge-building programming explain variation in the impact of
accelerator participation on startup performance post acceleration. Our work also comple-
ments and builds upon prior research on the role of founders' pre-entry knowledge and expe-
rience in startup performance (Cao & Posen, 2023; Dencker et al., 2009) by showing that the
benefits of accelerator participation—and the impact of knowledge-building programming
within accelerators—are contingent upon founders' prior education and prior founding expe-
rience. Our work therefore suggests that improvements in startup performance post accelera-
tion derive from accelerators' role in building founders' knowledge and experience through
knowledge-building programming and knowledge depth and breadth within cohorts that fos-
ter mutual and vicarious learning among startups.

2 | THEORETICAL FRAMING

2.1 | Performance benefits of startup accelerator participation

Startup accelerators are limited-duration; cohort-based entrepreneurial programs that offer
founders resources to build entrepreneurial capabilities and expedite the pace of new venture
development (Cohen, 2013; Cohen & Hochberg, 2014; Winston Smith et al., 2016). Most accel-
erators seek to develop founders' knowledge and skills by providing a combination of educa-
tional programming (Gonzalez-Uribe et al., 2022; Gonzalez-Uribe & Leatherbee, 2017),
customized advice from industry experts or mentors (Cohen et al., 2018), and interactions with
a cohort of other founders participating in the accelerator (Avnimelech et al., 2021; McDonald &
Eisenhardt, 2019; Posen & Chen, 2013; Winston Smith et al., 2016). These unique features are
designed to build both know “how” and know “what” in a time-bound, intensive format that
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encourages participants to periodically transform feedback into deliverables, such as a prototype
or pitch deck (Hallen et al., 2020) that are designed to accelerate startup development.

The know “how” pertains to specific entrepreneurial skills, such as customer development,
prototyping, or pitching, while the know “what” involves understanding the payoffs, risks, and
alternatives associated with different entrepreneurial choices and activities as part of the new
venture development process (Hallen et al., 2020). As well, a distinctive and unique feature of
startup accelerators is their cohort intake of new ventures. This feature is designed to enable
interactions among peers (other founders and startups) within a cohort that enables partici-
pants to access distributed knowledge and engage in vicarious learning (Posen & Chen, 2013) to
overcome limited pre-entry knowledge and experience (Cao & Posen, 2023).

The above-cited research suggests that startup accelerators may be highly beneficial for
improving startup performance via these learning mechanisms by building founders' knowledge
through both specialized programing and peer interactions within cohorts. The implied mecha-
nisms are that participation in a startup accelerator develops founders' entrepreneurial knowl-
edge and capabilities through mentorship and vicarious learning, which may lead to improved
decision-making, better execution, and increased likelihood of success for ventures that partici-
pate in startup accelerators (e.g., Fehder, 2015; Hallen et al., 2020; Winston Smith &
Hannigan, 2015), highlighting potential performance benefits that accelerators may offer to
startups. Research on some of the original and leading US-based accelerators has uncovered
these learning mechanisms (Hallen et al., 2020; Winston Smith et al., 2016; Winston Smith &
Hannigan, 2015); however, these learning mechanisms may not generalize to other programs or
show an overall positive effect of accelerator participation on post acceleration venture perfor-
mance (Cohen et al., 2019; Gonzalez-Uribe & Leatherbee, 2017; Yu, 2019). Extending the prior
findings, we therefore offer the following baseline hypothesis:

Baseline Hypothesis (H0). Startups that participate in accelerators perform better
post acceleration on average, ceteris paribus, than startups that are also selected, but
do not participate.

2.2 | Design elements of startup accelerators

Startup accelerators exhibit considerable diversity in their practices, activities, policies, and
structures (Cohen et al., 2018; Cohen et al., 2019)—Differences that represent fundamental
aspects of the organizational design of these programs (Rivkin & Siggelkow, 2003;
Siggelkow, 2001). Despite potential variations globally, Cohen et al. (2019) demonstrate that
even within the United States, there is notable heterogeneity in accelerator program designs in
terms of cohort size and composition, types of funding offered, program duration, and
curricula—Design elements that may influence the benefits startups gain from accelerator par-
ticipation. Differences in these design elements may account for the heterogeneity in effects
uncovered by prior studies (e.g., Fehder, 2015; Hallen et al., 2020; Winston Smith &
Hannigan, 2015).

While multiple elements may develop founders' knowledge and capabilities and thereby
contribute to post acceleration startup performance, two are essential: knowledge-building peer
interactions and knowledge-building programming. First, peer interactions involve engaging
with other founders and startups undergoing the acceleration process at the same time. Design
choices that affect this aspect may include whether to emphasize the knowledge depth of peers
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by focusing on a single industry (industry-specific), or whether to compose cohorts of a diverse
set of ventures, drawn from different industries (industry-agnostic). This design choice of startup
accelerators may affect the benefits that participants derive from a program by affecting mutual
and vicarious learning among peers (Posen & Chen, 2013). For instance, access to deep knowl-
edge from peers in the same industry may hold different benefits for startup development than
access to broad knowledge from peers drawn from different industries. Second, an accelerator's
design choices about its knowledge-building programming can affect the specific experience
founders undergo during their time in an accelerator (Cohen, 2013). These choices, for example,
may include whether to provide funding and what kind of funding, whether to host formal
pitching events, and how much structured education to provide. These design choices may con-
tribute to the overall value that entrepreneurs derive from accelerator participation and affect
post acceleration startup performance. Both knowledge-building peer interactions (Avnimelech
et al., 2021; Chatterji et al., 2019; Posen & Chen, 2013; Winston Smith et al., 2016), as well as
knowledge-building programming (Assenova, 2020; Cohen et al., 2018; Hallen et al., 2020;
Mejia & Gopal, 2015) may therefore explain variation in startup performance post acceleration.
Below we discuss each of these aspects of accelerator design and how these design choices may
explain differences in the benefits of accelerator participation for founders and startups across
cohorts and programs.

2.2.1 | Knowledge-building peer interactions

A primary design choice of accelerator programs concerns decisions about cohort composition:
the structure, size, and diversity of peers. Peer interactions play a pivotal role in building foun-
ders' knowledge (Agarwal et al., 2004, 2010; Agarwal et al., 2007). Founders exchange best prac-
tices, share experiences, and act as idea sounding boards, enhancing the real-time knowledge
pool, and contributing to vicarious learning (Cao & Posen, 2023; Chen et al., 2018; Posen &
Chen, 2013). Cohorts grant participants access to a reservoir of knowledge from other founders
(Avnimelech et al., 2021; Winston Smith et al., 2016), enabling participants to assimilate and
employ new insights to enhance venture development (Cohen & Levinthal, 1990).

