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Abstract. Accredited investors finance more than 75,000 U.S. startups annually. We

explain how training aspiring entrepreneurs to pitch their new business ideas to these

investors affects their odds of continued funding discussions. We model accredited

investors’ decision to continue investigation as a real option whose value is a function of

their experience and the information contained in the entrepreneurs’ pitches. We derive

four hypotheses from the model, which we test through a field experiment that ran-

domly assigns pitch training at four elevator pitch competitions. The data support all four

hypotheses and are inconsistent with alternative explanations.
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If you are an entrepreneur, you have less than 60 seconds

to get an investor’s attention.

—Brad Feld (2012), managing director of the Foundry

Group and founder of Techstars accelerator.
1

1. Introduction
Entrepreneurs often try to attract potential investors

with a short verbal introduction to their businesses

called an “elevator pitch” (Getty 2014, Clark 2008). The

pitch, usually less than twominutes in length, provides

an initial glimpse of the venture idea
2

with the goal

of engaging the investor in further conversation and,

ultimately, obtaining financing.

Because many entrepreneurs and investors think

that elevator pitches are important, the Internet is re-

plete with examples of those used by the founders

of well-known startups, such as Airbnb, Uber, and

Mint.com. In YouTube videos and blog posts, promi-

nent entrepreneurs and investors recount stories of

how a brand-new startup’s initial pitch was the first

step to raising millions of dollars and allowed a team

with littlemore than an idea to begin building a billion-

dollar company.
3

Universities and startup accelerators have institu-

tionalized elevator pitching. Hundreds of U.S. uni-

versities hold elevator pitch competitions every year.

Collectively, the winners of these competitions have

gone on to raise billions of dollars in financing.
4

Many

startup accelerators provide elevator pitch training and

feature “demo days” where graduating entrepreneurs

pitch their businesses to investors. Finally, elevator

pitch training is part of entrepreneurship classes from

the high school through the MBA level.

Given the importance of pitching, a robust practi-

tioner literature has emerged to describe pitching “best

practice”—i.e., the way that practitioners collectively

believe pitching should occur (Coughter 2012, Getty

2014, Klaff 2011, McGowan 2014, Soorjoo 2012). In

addition, many leading investors have posted articles

and presentations online to provide advice on how to

prepare an effective elevator pitch.
5

These developments might suggest that academic

researchers have identified the key dimensions of effec-

tive pitching and how best to teach those things. How-

ever, for at least two reasons, the existing body of work

on pitching does not provide convincing evidence on

these issues (Mason and Harrison 2003, Foo et al.

2005, Grégoire et al. 2008, Chen et al. 2009, Maxwell

et al. 2011, Nagy et al. 2012, Parhankangas and Ehrlich

2014, Coughter 2012, McGowan 2014, Clark 2008).

First, researchers lack knowledge of the true causes

of pitch performance. While the experimental method

is best suited to measuring causal effects, most stud-

ies of pitching are anecdotal or use observational data.

No randomized experiments have thus far explored

the value of pitch training on efforts to attract equity
investors.

Second, the practitioner literature generally assumes

that pitch training will improve an entrepreneur’s

chance of interesting an investor in their idea. However,

this assumption is likely to be incorrect. Pitch training

focuses on the delivery of useful information about the
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venture idea and the people pursuing it. It is not a tool

to improve the venture idea itself.

We argue that pitch training helps entrepreneurs to

convey their ideas more accurately, thereby enabling

investors to better distinguish between good and bad

ideas. Pitch training is therefore welfare enhancing to

investors and entrepreneurs with high-quality ideas

but, at least in the short run, not to entrepreneurs with

low-quality ideas.

We develop a simple model that begins with the

assumption that pitch training makes entrepreneurs

better at conveying their ideas to investors, who treat

the decision to further investigate an idea as a real

option. We test the predictions of the model with a

field experiment in which we randomly assigned par-

ticipants in four elevator pitch competitions to either a

training or null treatment and then to a panel of judges.

Prior research does not consider how an important

investor characteristic—experience—influences recep-

tiveness to pitches. However, the practitioner literature

(e.g., Rose 2014) has long noted that experienced and

inexperienced
6

early-stage investors behave very differ-

ently. Our model recognizes that investor experience

influences the expectations (“priors”) investors have

about ventures and that this, in turn, influences the

effectiveness of pitching and pitch training.

