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Abstract

This paper examines the role of advice in early firm development and growth, drawing on
detailed data from a global program where angel investors and venture capitalists mentored
founders over several months. Leveraging variation in mentors’ availability to support startups
due to personal scheduling conflicts, I find that advice significantly improves startups’ future
market performance. To explore how advice shapes early firm development, I develop a novel
typology of startup activities, finding that a defining element of mentors’ advice is to do less and
learn more. Although angels and VCs are consistent in this message, they differ significantly
in when they choose to advise startups in achieving their business objectives. Angels are
more likely than VCs to help founders design and execute product market experiments, while
VCs provide more mentoring support on business analysis and planning tasks. I find evidence
consistent with the hypothesis that experimentation is a skill developed via learning-by-doing,
and angels have a skill advantage in that domain due to having more operational experience.
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1 Introduction

Advice is a cornerstone of entrepreneurship. It is a staple component of both private sector

accelerators and public sector economic development initiatives. The widespread adoption of

these programs underscores the high demand for mentoring, but these programs are not the only

systematic providers. Providing advice is also a primary function of startup investors, who are

instrumental in shaping early firm development. Despite its entrenched role in entrepreneurship,

advice remains a surprisingly uncharted territory. The present paper is, to my knowledge, the

first to systematically measure and analyze advice to identify its effect on firm performance, and

characterize its nature and provision by early-stage investors.

Data consist of detailed, hand-collected information on how 192 venture capitalists and angel

investors mentored 253 early-stage, high-technology startups in building their businesses over

approximately eight months. The setting is a global entrepreneurship program for technology-based

startups called Creative Destruction Lab (“CDL”). Since its inception in 2012, approximately 3,500

startups have participated in CDL, collectively generating over $30 billion in equity value. The

program involves four day-long meetings held every 8 weeks at participating universities, where

mentors help founders prioritizemeasurable business objectives and select startups to advise on how

to achieve those goals. For startups, the dataset includes pre-program characteristics, longitudinal

operational and financial details during the program, and post-program market outcomes. For

mentors, it captures their educational and professional histories, codified verbal advice given

to founders, and the panel of 7,914 mentoring decisions to assist startups with achieving their

prioritized business objectives. To analyze advice, I develop a novel typology of entrepreneurial

activity that links 4,542 granular startup activities to the foundations of strategy. The sample is

diverse, covering startups in fields such as quantum computing and medical devices, performing

activities that range from business planning to technology validation and financing. The richness

of this setting, with its detailed tracking of key variables, provides a unique opportunity to gain

new insights not only into business advice, but also into critical processes in early firm formation

and growth.

As a preview of the main results, I find that mentoring drives startup success. To establish

causal evidence, I exploit variation in the personal schedules of the mentors to instrument for
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the amount of mentoring time startups received. I find that an additional hour of mentoring

increases the probability of a startup raising more external capital than the median startup in its

technology domain by 3%, and improves the likelihood of staying in business four years later by 1%.

These results are consistent across a range of alternative specifications and estimation methods.

By analyzing the business tasks founders would have pursued without mentor advice, I find that

the characteristic element of mentor advice is to do less and learn more. While founders tend

to prioritize implementing their ideas and acquiring resources, mentors emphasize activities that

generate information—from low-cost exploratory efforts to complexmarket validation experiments.

Although mentors are generally consistent in their advice to founders to increase focus on

business analysis and experimentation, I find significant differences between angels and VCs

in the business objectives they choose to personally help startups achieve. Angels are more

likely than VCs to mentor founders on designing and executing business experiments, while VCs

focus more on analytical tasks such as market research and organizational planning, as well as

developing organizational structure. Consistent with Gans (2018), I find that experimentation is a

skill developed through learning-by-doing and angels have an advantage in experimentation due to

their greater operational experience. This is important because, as documented by Camuffo et al.

(2020), I find that experimentation reduces uncertainty about startup quality.