However, the depth and breadth of knowledge within a cohort often hinge on an
accelerator's design choices and overall strategy for selecting and developing startups, whether
industry-specific or industry-agnostic. Accelerators that lean toward greater depth over breadth
of knowledge in their cohort selection often arise from an industry-specific strategy, which tar-
gets specific sectors. This depth enables founders to gain deep knowledge from vicarious learn-
ing and thereby exploit existing opportunities within those sectors (Benner & Tushman, 2003;
He & Wong, 2004; March, 1991), leading to swift revenue growth. For example, Baita, a
Brazilian accelerator focusing on early-stage tech ventures in hardware and the hard sciences,
adopts this approach. This industry-focused approach offers advantages for speeding up new
venture development in these sectors and leads to faster attainment of product-market fit. For
example, in an industry-focused program, a health-tech product startup could benefit
immensely from interactions with peers well-versed in healthcare policy, gaining insights into
industry trends and opportunities. This “know what” can enable more effective exploitation of
existing opportunities, potentially accelerating revenue growth.

On the other hand, accelerators adopting an industry-agnostic strategy typically have a
breadth-oriented approach to cohort selection. This breadth-oriented approach encourages
founders to explore new opportunities (Lavie et al., 2010; March, 1991), facilitating innovation
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through the recombination of ideas. While this strategy might lead to slower immediate reve-
nue growth for participating ventures, it holds the promise of greater long-term potential. The
diverse expertise of peers within industry-agnostic programs may broaden startups' horizons
and enable them to recombine and import knowledge from other sectors. For instance, a
startup facing challenges in supply chain management may gain insight from the experience of
a peer who has navigated similar issues in a different industry. Peer suggestions might also
bring novel marketing strategies or product features into consideration, increasing long-term
value creation. Notably, startups within such cohorts often attract more capital because of the
novelty of their ideas. Then, 50K Accelerator in Hyderabad, India, and The Hive Accelerator in
Tel Aviv, Israel, are examples of accelerators that adopt this industry-agnostic strategy. Their
focus is on imparting best practices across varied startups, emphasizing innovative and unique
ideas that have potential to attract VC.

While founders may universally benefit from mutual and vicarious learning (Agarwal
et al., 2010;Posen & Chen, 2013; Winston Smith et al., 2016), the strategic orientation of the
accelerator—whether emphasizing knowledge depth or breadth—may deliver varied advan-
tages to its participants from peer interactions in a cohort. Thus, we propose the following
hypothesis:

Hypothesis 1 (H1). Conditional on being accelerated, startups derive greater bene-
fits on average, ceteris paribus, for revenue scaling from programs that emphasize
cohort knowledge depth (over breadth), but greater benefits for funding from pro-
grams emphasizing cohort knowledge breadth (over depth).

2.2.2 | Knowledge-building programming

In addition to facilitating vicarious learning from peers in a cohort, accelerators also aim to
build founders' knowledge and capabilities through intensive knowledge-building program-
ming. This includes but is not limited to feedback from industry specialists and customers,
pitching opportunities, and structured educational programming. These elements may comple-
ment or substitute for founders' pre-entry knowledge and experience (Cao & Posen, 2023) and
supplement the knowledge acquired through vicarious learning from peers in a cohort
(Posen & Chen, 2013; Winston Smith et al., 2016) to aid startup development. By combining dif-
ferent programming elements, accelerators can give participants a more comprehensive under-
standing of the market potential of their ideas, facilitating new venture development.

Each knowledge-building element in an accelerator's programming plays a specific role in
building founders' knowledge and shaping the trajectory of startups. Pitching events stand as a
cornerstone in the learning process for founders, guiding them to polish their deliverables,
whether a prototype or a pitch deck. Accelerator-sponsored events such as pitch nights, demo
days, and boot camps are more than just opportunities for presenting ideas; they act as plat-
forms for founders to obtain invaluable, real-time feedback from industry experts, customers,
and prospective employees. As founders progress through the acceleration process, these events
allow for the integration of mentor feedback, enabling them to refine their products and strate-
gies (Cohen et al., 2018; Hallen et al., 2020; Winston Smith & Hannigan, 2015). In essence,
pitching events are dynamic feedback loops that enable founders to gather and integrate market
knowledge to improve their offerings and achieve product-market fit.
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Another important design element of startup accelerators is seed funding. Seed funding is
the lifeblood of many startups, especially in their nascent stages (Winston Smith et al., 2013).
While accelerators like Y-Combinator might offer substantial financial resources, others, such
as Google for Startups, emphasize mentorship and skill development. This variation in whether
accelerators offer seed funding for participating startups implies different resources available
for founders for experimentation and learning (Chen et al., 2022; Kerr et al., 2014;
Manso, 2016). Early-stage capital, irrespective of its form—grants or investments—empowers
startups to build and test prototypes and minimum viable products (MVPs), and transition from
the idea to the testing phases. From ideation and prototyping to achieving a product-market fit
and planning for initial scaling, funding is instrumental in materializing ideas into tangible
business operations.

Moreover, the educational programming that accelerators offer varies in both structure
and content yet remains a fundamental pillar in startup development (Cohen et al., 2018;
Cohen et al., 2019). While some accelerators like INhatcher in Guatemala embrace flexibility,
offering bespoke workshops and tailored advice, other programs like the Ampersand Acceler-
ator in Singapore take a more standardized approach to educational programming,
encompassing structured online learning modules, weekly workshops, and intensive boot
camps. The nature and depth of knowledge imparted—from product creation strategies to
sales techniques—are often tailored to the startup's phase and the founders' expertise.
Whether through a structured curriculum or a more flexible approach, educational compo-
nents provide startups with knowledge of foundational and advanced concepts, strategies,
and techniques vital for success.

Industry focus is another defining design element where there is considerable variation
across accelerators. The choice between an industry-specific or industry-agnostic programming
can greatly shape the depth and breadth of knowledge available to startups, not only from a
cohort perspective, but also from a program content perspective. An industry-specific accelera-
tor dives deep into the specifics of industries such as artificial intelligence or biotechnology,
equipping founders with specialized knowledge tailored to their sector. This specificity ensures
that startups garner insights and skills with direct relevance and applicability to their targeted
industry. By contrast, sector-agnostic programs may not deliver this specificity of knowledge
but focus on generalist knowledge and best practices for startup development.

Finally, program duration is more than just a temporal element of program design; it is
about the depth and extent of engagement with programming design elements. While longer
program duration requires a bigger investment of founders' time and attention, an extended
program provides startups with prolonged access to mentorship, educational resources, and
peer interactions. Longer program duration allows startups not only to form lasting bonds with
peers but also to assimilate and implement their learnings based on their own and their peers'
experience (Chen et al., 2018; Cohen & Levinthal, 1990; Herriott et al., 1985; Posen &
Chen, 2013), enabling startups to apply their learning to improve performance.

In sum, knowledge-building programming can provide a vibrant learning environment for
startups that potentially enhances their performance post acceleration (Cohen, 2013; Cohen
et al., 2018; Winston Smith & Hannigan, 2015). The blend of structured feedback mechanisms,
financial support, educational programming, industry-specific insights, and extended learning
opportunities ensures that startups are equipped to thrive after program completion. We, there-
fore, offer the following hypothesis about the role of knowledge-building programming within
accelerators:
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Hypothesis 2 (H2). Conditional on being accelerated, startups derive greater bene-
fits on average, ceteris paribus, from accelerator programs incorporating more
knowledge-building programming elements in their designs than those incorporat-
ing fewer such elements.