Our results show that pitch training affects pitch per-

formance in ways consistent with our model but not

with alternative explanations. Training increased the

use of best-practices elements in pitching by about one-

third of a standard deviation. It had a positive effect

on experienced investors’ evaluation of high-quality

pitches but negative effects otherwise. Pitch training

helps investors to distinguish between high- and low-

quality venture ideas more efficiently, which means it

is more valuable to entrepreneurs with high-quality

ideas than those with low-quality ones. These results

have normative implications for how to train aspiring

entrepreneurs to pitch experienced investors.

2. Theory
The venture investor’s decision process has been lik-

ened to finding a needle in a haystack. There are a

large number of new ventures seeking funding but

only a small number of them will ever produce excess

returns. Early-stage investment thus provides the pos-

sibility of receiving enormous profits from success-

ful choices (Huang and Pearce 2015), but, even after

winnowing out the vast majority of opportunities pre-

sented to them, 90% of the companies that investors

actually fund result in complete losses of their capi-

tal (Rose 2014). Therefore, in making their decisions,

investors seek to balance the opportunity tomake enor-

mous profits from backing a “home run” with the like-

lihood that any given venture they fund will do little

more than lose their capital (Huang and Pearce 2015).

This problem is far from trivial. Investors will back

a handful of the ventures that entrepreneurs pitch to

them, and will do so only after spending considerable

time investigating those investment opportunities. At

the same time, the practitioner literature is rife with

examples of investors who saw pitches for companies

like Facebook, Google, and Apple Computer, but chose

to pass on further investigation. The pattern of returns

leads investors to evaluate ventures in stages, allow-

ing a larger number of entrepreneurs to initially make

brief presentations, but seeking subsequent meetings

to gather additional information from only a small

fraction of them (Carpentier and Suret 2014, Maxwell

et al. 2011). At each stage of the investigation process,

investors sort ventures into those for which they will

devote an increasing amount of time to investigate and

those that are winnowed out (Clark 2008). Each stage

of this process is akin to purchasing a real option. The

option allows an investor to make a subsequent deci-

sion to continue investigating or to stop after having

learned some additional information.

At the very beginning of the process, a given venture

has very low odds of continuing discussions with an

investor, let alone receiving financing. These low initial

odds mean that investors limit the amount of time they

will spend hearing about the venture idea. Typically,

an investor will listen only to a very short pitch (or read

a very short description of the venture) before making

a first decision about whether to continue or terminate

investigation (Maxwell et al. 2011). If the initial reaction

is negative, the entrepreneur will have lost his or her

opportunity to raise money with that investor.

We focus our attention on this very first stage of

entrepreneurs’ fund-raising efforts—the elevator pitch.

Because this pitch must be very short, it cannot gen-

erally provide a complete account of a venture idea

(Maxwell et al. 2011). For this reason, investors rarely

choose to invest in a new business solely on the basis

of an elevator pitch. The purpose of the pitch is to

motivate investors to continue the discussion in a more

substantial way, such as through a further meeting or

through the investor’s review of a business plan or

“pitch deck” (Getty 2014, Clark 2008). After listening

to an elevator pitch, investors make a decision to either

seek more information about the venture or cease con-

sideration of the idea. The decision to progress or not is

generally made without independent investor research

(Clark 2008).

2.1. The Investor’s Elevator Pitch Decision and the
Real Option to Invest

Our experiment investigates the first decision point fol-

lowing the investor’s initial introduction to a venture

via an elevator pitch. Figure 1 presents a decision tree

for an investor who considers how to invest a discrete

amount of capital k. We suppose that the return to
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Figure 1. Investor’s Decision Tree

View pitch

Initiate due
diligence?