The contributions of this project illustrate how studying advice provides a novel lens to under-

standing entrepreneurial strategy. Experimentation is central to the entrepreneurial process (Kerr

et al., 2014; Manso, 2016), yet it is inherently costly—requiring partial commitments that can fore-

close the option to abandon unpromising ideas (Gans et al., 2019) or dilute high-impact innovations

into incremental ones (Felin et al., 2020). These costs make it challenging for entrepreneurs to

balance exploration—testing new opportunities—and exploitation—refining and scaling promising

ideas. Agrawal et al. (2021) argue that mentors can alleviate this tension by helping entrepreneurs

“learn how to learn” (Nelson, 1997). My findings extend this argument by showing that the opera-

tional experience embedded in advice can be a critical mechanism for navigating the complexities

of designing and running experiments. An implication for entrepreneurs is the importance of

identifying and aligning the business challenges for which they need support with the expertise of

their mentors or investors.

This project also advances our understanding of how investor human capital shapes early-stage
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firm development (Sorensen, 2007; Hochberg et al., 2007). In particular, angels and VCs compete

to fund scalable ideas by deploying a roughly equal amount of risk capital,1 but they differentiate

themselves by the value-added services they claim to provide (Hsu, 2004). In the absence of

empirical guidance, however, theory has made conflicting assumptions about differences in their

value-added potential.2 My results serve as such guidance. If experiments are crucial in setting a

path to success, angels may compete with VCs by providing early advice that is differentiated by

their operating experience. This is consistent with the fact that only 7% of VCs have substantial

entrepreneurial experience (Gompers & Mukharlyamov, 2022), in contrast to angels who are

predominantly ex-entrepreneurs (Ibrahim, 2008; Linde et al., 2000).

This paper also joins the growing body of knowledge that bridges research on accelerators

(Hallen et al., 2020; Hochberg, 2016; Yu, 2020) with studies on the intricate commercialization

obstacles that high-technology startups face (Hsu, 2007b; Arora et al., 2024; Roach & Sauermann,

2023). For example, Bryan et al. (2022) demonstrate that workers applying to science-based startups

have difficulty assessing firms’ scientific and business quality, leading to information frictions

that impede efficient hiring–an information friction that experts already present in accelerators

significantly reduce. On financing, too, Nanda et al. (2023) note disagreements between founders

and investors on which experiments to prioritize, prompting some VCs to move upstream towards

incubating and mentoring in-house ideas (Lerner & Nanda, 2020).

Finally, this paper contributes to the policy debate on fostering regional startup activity by

addressing the widespread use—but limited success—of policies designed to incentivize investors

(see Lerner (2009) and Cumming&MacIntosh (2006) for examples). These policies often overlook

the human capital bundledwith investment, failing to account for the drivers of value-added services

1 A 2009 OECD report estimates the size of angel and VC markets in the U.S. at $18.3 and $17.7 billion, respectively,
and in Europe at $5.3 and $5.6 billion. These statistics are consistent with a later OECD report (2011), and estimates
by Mason & Harrison (2002), and Sohl (2003). Though less well known, even large VCs invest in small amounts.
For example, Andreessen Horowitz, the largest VC in the world by total asset under management, has a history of
seed investing, such as the $250,000 stake it took in Instagram. In fact, Andreessen Horowitz has a dedicated seed
fund, which highlights “expertise & hands-on support” as one of its top four services (see Appendix Figure B1 for
a snapshot of the fund’s home page). The recent proliferation of micro VCs indicate continued growth in the seed
funding market (Amore et al., 2023).