3 | DATA AND METHODS

3.1 | Data collection

The data for our study come from the Entrepreneurship Database Program, a collaborative data
collection effort between the Aspen Network of Development Entrepreneurs, a worldwide coalition
of organizations supporting entrepreneurship in emerging economies, and Emory University. To
compile the data, program staff used a multi-stage sampling process grounded in research on
startup accelerators. First, they conducted online searches of secondary sources to create a compre-
hensive list of accelerator programs worldwide that support early-stage startups. This search identi-
fied hundreds of organizations supporting early-stage startups in more than 176 countries. Second,
staff members carefully checked accelerators' websites to ensure that these programs met the inclu-
sion criteria for the sample, based on the definition of accelerators established in the academic liter-
ature (Cohen, 2013; Cohen & Hochberg, 2014). Accelerators are defined as limited-duration
programs that help cohorts of startups “define and build their initial products, identify promising
customer segments, and secure resources, including capital and employees” (Cohen, 2013, p. 19).
Accordingly, programs were included if they had a time-bound, limited duration program, typically
6–9 months, and a cohort intake of startups, selected through a rigorous process. This data collec-
tion process produced a diverse sample of accelerator programs, with varying program designs.

After identifying the list of programs, staff members sent survey questionnaires to program
directors and applicants to collect data about these applicants in terms of their characteristics
1 year before and at the time of applying, as well as information about the selection status of
these applicants—whether they were selected initially (i.e., they made it past the initial screen-
ing process at the accelerator), selected at the final stage of the process, showed up to partici-
pate, and completed the full program (i.e., whether they were accelerated). Program staff
followed up with both selected and rejected applicants over time to collect information about
these startups' performance and outcomes. This rich dataset enables us to evaluate whether the
effect of accelerator participation is positive for accelerated startups, and how the benefits of
accelerators for startups that participated vary with different program design elements.

3.2 | Methodology overview

We evaluate the benefits of accelerator participation among startups that apply to accelerator
programs by employing a comparative methodology based on two distinct groups. The first
group for comparison consists of all applicants that were selected in the initial round, some of
which ultimately were accelerated and some of which did not go through the acceleration pro-
cess. The focal group for testing our baseline hypothesis (H0) is startups that were selected and
participated. The counterfactual group is startups that were selected but were not accelerated.
This comparison forms the basis for testing the effect of accelerator participation on venture
outcomes within programs.
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The second group for comparison in our analyses is more granular and includes only
startups that participated in accelerator programs. That is, our analyses of how the benefits of
accelerator participation vary with program design features are conditional on program partici-
pation. The counterfactual group in these analyses are startups that participated in different
programs: those that emphasize depth over breadth in their cohorts (H1) and those that feature
different knowledge-building programming elements (H2). Our analysis delves into variation in
the benefits of accelerator participation for startups across programs with different designs.

Our analysis sample comprises 8580 startups that made it past the initial round of selection
from a larger pool of 23,364 applicants across 335 cohorts at 408 programs in 176 countries
between 2013 and 2019.2 Of these applicants, 4020 were accelerated.

To conduct our analysis, we utilize the methodological framework proposed by Hallen et al.
(2020). We begin by identifying a pool of accelerator applicants that passed the initial screening
process in their respective accelerator programs from the larger pool of applicants. These appli-
cants represent startups that were of sufficient quality to make it through accelerators' compre-
hensive quality-vetting process, which evaluates business model viability, potential for
scalability, and alignment with the strategic objectives of these accelerators.

After establishing our analysis sample, we engage in a comparative assessment of the
average effect of accelerator participation on startup performance post acceleration. We com-
pare the performance of startups that ultimately participated in these programs 1 year after
acceleration, to those that were initially screened in but did not participate, based on metrics
such as the ability to secure external funding, grow revenue, and scale employment. We then
focus on accelerated startups and evaluate how the effects of participation vary with program
design.

To ensure the robustness of our findings, we adopt an IPTW estimation approach for all
models (Azoulay et al., 2009; Elfenbein et al., 2010; Hallen et al., 2020; Hirano & Imbens, 2001),
aligning with the methodology proposed by Hallen et al. (2020). This statistical approach allows
us to account for varying probabilities of accelerator participation among initially screened
applicants. It weighs ventures in the sample that were accelerated as 1=p (where p is the esti-
mated probability of final selection and participation) and weighs the set of ventures that were
not accelerated as 1= 1−pð Þ. This approach adjusts the regression coefficients in our models by
the probability of treatment (accelerator participation), as a function of both venture and
founder-level attributes. In our analyses, these attributes include a venture's prior revenue,
number of founders, headcount of employees, age, industry sector, and country of operations,
and the founders' prior work experience, prior founding experience, prior fundraising experi-
ence, and education (master's, Ph.D., and advanced technical degrees).

3.3 | Measures

3.3.1 | Dependent variables

To provide a comprehensive evaluation of the effect of accelerator participation on venture out-
comes, we considered several dependent variables that reflect different aspects of venture per-
formance and scaling. We acknowledge that entrepreneurs have diverse goals, and some
performance metrics may be more relevant than others to specific ventures and founders.

2Table A1 (a) and (b) lists the countries and programs, respectively, included in our sample.
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Therefore, we used a triangulation approach measuring six different outcomes, spanning capital
raising, revenue scaling, and employment and wages paid.

We evaluated a startup's ability to raise external capital using a binary measure, raised VC
equity funding, which indicates whether a venture secured VC in the year following application
to the accelerator program. This measure aligns with prior research noting the importance of
raising external capital for venture growth and scaling (Davila et al., 2003; Lee et al., 2011;
Samila & Sorenson, 2011). We also measured the amount of VC equity funding raised in the year
following the accelerator program application, adjusted by taking the natural logarithm of the
funding amount (in thousands of US$). This measure accounts for the varying levels of funding
and enables a more accurate comparison of funding amounts across ventures (Hallen
et al., 2020). We also measured the planned VC equity raise over the next 12 months, which is
the amount of capital that the venture aimed to raise in subsequent fundraising efforts for the
year following the accelerator program application. This measure provides insights into
the fundraising aspirations of the startups (Hsu, 2004, 2007).

Next, we measured ventures' ability to scale revenue as the sales revenue of the startup
(in thousands of US$) for the year after the accelerator program application. This outcome is
indicative of growth in a venture's customer or user base and the achievement of product-
market fit. Further, we measured the number of full-time employees of the startup (other than
the cofounders) who worked for the venture for at least 40 h per week in the year following the
accelerator program application, adjusted by the natural logarithm of the headcount to correct
for skew. This measure reflects the venture's ability to scale its workforce (Hallen et al., 2020).
Finally, we measured the natural logarithm of the value of wages paid in salaries to employees
(in thousands of US$) in the year following the accelerator program application. This measure
provides insights into the startups' ability not only to scale employment but also to attract
highly skilled employees and talent (Sorenson et al., 2021).