Due diligence
cost z

Investment
choice

Default project
cost k

Default project
cost k

Pitched project
cost k

Earn r – z – k

Earn r – k

Learn signal s

Learn return r

No

1

2

Yes

Default Pitched

Earn r – z – k

˜

˜

entrepreneurial ventures is given by a random variable

R that follows the density f (R). The decision process

begins with viewing an elevator pitch, which generates

a noisy signal s of the true quality of the venture r. The
signal s is a realization of the random variable S that

has distribution g(S) and for which E(g(S))� r.
After receiving the signal s, the investor faces the

first decision. He or she either spends an amount z
to further investigate the venture by undertaking due

diligence or discontinues investigation and invests in

a default project that has expected returns r̃ > k.7 Due

diligence provides information about the true return r
to the venture that was pitched. Note that in reality

there may be many points at which an investor may

choose whether to continue investigating. We examine

only a single decision because it matches the struc-

ture of our experiment. Following due diligence, the

investor faces a second decision in which he or she

chooses between investment in the venture or the

default project.

The investor seeks to maximize the value of his or

her investment. The value at the first decision V
1
is the

maximum of the net return to the outside investment

and the expected value of the second decision V
2
given

the information s provided by the signal,

V
1
� max {r̃ − k ,E(V

2
| s)}.

If the investor has chosen to advance to the second

decision, he or she pays z and learns r. In the second

decision, he or she chooses between the venture and

the default investment. The value at the second deci-

sion is the maximum of these two alternatives,

V
2
� max{r̃ , r} − z − k.

We can simplify V
1
by substituting in V

2
and rearrang-

ing to get

V
1
� max {r̃ − k ,E(max {r̃ , r} − z − k | s)}.

We define the option value of proceeding to due dili-

gence v(s) as the difference in expected return between

purchasing and not purchasing the option at the point

of the first decision.

v(s)� E(max {r̃ , r} − z − k | s) − (r̃ − k).

We can also write v(s) as

v(s)� (r̃ − z − k)
∫ r̃

−∞
f (R | s) dR

+

∫ ∞

r̃
(R− z − k) f (R | s) dR− (r̃ − k).

The first term reflects the return earned by the investor

when due diligence reveals the venture to be worse

than the default investment and the option to invest is

not exercised. The value of the first integral is just the

probability that R < r̃. The second term reflects returns
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earned when due diligence reveals the venture to be

better than the default investment and the option to

invest in it is exercised, and the third term subtracts

the net return received if the investor decides not to

proceed to due diligence.

We can use Bayes theorem to rewrite v(s) in terms of

the distributions f (R) and g(S | r) as follows:

v(s)� (r̃− z− k)
∫ r̃

−∞

g(S | r) f (R)∫
g(S | r) f (R)dR

dR

+

∫ ∞

r̃
(R− z− k)

g(S | r) f (R)∫
g(S | r) f (R)dR

dR−(r̃− k).

(1)

2.2. Pitch Training, Investor Experience, and
Option Value

To use Equation (1) in the analysis of our pitch train-

ing experiment, we must specify how pitch training

affects the pitch signal g(S | r). Our pitch training inter-

vention was designed to increase the number of infor-

mation elements l that entrepreneurs included in their

pitches. We assume that l affects the precision of the

pitch signal s but not the venture’s expected value.

This assumption captures the fact that pitch training

is about what kinds of information to present and how
to present them and not about developing the venture

idea itself. (We recognize that other types of entre-

preneurship training may affect the value of the idea

itself.) We assume that the pitch signal is normally dis-

tributed with its mean at the true return r and with

precision proportional to the number of elements l in
the pitch,

g(S | r)� N(r, (λl)−1),
where λ > 0 is a scaling parameter and r is the true

return, which is unknown to the investor. We assume

that all pitches have at least one element so that the sig-

nal variance is finite. We make the testable assumption

that pitch training increases l, which thereby increases

the precision of the signal s.
To analyze howpitch training affects the value of due

diligence v(s) using Equation (1), we need to compute

the posterior distribution of R, which requires addi-

tional structure on f (R). We assume that the true distri-

bution of returns is standard normal N(0, 1). Although

investors may not have completely accurate priors

about the true distribution, we assume they have the

prior belief that the distribution of true returns is nor-

mal with mean zero and precision p,

f (R)� N(0, p−1).