2 Some theorists assume angels are arm’s-length investors who provide limited or no value (Bergemann & Hege,
2005; Chemmanur & Chen, 2014), while others assume the opposite (Leshchinskit, 2002; Schwienbacher, 2009;
Casamatta, 2003). The muddle also exists in practice. Regulatory guides such as the SEC (2022) underscore a more
active mentoring role for VCs than angels, whereas the popular press often views substantial mentoring as a key
feature of angels (e.g., New York Times, 2015). Given these conflicts, finance scholars have long called for empirical
evidence on how angels and VCs differ in their value-added potential (Da Rin et al., 2013).
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that influence startup growth trajectories. My findings support recent theory by Hellmann & Thiele

(2019), which highlights operating experience as a determinant of these services.

The findings and limitations of this study open new avenues for research. While I discuss

these opportunities in more detail later, understanding howmentors drive startup success remains a

critical question. My results point to learning—discovering and testing product-market options—as

a key mechanism, consistent with the qualitative insights of Cohen et al. (2019). However, making

causal claims about this mechanism would require randomizing startup-mentor matches, which

was not feasible in my setting. I do my best in mitigating endogeneity concerns, however, by

using various econometric techniques, such as fixed effect methods, sub-sample analyses, tests of

alternative explanations, matching methods, and a battery of robustness tests against alternative

measures and specifications. Therefore, this study lays a foundation for future research to deepen

our understanding of why somementors are more effective than others in helping early-stage startup

build their businesses.

The rest of this paper is organized as follows. The next section describes the empirical setting

and sample characteristics. Section 3 presents a new typology of startup activities to measure

advice. In Section 4, I describe how I identify the effect of mentoring on startup success. Then,

I present the performance results in Section 5, the nature of advice and its provision in Section 6,

and tests of alternative explanations in Section 7. The final set of findings in Section 8 provides

evidence of the comparative role of VCs in driving organizational structure. Section 9 discusses

the broader implications and opportunities for future research.

2 Empirical Setting

The setting is a global entrepreneurship program for technology-based seed-stage startups called

Creative Destruction Lab (“CDL”). CDL is a nonprofit that operates in business schools (“sites”)

and is steered by faculty. Since its inception in 2012, CDL has grown from a solitary business

school and 24 alumni, to 13 business schools across seven countries, with 28 specialized technology

streams, and more than 3,500 alumni estimated to be worth over $30 billion. The essence of CDL

is four in-person “sessions” every 8 weeks in which mentors advise founders in prioritizing three

measurable business objectives to focus on for the next 8 weeks, then select startups to further
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advise on how to achieve those objectives. A fifth and final graduation session concludes the

program year.

Admission to CDL is open to startups from anywhere around the world and includes submitting

a detailed application and participating in business and technical assessment interviews. Finalists

are offered admission to a technology “stream” at a unique “site” (hereafter, a “track”).3 Each

stream assembles mentors with relevant domain expertise, such as prior investment history in the

same technology domain.

Data used in this project are from the 2018-2019 cohort, the latest and largest cohort available

when I began collecting data. Startups are from seven technology streams, including AI, space,

and quantum computing, and one general stream for startups that do not fit in any of the specialized

streams. There are 148 VC and 44 angel mentors,4 and 253 startups, representing all 14 tracks in

the program year. Mentors are predominantly from established ecosystems such as Silicon Valley,

Boston, and Toronto, and are not permitted to delegate their mentoring role to an associate. Each

track has an average of 18 startups (SD = 4.8) and 19 mentors (SD = 6.8), with 75% of mentors

participating in a single track, 18% in two tracks, and the remaining 7% in three or more tracks.

Appendix A provides additional details about CDL and sample construction.

2.1 Mentoring Process

A week before each session, mentors in each track receive updated dossiers like the one in Figure 1

on every startup in their track. These dossiers outline the founders’ proposed objectives for the

upcoming 8 weeks, the status of the previously finalized set of objectives, and updated financial

details. Mentors are asked to familiarize themselves with each firm’s progress and formulate their

feedback on each startup’s proposed objectives.