3.3.2 | Accelerator participation

We measured the effect of accelerator participation as a dummy variable indicating whether a
venture participated in an accelerator. To control for differences in the applicant pool across
cohorts and programs, we included corresponding dummy variables for the applicant pool for
each cohort and program, which absorb time-invariant factors that may affect venture out-
comes apart from the variables we measure.

3.3.3 | Knowledge-building peer interactions

We included two measures capturing differences in cohort composition (Winston Smith
et al., 2016) that may affect participating ventures' access to knowledge for vicarious learning
from peers (Avnimelech et al., 2021; Dushnitsky & Sarkar, 2018; Posen & Chen, 2013). For both
measures, we defined a cohort as the ventures that applied to, were selected for, and partici-
pated in the same program during the same time.3 We measured the knowledge depth of peers

3Programs in our sample hosted in-person, on-location programming during the observation period. Due to data
limitations, our cohort analyses include programs of 6 months or more. We acknowledge this as a limitation to our
analyses.
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as a continuous index, mean centered at zero with a standard deviation of one, for each cohort
in our sample. This index was created using weights from factor analysis with orthogonal rota-
tion based on three primary variables measuring the depth of peer knowledge: the prior formal
education of other founders in the cohort, the years of industry work experience of other foun-
ders, and the fraction of other founders who had a Ph.D., master's, or other advanced technical
degree.4 Next, we measured the knowledge breadth of peers as a continuous index, mean cen-
tered at zero with a standard deviation of one, for each cohort in our sample. This index was
created using the same method as above with weights from factor analysis with orthogonal rota-
tion based on three primary variables measuring the breadth of peer knowledge: the heteroge-
neity of other founders' operating models in the cohort, the fraction of other founders with
international work experience, and the heterogeneity of other ventures' industry sectors.5 We
also controlled for any unobservable and time-invariant cohort-specific factors using cohort
dummy variables and included cohort size as a control variable in our analyses (Cohen, 2013;
Cohen et al., 2019).

3.3.4 | Knowledge-building programming

Accelerators vary considerably in their program design elements beyond their cohort size and
composition, including in external feedback opportunities (pitching events), funding opportuni-
ties, formal education, industry sector focus, and program duration (Cohen et al., 2018; Cohen
et al., 2019). While it is difficult to measure and compare differences across all potential features
within a large and heterogeneous global sample, we used five distinct measures that capture
considerable variation in some of the most prevalent programming elements offered by acceler-
ators in our analysis sample, as described below.

First, we measured whether the program features pitch nights or demo days as an indicator
variable. These events are formal pitching opportunities that enable founders to obtain external
feedback from a diversity of sources and thereby improve venture performance (Cohen
et al., 2018, Cohen et al., 2019). The inclusion of pitch nights or demo days as an indicator vari-
able is important for several reasons. These events provide a structured opportunity for foun-
ders to receive constructive input from knowledgeable outsiders about the potential and
viability of their ideas. This diversity of perspectives can be instrumental in identifying blind
spots, refining business strategies, and improving overall venture performance. As well, partici-
pating in pitch nights or demo days increases a venture's visibility in the entrepreneurial ecosys-
tem. It showcases the startup to potential investors and customers, providing a platform for
broader exposure which can be critical for early-stage ventures looking to gain traction. Pre-
senting to a diverse audience also allows startups to gauge market interest and validate their

4Ln denotes that the variable was adjusted for skew by taking the natural logarithm of its value. For zero values, one
was added before taking the natural logarithm to keep the log-transformed value at zero. The cohort measures were
constructed using factor analysis with orthogonal rotation, loading onto a single factor, and were adjusted to a standard
normal distribution with a mean of zero and a standard deviation of one to facilitate their interpretation in the models.
The factor loadings used to construct these measures are provided in Table A2.
5Operational models describe the way in which a business operates to earn revenue, for example, through product
manufacturing, processing or packaging, distribution, wholesale or retail sales, or services. Industry captures the specific
industry sector, for example, energy, environment, financial services, healthcare, or ICT. We measured heterogeneity in
these models as one minus the sum of the squared proportions of ventures in each operational model or industry
category.
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business propositions. The immediate reactions and questions from an informed audience serve
as an impromptu focus group, providing valuable market insights.

Second, we measured whether an accelerator program provides financial grants or invest-
ments, an indicator for whether the program provides seed funding to participants. Seed
funding is an important feature that may help founders develop their products and engage in
valuable product-development and experimentation during the acceleration process
(Cohen, 2013; Cohen et al., 2019). As well, since accelerators are mentor-based programs that
provide guidance and support to participating startups, the provision of funding to participants
often in exchange for equity in these startups heightens the stakes for mentors, program direc-
tors, and founders to provide high-quality and actionable feedback (Cohen et al., 2018, Cohen
et al., 2019).

Third, we measured whether the program has a structured curriculum, an indicator for
whether an accelerator program includes structured education comprising a paced, written cur-
riculum that covers specific topical areas for startup development to build entrepreneurs'
knowledge.6 This curriculum may include workshops, masterclasses, and seminars on specific
topics such as marketing, fundraising, product development, and customer acquisition. Typi-
cally, the content is delivered in a series of core modules through slide decks and mentors are
usually responsible for evaluating deliverables, providing feedback, and signing off on final ver-
sions. These educational components may add additional value to startups by enabling founders
to build their knowledge and capabilities (Gonzalez-Uribe & Leatherbee, 2017).

Fourth, to further understand the impact of accelerator programs on startup success, we
measured the industry sector focus of each program. This variable identifies whether an acceler-
ator is industry-agnostic, meaning it supports startups regardless of the industry they operate
in, or if it has a specific sector focus, catering exclusively to startups within a particular industry
such as healthcare, technology, clean energy, or finance. The distinction between industry-
agnostic and sector-specific programs is critical for several reasons. First, sector-specific acceler-
ators may offer more specialized resources, mentors, and networks that are tailored to the
unique challenges and opportunities within a given industry. This can include access to special-
ized equipment, industry-specific regulatory guidance, or introductions to potential customers
and partners within the industry. Second, the cohort experience in a sector-specific accelerator
may foster deeper peer-to-peer learning and collaboration. Startups operating in the same
industry can share insights and strategies that are more directly applicable to each other's busi-
ness models than they could in a more diverse, industry-agnostic setting.

Finally, program duration represents the length of time that startups are actively engaged in
an accelerator program. This variable is crucial because the duration of a program can signifi-
cantly influence the benefits that startups derive from their participation. Longer programs, for
example, may provide more extensive support, allowing for a deeper dive into the participants'
needs. This extended period can facilitate more comprehensive mentorship, longer-term strate-
gic planning, and the implementation of complex business models or technologies. As well, a
longer duration can lead to more opportunities for networking with peers, mentors, investors,
and industry experts. These relationships can be invaluable, providing ongoing support, advice,
and potential business opportunities. Finally, longer programs may offer the chance to iterate
on business models, products, or services and then receive feedback on those adjustments, fos-
tering a more refined final offering.