In other words, all investors have correct beliefs about

the mean return to investments in new ventures but

may have incorrect beliefs about the variance. Note that

a belief about the precision p is equivalent to a belief

about the probability q that a venture returns more

than the default investment because, given this distri-

bution, there is a one-to-one relationship between q
and p.8

Investors differ in the duration of experience they

have had in investing in entrepreneurial ventures,

which has implications for how they value venture

ideas. We will label experienced investors E and novice

investors N . We assume that experienced investors are

less likely to believe that a venture will return more

than the default, or that qE < qN . In other words, they

believe that the upside potential of a randomly selected

venture is lower than inexperienced investors believe

it to be. Experienced investors also have more pre-

cise priors than inexperienced investors pE > pN , as a

result of learning that outcomes take longer to realize

than inexperienced investors believe. Note that these

differences between experienced and inexperienced

investors imply that experienced investors believe there

are fewer outcomes in the upper tail of the distribution,

where the option value of due diligence is positive.

Since both the likelihood g(S | r) and prior f (R) are
normally distributed and the normal distribution is

self-conjugate, the posterior density is normal with the

following parameters:

f (R | s)�
g(S | r) f (R)∫

g(S | r) f (R) dR
� φ

(
sλl

p + λl
,

1

p + λl

)
,

where φ( · , · ) is the normal density function. Note

that the mean of the posterior density is the precision-

weighted average of the prior mean of 0 and the pitch

signal s. We can therefore write

v(s , p , l , r̃)� (r̃ − z − k)
∫ r̃

−∞
φ

(
sλl

p + λl
,

1

p + λl

)
dR

+

∫ ∞

r̃
(R− z − k)φ

(
sλl

p + λl
,

1

p + λl

)
dr

− (r̃ − k). (2)

We solve the integrals in Equation (2) in Online Ap-

pendix A to get Equation (A2), an expression for option

value of due diligence as a function of the signal s
and parameters p, l, λ, and r̃. We use Equation (A2) to

predict the effect of differences in investor priors, pitch

training, and returns to the default investment on the

option value of a particular idea.

We derive and present four main results. We provide

an intuitive explanation of each result here and proofs

in Online Appendix A. In the following section, we use

these results to generate testable hypotheses for our

experiment.

Result 1. Option value v(s) is increasing in pitch ele-
ments l for pitch signals above a threshold s̄ and decreasing
in pitch elements l for pitch signals below s̄.
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Figure 2. (Color online) Effect of Pitch Elements on

Option Value

1.8 2.0 2.2 2.4 2.6 2.8

–0.006

–0.004

–0.002

0

0.002

0.004

0.006

0.008

s

p3 = 0.4

p2 = 0.3

p1 = 0.2

s3 s2 s1

Notes. The figure plots the partial derivative ∂v/∂l for three values

of the prior precision p
1
, p

2
, and p

3
. The values of s̄ corresponding to

these values are shown with stars. The plots set k � 2.33, λ � 1/10,

l � 10, and r̃ � 2.66.

In mathematical terms, ∂v/∂l < 0 for s < s̄ and

∂v/∂l > 0 for s > s̄. Intuitively, increasing the number of

elements increases the precision of the pitch signal. If

venture quality is high, increasing precision increases

the investor’s posterior belief that the venture will

return more than the default option, and the option

value will go up. Conversely, if venture quality is low,

increasing precision will reduce the likelihood that the

venture will return more than the default investment,

and the option value will fall. Figure 2 plots the par-

tial derivative ∂v/∂l and values of s̄ for some plausible

parameter values. Three different curves correspond

to different levels of prior precision. The analysis in

Online Appendix A shows that s̄ is in the upper tail of

the distribution of s for plausible parameter values.

Result 2. The threshold s̄ is decreasing in the prior preci-
sion p and increasing in the default return r̃.

The threshold s̄ at which the effect of additional ele-

ments switches from negative to positive falls as prior

precision p increases and rises as the default return r̃
increases. The relationship between s̄ and prior preci-

sion p, relevant for our discussion of investor experi-

ence, is illustrated in Figure 2.

Result 3. Option value v(s) is decreasing in the precision
of the investor’s prior p.

Recall that the prior mean is zero and that the invest-

ment cost k and default return r̃ are positive. This

means that when the prior precision rises, the poste-

rior mean falls, reducing the posterior probability that

a particular idea has a return greater than r̃ and a pos-

itive option value.

Result 4. Option value v(s) is decreasing in the default
return r̃.

The option value can be thought of as the expected

upside from spending z to conduct due diligence.

When the default investment has a higher return, it is

less likely that the pitched venture will be better than

the default return r̃, which makes doing diligence less

valuable.