On the morning of each session day, founders meet privately with 4-6 mentors in their track

to receive feedback on their proposed objectives. In the afternoon, mentors and founders in each

track convene in a classroom (Figure 2) to debate and reconcile individual mentor feedback and

finalize a set of three prioritized objectives for each startup to pursue over the next 8 weeks. A

3 The matching of startups to tracks is centrally administered via the Nobel Prize-winning Gale-Shapley deferred
acceptance algorithm. This algorithm uses two-sided preference rankings to produce stable matches. Track leads
rank startups and startups rank tracks.

4 The relative scarcity of angels is consistent with other settings such as SBIR grant competitions (e.g., Howell, 2020).
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Figure 1: Sample Startup Dossier

Notes: This figure shows a sample startup dossier distributed to mentors before each session. It includes updated
objectives, a status update from the CEO, commentary by CDL staff, and the latest financial information. There is
also a link to a longer background document with more details on the firm’s target customers, core technology, and
founders’ backgrounds. Portions that may reveal the identity of the startup are redacted.
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Figure 2: Finalizing Objectives via a Moderated Debate

Notes: This image shows the discussion moderated by a business school professor (hidden behind the founder) to
finalize three objectives for the next 8 weeks.

business school professor moderates these debates. Sessions conclude in the early evening with

deliberations, during which mentors declare startups they feel equipped to mentor in achieving

their finalized objectives for the following period. Appendix Figure B2 summarizes the day using

a sample mentor schedule. See Appendix A for more detail on the quality of objectives and

deliberation protocols.

These mentoring decisions are costly as each obligates a mentor to commit four hours of their

personal time to helping the startup achieve its objectives. The modal (average) startup receives one

(1.61) mentor, and the modal (average) mentor selects one (1.64) startup. Decisions are also high-

stakes for startups as those without formal support are dropped from subsequent sessions. CDL

managers responsible for each startup connect the founders with the mentor(s) that selected them

and facilitate setting up the meetings. They also touch base with founders throughout the 8-week

cycle to document progress on objectives and track mentors’ honoring of their time commitment.

The cycle ends with founders submitting a draft dossier for the next session.

2.2 Mentors & Startups

A mentor is an angel if, from January 2018 to December 2019 (8 months before and 8 months

after the study cohort), they made a personal investment. A mentor is a VC if they made a partner

investment during the same period. Investment histories are from Pitchbook, Crunchbase, press

releases, and CDL’s internal records. For each mentor, I also gather a broad range of educational

and employment information from public sources such as LinkedIn, Crunchbase, company profiles,

SEC filings, and news articles. For employment histories, I record every company at which amentor
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Table 1: Summary Statistics of Mentors

Angel Investors
N = 44

Venture Capitalists
N = 148

Difference
in Means

Mean Standard
Deviation Mean Standard

Deviation p-value

Experience
Former Founder 1.00 0.00 0.49 0.50 0.00
Exited Entrepreneur 0.61 0.49 0.32 0.47 0.00
Executive (e.g., CEO) 0.89 0.32 0.94 0.24 0.24
Technical (e.g, data analyst) 0.27 0.45 0.32 0.47 0.52
Academic (e.g., lecturer) 0.05 0.21 0.06 0.24 0.70

Highest Degree
Bachelor 0.41 0.50 0.30 0.46 0.17
Master (Excl. MBA) 0.14 0.35 0.11 0.32 0.70
PhD 0.23 0.42 0.18 0.39 0.51

Major
STEM 0.61 0.49 0.50 0.50 0.19
Business (Excl. MBA) 0.14 0.35 0.16 0.36 0.76
MBA 0.16 0.37 0.38 0.49 0.01

Demographic
Female 0.07 0.25 0.22 0.41 0.03
Age 51.59 11.32 46.28 10.84 0.01

Mentoring
Mentorship Hours Committed 27.91 16.20 22.73 20.64 0.13
Unique Startups Mentored 4.50 3.09 4.07 3.36 0.45

Notes: This table compares the characteristics of angel and VC mentors.

worked and the positions held. If listed as a founder, I further record whether they exited via an

acquisition or IPO. Educational histories include degree levels and majors.