6In our analyses, we only consider whether programs provided a structured curriculum, and do not have information
about whether founders attended or participated in this programming and if so, how many sessions they completed.
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3.3.5 | Founder and venture controls

We include both founder and venture level controls in our models, following the prior literature
on the role of founders' human capital (Davidsson & Honig, 2003; Dimov, 2010; Tzabbar &
Margolis, 2017) and firm characteristics (Eddleston et al., 2016; Khan &
Manopichetwattana, 1989). At the founder level, we followed the literature and controlled for
the number of founders of the venture, the years of work experience, prior founding experience
(whether any member of the team had previously founded a for-profit venture), and whether
any of the founders of the venture had Ph.D., master's, or other advanced technical degrees
(Hallen et al., 2020). We also controlled for whether the founders previously raised VC, an
important measure of fundraising experience (Busenitz et al., 2005; Hsu, 2007). At the venture
level, we controlled for several factors influencing performance (Hallen et al., 2020): the ven-
ture's age (years since founded), prior revenue, a measure of the operating revenue at the time of
applying, and full-time employees, a measure of its size at the time of applying to the accelerator.
The inclusion of these control variables accounts for differences in founders' backgrounds, expe-
rience, and venture characteristics that could influence venture outcomes independently of
accelerator participation.

3.4 | Descriptive statistics

We provide our descriptive statistics and correlations for our variables in Table 1.7

4 | RESULTS

4.1 | Tests of baseline hypothesis

We begin by evaluating the results of our tests of the baseline hypothesis (H0). Our results, pres-
ented in Table 2, provide evidence in support of the baseline hypothesis that on average, accel-
erator participation is positively associated with startup performance. In all six models testing
the relationship with different venture outcomes, accelerator participation was found to have
an economically meaningful relationship with post-accelerator venture performance for
startups that were accelerated, compared to non-accelerated counterparts.8 For example, com-
pared to nonparticipants, accelerator participants were 3.4% more likely to raise VC (Model 1)
and raised $1.8 million more capital, on average (Model 2). They also planned to raise $2.64
million more capital, on average, over the next 12 months (Model 3). Accelerated startups also
generated more revenue (Model 4), hired more full-time employees (Model 5), and paid more
in wages to their employees (Model 6), on average. In supplementary analyses, we found similar
results when evaluating the robustness of these results in the set of ventures that made it to the

7Some programs in our sample issued an open call for applications in a specific year or round but did not accept any
applicants.
8These effects can be interpreted as treatment effects conditional on selection. They reflect both differences in which
startups applied to these programs and were selected by the accelerators, as well as differences in which startups
participated in these programs conditional on being selected.
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final stage of selection.9 These findings suggest that accelerator participation is associated, on
average, with improved venture performance post-acceleration.

4.2 | Tests of Hypothesis 1

Next, we compared outcomes within the group of accelerated ventures to understand how, con-
ditional on being accelerated, venture outcomes varied with the design elements of the program
in which they participated. We began by evaluating the effects of accelerator participation for
startups that participated in programs emphasizing greater knowledge depth (over breadth)
within their cohort. We posited that this program design choice would predict greater revenue
scaling but lower ability to attract external capital among accelerated ventures (H1) and would
be associated with sector-specific programs (versus sector agnostic).

Consistent with our hypothesis, we found that accelerator program industry sector focus
was positively correlated with the knowledge depth of peers in a cohort (Pearson r = .27,
Table 1). We also found that program sector focus was negatively correlated with the knowledge
breadth of peers (Pearson r = −.54, Table 1). Our results show that, on average, program
designs that emphasize greater knowledge depth within cohorts are associated with greater rev-
enue scaling (coefficient = 1.891, p < .000, Table 2) while designs emphasizing knowledge
breadth are associated with greater ability to raise external funding (coefficient = .237, p < .000,
Table 2), lending support for the relationships proposed in (H1). These effects are economically
meaningful: the effect of a 1 SD increase in cohort knowledge depth corresponds to having
$6.62 thousand (exp(1.891)) higher revenue post acceleration, on average. As well, the effect of
a 1 SD increase in cohort knowledge breadth corresponds to a 24% increase in the likelihood
of raising VC post acceleration, or the equivalent of nearly an eightfold increase relative to the
baseline probability in our sample, given that the average probability of raising VC post acceler-
ation was 3%. These results suggest positive effects of knowledge-building peer interactions
within a cohort.

4.3 | Tests of Hypothesis 2

We proceed to evaluate whether, conditional on being accelerated, startups that participated in
accelerators benefitted more on average from programs that had multiple knowledge-building
programming elements, compared to participants in programs with fewer knowledge-building-
design elements (H2). Here, we evaluate five distinct program elements that are present in
many accelerators: pitching events (e.g., pitch nights, demo days); seed capital; structured edu-
cational curriculum; industry sector focus; and program duration.

We began by evaluating the benefits associated with programs featuring pitching events as a
design element. Nearly 70% of programs in our sample incorporated this design element, show-
casing its popularity. Our findings showed that this design element had a robust, economically
meaningful—and nearly universally positive—association with post acceleration performance
for participating ventures: Startups that participated in programs with pitching events were 28%
more likely to raise VC (coefficient = 0.281, p < .000, Model 1, Table 2). This effect represents a
ninefold increase from the baseline probability of raising VC, which in our sample was only 3%.

9Results reported in appendix Table A6.
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These results lend evidence that pitching events indeed “work” in the sense of helping startups
gain visibility, attention, and funding from potential investors. We find similar large and eco-
nomically meaningful effects for other indicators of growth and scaling, such as revenue
scaling—where participants in programs with pitching events go on to earn $383 thousand
more in revenue (coefficient = 5.950, p < .000, Model 4, Table 2) and hire about twice as many
full-time employees as the average startup in our sample (coefficient = 1.340, p < .000, Model
5, Table 2). These findings suggest that programs that enable founders to receive external feed-
back through formal pitching opportunities provide greater performance benefits to participat-
ing ventures, on average, consistent with (H2).

We turn next to the role of seed capital, another popular design feature of startup accelera-
tors. More than 60% of accelerator programs in our sample feature some form of seed capital,
whether in the form of grants or equity-based funding. On average, we find that accelerated
ventures that participate in programs providing seed capital are more likely to grow and scale
post acceleration compared to participants in programs that do not offer seed capital. These par-
ticipants, for example, are 94.5% (coefficient = 0.945, p < .000, Model 1, Table 2) more likely to
raise VC than accelerator participants in programs that do not provide seed capital as part of
their program design. They also raise—and plan to raise—more capital (Models 2 and 3) and
achieve higher revenue and full-time employment growth (Models 4 and 5), on average, than
accelerator participants in programs that do not provide seed funding.