2.3. Hypotheses
The model results suggest a set of hypotheses about

how pitch training will affect the scores that judges

assigned to participants in our experiment. After hear-

ing a pitch, our judges were asked to evaluate the like-

lihood that they would further investigate the idea in

four different ways. We aggregate their responses into

a score. The score corresponds to the option value of

due diligence analyzed in the model.

Our first hypothesis is that pitch training increases

the number of elements contained in pitches. Our pitch

training program was explicitly designed to increase

the elements participants included in their pitches

based on the findings of the practitioner literature.

Therefore, we expect that the subjects would respond

to the training as designed and add elements to their

pitches.

Hypothesis 1. Training increases the number of elements
contained in the pitches.

Our second hypothesis concerns inexperienced and

experienced investors. Result 3 showed that experi-

enced investors will give lower scores to a given pitch

than inexperienced investors. Recall that we assumed

that experienced investors have greater prior precision,

either because they have learned that outcomes take

a longer time to occur than novice investors believe

or because they think it is less likely that a venture

will return more than the default. Greater prior pre-

cision means experienced investors are less likely to

think that any particular venture will return more than

their default investment because greater prior preci-

sion gives less weight to the signal in the posterior.

Because experienced investors are less likely to think

that any particular venture will return more than their

default investment, they are less likely to engage in fur-

ther due diligence. As a result, experienced investors

will give lower scores (which measure their interest

in investigating the venture further) to any particular

venture than inexperienced investors.

Hypothesis 2. Experienced investors will give lower scores
to a given pitch than inexperienced investors.

The third hypothesis concerns the effect of pitch

training on the scores of ventures of different levels of

quality. Result 1 showed that increase in elements has

an effect on option value that switches from negative

to positive at a threshold s̄. This means that provid-

ing more elements in a pitch is beneficial when the
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quality of the venture idea is above the threshold, but

not below it. Because training induces entrepreneurs

to increase the number of elements in their pitches, the

value of training is thus greater when the venture is of

higher quality. We therefore predict that training will

have a more positive effect at higher quantiles of the

quality distribution than at lower ones andwill thereby

increase the variance of scores.

Hypothesis 3. Training will have a more positive effect on
upper quantiles of the quality distribution than lower quan-
tiles and will therefore increase the variance of scores.

Since s̄ is in the upper tail of the distribution, the

model further suggests that training will have a nega-

tive effect on most ventures, and that, to the extent the

effect of training on elements is constant, the average

effect may be negative.

As we have explained, pitch training increases the

precision of the signal about venture quality. Increas-

ing the signal precision increases the degree to which

the investor will rely on it relative to his or her prior

beliefs about ventures in general. How this signal

affects the value of due diligence depends on the ven-

ture’s quality. If the venture’s quality is low, greater

precision increases the investor’s confidence that the

venture actually will have a low return, and makes the

option of proceeding to due diligence less valuable.

Similarly, if the venture’s quality is high, greater pre-

cision increases the investor’s confidence that the ven-

ture will have a high return, and makes the option of

proceeding to due diligence more valuable.

Experienced investors have greater prior precision p
because they have a better understanding of the time

it takes for ventures to achieve a positive or negative

outcome and amore accurate sense of themagnitude of

the upside of the most successful ventures. According

to Result 4 and as illustrated in Figure 2, this implies

that the level of s̄ is lower for experienced investors

than inexperienced investors. Therefore, at all levels of

s, the effect of the entrepreneur’s providing additional

elements in the pitch is more positive for experienced

investors than inexperienced ones.

Hypothesis 4. Training has a more positive effect on expe-
rienced investors than inexperienced investors at all score
levels.

3. Methods
We conducted a field experiment at elevator pitch com-

petitions to test our hypotheses. In elevator pitch com-

petitions, entrepreneurs deliver short pitches to judges

to win prize money. Pitch competitions are a popular

way for younger entrepreneurs to gain experience at

pitching, and hundreds are held annually across the

United States (Brooks et al. 2014). We ran four competi-

tions at Northeast Ohio universities in the fall of 2015.

Participants had 90 seconds to present their own orig-

inal business idea. The competitions ran from 9 a.m. to

4 p.m. on a Saturday. Each of the competitions had iden-

tical prize money: first place was $2,500, second place

was $1,000, and third place was $500.