Table 1 describes the 44 angel and 148 VCs in my sample. In terms of both prior founding

experience and exit, angels have twice as much operating experience as VCs. However, angels and

VCs are similar in terms of managerial, technical, and academic work experience. Educational

background is also balanced across majors and highest degrees earned, though VCs are twice more

likely to have an MBA degree. Angels are also older and less likely to be female. Lastly, the two

are similar in terms of the amount of time they commit to mentoring and the number of distinct

startups they choose to mentor.

Table 2 describes the 253 seed-stage companies in my sample. Pre-program information comes

from startup applications, first session dossiers, and Internet searches, while post-program funding
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data are sourced from commercial databases and validated with detailed financing terms sourced

directly from founders and mentors.5 The startups in my sample are predominantly early-stage,

high-technology ventures run by young, first-time founders. To assess the representativeness of

the sample, I compare its characteristics with those of other U.S.-based high-technology startup

samples.

The number of founders (2.6) and employees (4.1) is similar to the 2.6 founders and 3.4

employees found in the sample of seed-stage startups in AngelList (Bernstein et al., 2017), and

the 2.9 founders in the MIT E-Lab startups (Hsu, 2007a). Regarding the development stage, 23%

have a prototype when applying to the program, which is slightly lower than 29% of university-

based projects in the U.S. (Jensen & Thursby, 2001). For IP appropriation strategy, Gans et al.

(2002) report that funded SBIR ventures give a score of 3.5/5 to the importance of patenting.

Following their methodology, I label a binary variable equal to 1 if founders state that they protect

their intellectual property by patenting. 71% state they are or will be using patenting as their IP

protection strategy, though likely a much lower fraction will file for or be granted a patent–during

the 8-month study period, only 13% did.

The median amount of capital raised and revenues generated before joining the program are

zero, reflecting the early stage of the startups in my sample. The mean capital raised before joining

the program is approximately USD$370 thousand, which is higher than the USD$304 thousand

in AngelList startups (Bernstein et al., 2017). Assuming startups were worth close to zero before

joining CDL, the four-year step-up in valuation is $10 million, which is much higher than the $2.24

million step-up over eight years in startups that received their first round of VC funding between

2002 and 2010 (Ewens et al., 2018).

Moving to founder characteristics in Panel B, founders are more educated, younger, and less

experienced than in comparable samples. Half of the teams have at least one PhD founder, twice

the number of startups in MIT E-Lab and MIT Venture Mentoring Services (Scott et al., 2020).

The average team age of 34 is lower than the age of 40 found in Ewens et al. (2018) and the

2010 Global Entrepreneurship Monitor (Liang et al., 2018), though neither of these samples are

5 Aggregate equity value created by alumni is the primary performance metric reported by CDL leadership to its board.
Thus, special care is taken to ensure funding records are accurate as designated staff leverage their relationship with
founders and investors to address inaccuracies, such as missing or incorrect funding amounts and unsuccessful raises
that should be excluded from the database.
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Table 2: Summary Statistics of Startups

N = 253 Mean Median Standard
Deviation Min Max

Panel A: Venture Characteristics
Founding Team Size 2.55 2 1.22 1 8
Firm Size 4.13 3 5.52 0 50
Has Prototype 0.23 0 0.42 0 1
IPS Patenting 0.71 1 0.46 0 1
Pre-Program Capital ($Million) 0.51 0 1.52 0 20
Pre-Program Revenue ($Million) 0.15 0 0.49 0 5
Post-Program Funding ($Million) 3.80 0 15.90 0 218
Post-Program Valuation ($Million) 10.05 0 37.89 0 507

Panel B: Founder Characteristics
Num. PhD Founders 1.04 1 1.22 0 5
Has PhD Founder 0.55 1 0.50 0 1
Mean Founder Age 34.40 32 8.77 19 68
Has Founding Exp. 0.41 0 0.49 0 1
Has Startup Work Exp. 0.42 0 0.50 0 1
Has Female Founder 0.26 0 0.44 0 1

Notes: This table describes the characteristics of startups. Financing and revenue amounts are in Canadian dollars.

constrained to seed-stage technology-based companies. In terms of experience, 41% of founding

teams have a former founder, slightly less than in Ewens et al. (2018). Only 26% have at least one

female founder, reflecting the documented underrepresentation of women in tech entrepreneurship

(Ruef et al., 2003; Harrison & Mason, 2007).