Concerning the use of a structured curriculum, another popular design element that is pre-
sent in 59% of accelerator programs in our sample, we find mixed results. While on average,
participants in programs with a structured curriculum are not more likely to raise VC (Model
1, Table 2), they do raise about $4.85 million (exp(1.589)) more capital, on average
(coefficient = 1.589, p < .000, Model 2, Table 2), compared to participants in programs that do
not feature a structured curriculum. However, we do not find evidence that using a structured
curriculum is associated with differences in revenue scaling (Model 4, Table 2).

The effects of sector focus on accelerator participants' growth and scaling are mixed. On the
one hand, ventures that participate in accelerator programs with an industry sector focus are
12% more likely to raise VC, on average (coefficient = 0.120, p < .000, Model 1, Table 2) and
also raise about $4 million more in funding, on average (coefficient = 1.385, p < .001, Model
2, Table 2), compared to participants in programs without an industry focus (i.e., industry-
agnostic accelerators). However, participation in industry-specific accelerators is associated with
slower employment scaling (coefficient = −.405, p < .001, Model 5, Table 2) and slower wage
growth (coefficient = −7.753, p < .000, Model 6, Table 2). These effects may reflect a different
approach to scaling and growth, where the focus is on securing external capital and growing
revenues before expanding hiring.

Finally, the effects of program duration on growth and scaling are almost universally posi-
tive across multiple indicators of startup growth and scaling, except for wage growth. On aver-
age, participants in accelerator programs with longer durations are 42% more likely to raise VC
(coefficient = 0.422, p < .000, Model 1, Table 2), raise about nine times as much VC as the aver-
age startup in our sample (coefficient = 9.803, p < .000, Model 2, Table 2) and scale revenue by
about $35.8 thousand (exp(3.582)) more per year (coefficient = 3.582, p = .088, Model 4, Table 2)
and scale employment by about 60% more per year (coefficient = .665, p = .013, Model
5, Table 2) than accelerator participants in shorter-duration programs. These results reinforce
the notion that accelerators' knowledge-building design elements, both cohort design and spe-
cialized programming, are more valuable when participants have more time interacting with
peers and absorbing the knowledge from the program.
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Overall, the results suggest that programs with more knowledge-building program design
elements—and longer program durations—were associated with greater benefits for participat-
ing ventures, lending support for the relationship proposed in Hypothesis (H2). While all five
elements we evaluated were strongly associated with greater VC fundraising and greater reve-
nue scaling for accelerated ventures, the magnitude of these effects varied across outcomes.
These differences suggest that which design elements are beneficial may be highly contingent
on the specific scaling goals of founders and their ventures and depend on the stage of develop-
ment of the venture, its industry, and the expertise of its founders—important considerations
that we explore as boundary conditions on these results.

4.4 | Boundary conditions

In Table 3, we summarize our results of the boundary conditions of the effects of accelerator
participation on venture outcomes. Panel A presents the results summary for the VC funding
ventures obtained post acceleration, while Panel B presents the results for revenue scaling post
acceleration. We discuss each set of boundary conditions below.

4.4.1 | Venture stage

First, venture stage is a crucial factor in determining the benefits of accelerator participation.
To evaluate the role of venture stage, we conducted split sample analyses, looking at the bene-
fits of knowledge-building peer interactions and knowledge-building programming across seed
stage versus early-stage ventures.10 Seed-stage ventures may greatly benefit from accelerators as
they provide access to crucial resources such as seed funding, mentorship, and guidance. Accel-
erators can help these ventures refine their business models, develop MVPs, and provide expo-
sure to potential investors. On the other hand, more mature ventures that have revenue or VC
funding might already have a solid foundation and established networks, making the benefits
of accelerator participation less significant. These ventures might have specific needs, such as
access to larger-scale funding or strategic partnerships, which may not align with the offerings
of typical accelerators.

Our results show that both seed stage and early-stage ventures benefit from accelerator par-
ticipation, on average; however, the effect of knowledge breadth on VC funding is slightly
stronger for seed-stage (coefficient = 7.727, p < .000, Panel A, Table 3) than early-stage ventures
(coefficient = 7.337, p < .000, Panel A, Table 3), while the effect of knowledge depth on VC
funding is stronger for early-stage ventures (coefficient = 3.230, p < .000, Panel A, Table 3),
than seed-stage ventures (coefficient = 2.205, p < .000, Panel A, Table 3). These results suggest
that ventures at the seed stages of development may reap greater benefits from programs that
emphasize knowledge breath within a cohort, but those at later stages of development may ben-
efit more from programs that emphasize knowledge depth within a cohort. As well, the effect of
knowledge depth (coefficient = 3.468, p < .000, Panel B, Table 3) and knowledge breadth
(coefficient = 2.438, p < .000, Panel B, Table 3) on revenue scaling are stronger for early-stage

10We present these results in appendix Table A3. Seed stage ventures are defined as venture that are in the earliest
stages of their development, i.e., those that do not yet have any revenue or external equity funding. Early-stage ventures
are defined as those that have started to earn revenue or have attracted equity funding from investors.
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ventures than for seed-stage ventures. These results suggest that ventures farther along in their
development may reap greater benefits from accelerator participation for revenue scaling post
acceleration than ventures that are at more nascent stages.

In terms of programmatic elements, we find that programs that feature pitching events are
more beneficial, on average, for early-stage ventures raising VC funding (coefficient = 6.113,
p < .000, Panel A, Table 3) than for seed-stage ventures (coefficient = 4.326, p < .000, Panel A,
Table 3). However, programs providing venture funding (financial grants or investments) are
nearly 30 times more beneficial, on average, for seed-stage ventures raising VC funding
(coefficient = 30.061, p < .000, Panel A, Table 3) than for early-stage ventures
(coefficient = 0.939, p = .019, Panel A, Table 3). These results suggest that accelerator funding
is paramount for seed-stage ventures, but pitching events are more beneficial for early-stage
than for seed-stage ventures looking to raise VC funding, while a structured curriculum appears
equally beneficial for both seed-stage and early-stage ventures raising VC funding. We also find
that programs with a sector focus as associated with greater fundraising (coefficient = 1.882,
p = .001, Panel A, Table 3) and revenue scaling (coefficient = 2.586, p < .000, Panel B, Table 3)
but only for early-stage ventures. Finally, programs with longer duration were more beneficial
for fundraising among seed stage (coefficient = 9.269, p < .000, Panel A, Table 3) than early-
stage ventures (coefficient = 8.253, p < .000, Panel A, Table 3).

4.4.2 | Venture industry

Second, the industry in which a venture operates can influence the benefits derived from accel-
erator participation. Different industries have unique characteristics, market dynamics, and
growth trajectories. To evaluate the role of venture industry, we conducted split sample ana-
lyses, looking at how the benefits of accelerator design varied across ventures in high-
technology versus non-high-technology industries.11 We found that the benefits of accelerator
participation for fundraising and revenue scaling were positive, on average, for ventures in both
high-tech (coefficient = 0.668, Panel A; coefficient = 1.001, Panel B, Column 1, Table 3) and
non-high-tech industries (coefficient = 0.496, Panel A; coefficient = 0.751, Panel B, Column
1, Table 3); however, the magnitude of these effects was larger for high-technology industries.

As well, while the effects of knowledge depth on revenue scaling were stronger for ventures
in non-high-tech industries (coefficient = 4.069, Panel B, Column 2, Table 3) than those in
high-tech industries (coefficient = 1.639, Panel B, Column 2, Table 3), the effects of knowledge
breadth on fundraising were stronger for ventures in high-tech (coefficient = 7.157, Panel A,
Column 3, Table 3) versus non-high-tech industries (coefficient = 4.884, Panel A, Column
3, Table 3). Programs featuring pitching events and seed funding, and programs with longer
duration were more beneficial, on average, for ventures in high-technology industries, com-
pared to those in non-tech industries (Columns 4, 5, and 8, Panels A and B, Table 3). Programs
with an industry sector focus, by contrast, were more beneficial for ventures raising VC funding
in non-high-tech industries, compared to those in high-tech industries. These findings

11We present the results of these analyses in appendix Table A4. Ventures in high-tech industries are defined as those
that are based on commercializing an invention (54.69% of the sample). Industries for technology-based ventures
include Information and Communication Technology, Healthcare, Energy, and Financial Services. Ventures in non-
high-tech industries are those whose business models are not based on an invention (45.31% of the sample). The
industries for non-tech ventures include Agriculture, Education, Housing Development, and Artisanal.
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demonstrate that pitching events and seed funding are generally more beneficial for ventures in
high-tech industries than those in non-tech industries, while industry sector focus appears more
beneficial for ventures in non-tech industries. Therefore, there is not a one-size-fits all design
that is universally beneficial for different types of ventures, but that the specific design
features that accelerators may want to emphasize vary by venture industry.

4.4.3 | Founder expertise

Finally, founder expertise—which encompasses pre-entry knowledge and prior experience in
entrepreneurship (Agarwal et al., 2004, 2010; Agarwal et al., 2007; Cao & Posen, 2023; Chen
et al., 2018, 2022) could play an important role in which program design elements are most ben-
eficial for specific founders and ventures. While founders with prior experience in entrepre-
neurship might leverage the resources and mentorship provided by accelerators more
effectively, the resources and programming that accelerators provide might be more of a value-
add for less experienced founders. To evaluate the role of founder expertise, we conducted split
sample analyses, looking at the benefits of program design for founders with prior founding
experience compared to those without any prior founding experience.

We found that, on average, the effects of accelerator participation for both fundraising and
revenue scaling were greater for founders with some prior founding experience
(coefficient = 0.721, p < .000, Panel A; coefficient = 0.919, p < .000, Panel B, Table 3) compared
to those with no prior experience (coefficient = 0.450, p = .001, Panel A; coefficient = 0.738,
p < .000, Panel B, Table 3). Experienced founders were more likely to raise VC, raised more
capital, had higher fundraising aspirations, and scaled revenue and employment by more than
first-time founders, on average.12 Interestingly, certain program design elements were more
beneficial for first-time founders than experienced founders. In the case of first-time founders,
we find that greater knowledge breadth of peers in a cohort corresponds to greater benefits for
both fundraising (coefficient = 9.289, Panel A, Column 3, Table 3) and revenue scaling
(coefficient = 4.705, Panel B, Column 3, Table 3), but we found no effect for experienced foun-
ders. As well, greater knowledge depth of peers in a cohort corresponds to greater fundraising
(coefficient = 3.441, Panel A, Column 2, Table 3) and revenue scaling (coefficient = 3.967,
Panel B, Column 2, Table 3) for first-time founders but not for experienced founders.

As well, the benefits of elements such as pitching events and seed funding were concen-
trated within first-time founders. For instance, programs featuring pitching events were associ-
ated with eight times higher VC fundraising for first-time founders (coefficient = 8.378,
Panel A, Column 4, Table 3) than for experienced founders. Programs featuring seed capital
were associated with 20 times higher VC fundraising (coefficient = 27.211, Panel A, Column
5, Table 3) and 15 times higher revenue scaling (coefficient = 15.671, Panel B, Column 5,
Table 3) for first-time founders compared to experienced founders. These findings suggest that
the benefits of programming elements such as pitching events and seed funding are concen-
trated within first-time founders, who have more limited pre-entry knowledge and experience
than serial entrepreneurs (Cao & Posen, 2023).

12We present the results of these analyses in Appendix Table A5. Founders with prior founding experience are those
where at least one member of the founding team reported having founded a for-profit venture in the past (49% of
founders in our sample).
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4.5 | Robustness checks

We conducted several robustness checks on our results, trying to rule out alternative explana-
tions for the results.13

First, while our research design mitigates concerns about comparing startups of different
quality by evaluating only ventures that were of sufficient quality for accelerators to screen them
into the initially selected group, it is possible that even at this screening stage, the ventures of
founders that come to participate in an accelerator on day one may be different in unobserved
features than those whose founders do not show up to participate. To mitigate this concern
about the second type of selection, we conducted robustness checks to narrow our analyses to
ventures that were not only successful at passing the initial screening process by the accelerators
but also showed up to participate on day one of the program. This approach mitigates concerns
about the self-selection of the ventures that show up to participate in the program, specifically
that their founders might be more motivated or eager to participate, and these differences could
be correlated with differences in venture outcomes. In our robustness checks, we still found that
even after accounting for this type of selection, accelerator participation was associated with
large and positive effects on venture outcomes, and that program design features explain vari-
ance in the benefits of accelerator participation among accelerated startups.14

Second, because much of our sample was drawn from emerging and developing economies,
a concern here is that founders from these economies had lower levels of education, which may
have resulted in an overstatement of the benefits of educational components for certain foun-
ders.15 Prior research suggests that the benefits of formal educational components in entrepre-
neurial training programs might be greater for less educated founders (Assenova, 2020;
Gonzalez-Uribe et al., 2022; Gonzalez-Uribe & Leatherbee, 2017). To mitigate these concerns,
we evaluated whether the benefits of the program design elements we measured could be
explained by lower levels of formal education among founders in emerging economies, com-
pared to more developed economies where most of the prior studies of the benefits of accelera-
tors have been conducted (Cohen et al., 2019; Hallen et al., 2020).16 We find that on average,
the benefits of accelerator participation were positive and large for both groups of founders.
However, founders with advanced degrees (Ph.D., Master's, or technical degrees or who com-
pleted some graduate schooling) benefitted more from accelerator participation than founders
whose highest level of education was a bachelor's degree or less. In terms of programming ele-
ments, we found (as expected) that programs that use a structured curriculum to teach founda-
tional entrepreneurial knowledge and skills are associated with stronger positive effects for less
educated (compared to more educated) entrepreneurs. Programs with structured curricula were
associated with 24.2% higher likelihood of obtaining VC funding, $7.3 million more VC
funding, and $33 thousand more revenue for founders with bachelor's degrees or less—but
muted or negative effects for founders with advanced degrees. The reason may be that programs

13We present our results in the online Appendix, Tables A6 and A7.
14In this analysis, the calculation of the IPTW effects and the estimation of the treatment effects is based on applicants
that made it to the final selection round, looking specifically at whether the treatment effect of acceleration
participation for those that participated was positive, compared to nonparticipants.
15The majority (69.63%) of our sample comprised programs and applicants outside of North America (US and Canada).
About 32.59% of our sample was from Latin America and the Caribbean, 10.75% from South Asia, and 19.14% from Sub-
Saharan Africa, with the remainder from other world regions (Middle East and North Africa, Europe and Central Asia,
Southeast Asia, the Pacific, and Oceania).
16We present split sample analyses of our data by founders' formal education in appendix Table A7.
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that feature structured educational components in their designs might be more beneficial for
founders with less formal education (Assenova, 2020; Martin et al., 2013; Ulvenblad et al., 2013)
while potentially being seen as less helpful by founders with advanced degrees.