3 A Novel Typology of Early-Stage Startup Activities

Figure 3 displays the classification system I develop and use to categorize startup objectives.

This classification leverages 4,542 business objectives extracted from venture dossiers (the top of

Figure 1) to link granular startup activities to the foundations of strategy. Akin to the case study

method of Eisenhardt (1989), I develop thismodel by documenting early firmdevelopment in several

hundred startups during a seven-year research fellowship at CDL. To implement the classification,

I draw on bodies of knowledge in strategy, economics, and finance to define conceptual categories

of entrepreneurial activity, then use a replicable labeling procedure to classify business objectives

from my setting into these categories. The present work builds on and extends few but notable
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existing classifications by Carter et al. (1996), Reynolds (2000), and Bennett & Chatterji (2023). In

Appendix D, I note similarities and differences between my classification and each of these existing

efforts.

Conceptual Categories:

Starting with experimentation, I follow an established literature to define it as tests that create real

options concerning product, market, and regulation (Levinthal, 2017; Kerr et al., 2014; Manso,

2016).6 This definition is based on the notion that experimentation is an approach to learning

under uncertainty, rather than a trial-and-error method (Ries, 2011; Blank, 2020), or a method

of inference (Koning et al., 2022). The classical competitive strategy also highlights learning

through analysis, whereby entrepreneurs generate options via search and optimize to a decision

(Porter, 1980). This approach underlies such theories as discovery-driven planning (McGrath &

MacMillan, 1995), multiple opportunity recognition (Shane, 2000), and search (March, 1991).

Following this literature, I define analysis as search and planning activities concerning product,

market, and organization (Shane & Delmar, 2004; Delmar & Shane, 2003).7

Compared to analysis, experimentation is more costly but also yields more accurate signals

(Aghion et al., 1991). Central to this paper, experimentation requires counterfactual thinking, a

skill that is developed via learning-by-doing, while analysis conforms to standard practices that can

be learned by studying or industry experience. For example, web platforms such as ProductBoard

utilize this standardization to offer business planning and product roadmapping services to startups.

The remaining two categories, implementation and resource acquisition, are distinct from the

first two in that they are not intended for learning. Implementation refers to the execution of

ideas such as sales, marketing, and product delivery, whereas resource acquisition pertains to the

appropriation of financial, intellectual, and human capital. Table 3 summarizes the key features

of these four conceptual categories, and Figure 4 displays the distribution of each category among

startup objectives. Interestingly, themedian occurrence of categories in firms’ prioritized objectives

is roughly equal, indicating the balanced importance of the conceptual categories.

6 Examples include “validate the accuracy of the machine learning model with new data,” “obtain signed letters of
intent to purchase,” and “compare viable paths to approval by consulting with an investigator.”

7 Examples include “identify ten types of cropswith the biggestmarket inNorthAmerica,” “identify specific beachhead
markets,” and “prepare capital forecast for next raise.”
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Figure 3: Typology of Startup Activities

Notes: This figure shows a hierarchical typology of startup activities. The left column called Activities is the list
of granular business functions obtained after grouping together objectives that are similar to each other. The middle
column called Tasks is a list of 12 course business tasks that contain related business functions. The right column called
Conceptual Categories correspond to the four types of startup activity derived from the literature. The connecting
lines show the mapping from activities to conceptual categories used to label individual business objectives.
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