5 | DISCUSSION AND CONCLUSION

We set out to understand whether the average effect of accelerator participation on venture out-
comes is positive, and if so, how the benefits of accelerator participation vary with accelerator
program designs. Across multiple analyses, we found a positive association between
accelerator participation and venture performance post acceleration. Evaluating variation in
these benefits by program design, we found that designs emphasizing knowledge depth (over
breadth) within cohorts are associated with greater revenue growth for participating ventures,
while those emphasizing breadth (over depth) are associated with greater funding. We also
found that on average, knowledge-building programming elements that many accelerators
incorporate into their designs were associated with greater benefits for accelerator participants.

The specific mix of beneficial design elements, however, varied by venture stage, industry,
and founder expertise. For example, the benefits of knowledge-building peer interactions were
concentrated within seed-stage ventures, for which cohort knowledge depth and breadth
were associated with larger and more economically meaningful benefits for venture growth and
scaling than educational programming. Meanwhile, consistent with the literature on founders'
pre-entry knowledge and experience (Cao & Posen, 2023), the benefits of structured educational
programming were concentrated within ventures whose founders had less formal education,
and provided little, if any, benefit for ventures whose founders had advanced degrees. Also, the
benefits of pitching events were concentrated within early-stage ventures in high-technology
industries, where future growth and scaling often depend on attracting VC investment through
such pitching opportunities. By contrast, we found that seed funding was nearly universally
associated with greater growth and scaling for accelerator participants in our sample, regardless
of venture stage, industry, and founder expertise. These findings suggest that accelerator partici-
pation is beneficial for venture growth, but the magnitude of benefits varies substantially with
program design and depends on venture and founder-specific factors.

Our study makes several contributions to the literature on startup accelerators and knowl-
edge acquisition among early-stage startups. Our primary contribution is to the literature on
startup accelerators (Hallen et al., 2020; Winston Smith et al., 2016; Winston Smith &
Hannigan, 2014, 2015; Yu, 2019). We build upon and contribute to this literature by evaluating
the effects of accelerator participation and the role of program design as a factor that explains
variation in these effects. Our findings suggest that the benefits of accelerator participation are
positive, on average, in a large sample of accelerator participants across programs with varying
designs. These findings suggest that accelerators are not just beneficial for high-technology
startups in established tech hubs in the United States but are also beneficial for other types of
ventures in newer and less developed startup ecosystems such as those throughout Sub-Saharan
Africa, Latin America and the Caribbean, South Asia, East Asia and the Pacific, and the Middle
East and North Africa. Further, there is not a one-size-fits-all model that suits the goals and
strategies of all ventures and founders; the benefits of accelerator participation vary widely with
program design and are contingent on venture stage, industry, and founder expertise.

Our study also contributes to the organizational literature on knowledge acquisition among
early-stage startups (Agarwal et al., 2007; Agarwal et al., 2010; Cao & Posen, 2023; Chen
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et al., 2022; Posen & Chen, 2013). This literature has noted the importance of mechanisms such
as vicarious learning (Posen & Chen, 2013) in helping entrepreneurs overcome limited absorp-
tive capacity, which may contribute to failure and underperformance among new ventures. We
complement and contribute to this literature by noting that in addition to drawing on the
knowledge of incumbents, new ventures can build absorptive capacity and enhance perfor-
mance through accelerator participation, specifically through the knowledge-building design
elements of these programs. We suggest that drawing on the depth and breadth of knowledge
of peers as part of the cohort structure of these programs, as well as specialized educational pro-
gramming teaching the know “how” and “what” of entrepreneurship (Cohen et al., 2018;
Hallen et al., 2020) gives founders a wealth of knowledge from which to build their absorptive
capacity and improve startup performance (Beckman & Lee, 2020; Cohen & Levinthal, 1990,
1994; Posen & Chen, 2013). Our theoretical arguments imply that organizational sponsors of
new ventures, such as accelerators, offer a valuable set of tools and resources to help founders
build their absorptive capacity that are potentially beneficial for enhancing startup
performance.

Our study has several practical implications. First, for accelerator managers, our findings
suggest that these programs are systematically associated with improved venture outcomes
among program participants across a variety of growth and scaling metrics. On average, these
programs appear to deliver performance benefits to founders and to accelerators that invest
equity in participating ventures (Gonzalez-Uribe & Leatherbee, 2017; Hallen et al., 2020;
Leatherbee & Katila, 2020; Winston Smith & Hannigan, 2014, 2015). Second, our study suggests
that programs that do not currently incorporate a mix of knowledge-building design elements
such as pitching events, seed funding, structured curricula, industry-specific programming, and
longer durations might consider incorporating some or all these elements, depending on the
types of ventures and founders they look to develop, as doing so could enhance the value of
these programs for founders. Finally, for startup founders, our findings indicate that although
accelerators appear to be beneficial for improving startup performance, on average, their bene-
fits are also highly variable and depend on venture stage, industry, and founder expertise—
factors that affect how valuable different design elements are for growth and scaling.

Our study has several limitations. First, a condition for us to be able to use the applicant-level
data is that all our data were anonymized at both the venture and program levels, which
restricted the number and variety of design features we could investigate empirically. Due to
these data limitations, our analysis focuses on a more restricted set of design elements, rather
than the specific content of curricula, or the attendance rates for specific events that were part of
the programming. Second, an important factor that affects the interpretation of our results is that
participation in an accelerator program usually costs time, cash, and/or equity. Admitted startups
may choose not to matriculate into these programs because the time and costs may be perceived
as excessive. Since we do not have data on the costs (cash and or equity) that founders gave in
exchange for accelerator affiliation, this is a limitation on our ability to evaluate how much these
factors influence which startups participate. Finally, while our methodology enables comparison
of applicants that made it past the initial filtering process for selection into these programs, our
study is prone to the usual challenges of analyzing archival data, namely potential unobserved
factors that could have affected both selection and subsequent venture outcomes.

Future studies can refine our methodology and consider how other aspects of program
design, such as the abovementioned costs and variation in the aims and goals of different pro-
grams, may affect outcomes. As the seed accelerator phenomenon expands globally, careful
program design could enable accelerator managers to deliver greater benefits from their pro-
gramming to promising seed and early-stage ventures.
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