3.1. Experimental Design and Procedures
Participants signed up in advance using an online tool.

They agreed to be randomly assigned to five differ-

ent training treatments. The training was delivered by

video. Random assignment to treatment was stratified

by gender and prior experience pitching. Information

on these variables was collected at sign-up.

All five treatments explained the purpose of an

elevator pitch.
9

Four of treatments provided detailed

training on how to pitch to investors.
10

We call these

treatments pitch training. The pitch training treatments

varied in the aspects of pitching emphasized and the

use of illustrative examples. The fifth treatment pro-

vided training on venture finance without any infor-

mation on pitching. We call this treatment the null.
Table 1 shows the types of training. In this study, we

have collapsed the treatments into two categories: pitch
training and null. Participants in the null category were

given minimal training about pitching, while those in

the pitch training category were given detailed training

about pitching.

Participants were also randomly assigned to a panel

of judges to whom they would give their pitch and

to a place in the order of pitching for that panel. The

random assignment of both training and judges allows

us to test hypotheses that contrast the responses of

experienced and inexperienced judges to the training

treatment.

When they arrived at the competition, participants

checked in and were directed into a holding room

where they completed a demographic survey. Once

check-in was complete, each participant was randomly

assigned a treatment group, judge panel, and place

in the pitch order. Each treatment group had a facili-

tator that stayed with the group throughout the day.

The facilitator assembled the participants in his or her

group and led them to a separate training room.

Once in the training room and settled, the partici-

pants wrote a first draft of their elevator pitch. They

Table 1. Treatments and Training Groups

Training Pitch concepts

Treatment group covered Training methods

Null 1 Basic

2 Basic+Content Theory

Pitch 3 Basic+ Style Theory+Example

training 4 Basic+Content Theory

5 Basic+ Style Theory+Example
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were reminded that pitches were limited to 90 sec-

onds and were to be delivered without props, notes, or

slides. Participants had 15minutes to write their drafts.

The drafts were collected for copying.

The participants then received 30 minutes of video-

based training. Each training video was presented by

the same actor. Six main topics, covering either pitch

content or pitch style, were covered in each of the pitch
training treatments. The content topics were identifica-

tion of a customer need, the venture’s value proposi-

tion, the venture’s market, the entrepreneur’s expertise

in this domain, competitive advantage, and the deal

for investors. The style topics were use of narrative,

engagement with the audience, attractive framing of

ideas, evidence of preparation, clarity, and good com-

munication style. Three basic elements common to all

treatments were identification of a key message, moti-

vating the investor to care about the venture, and mak-

ing a request for support.

The treatments that used examples had an actor

demonstrating key points using a pitch for a hypothet-

ical business called Cup Ad. While the video was play-

ing, we copied the first-draft pitches to use for anal-

ysis. The originals were returned after the video was

completed.

After viewing the video, participants were given a

short bulleted summary of the main points covered

and were asked to write a final draft of their pitch. Par-

ticipants had 45minutes towrite their final draft. At the

end of this period,we collected the final drafts for copy-

ing while the participants were provided with lunch.

The final drafts were then returned to the participants.

The final step was to deliver the 90-second ele-

vator pitch to a randomly assigned panel of three

to four judges. Each panel was seated in a sepa-

rate room. Participants were called from their training

rooms in their randomly assigned order to pitch to the

panel. The pitches were limited to 90 seconds using a

timer. The panel asked one question of each presenter,

which the presenter then answered. On completion of

the pitch and question and answer period, the judges

scored the pitch immediately. The participant was then

asked to leave the area of the experiment and return

later to learn the results of the competition.

The judges scored the pitches using seven-point

Likert-scale questions from “strongly disagree”

to “strongly agree.” There were four questions:

(1) “I would pursue a follow-up meeting to learn

more about the venture,” (2) “I would be interested in

seeing the business plan for this venture,” (3) “I would

recommend this opportunity to a co-investor,” and

(4) “I would initiate due diligence on this venture.”

Responses were aggregated into a score that ranges

from 4 to 28.

The judges were also asked to rate the content

and style of the pitches with two seven-point Likert-

scale questions from “very poor” to “excellent.” The

two items were (1) “the content of this elevator pitch

was . . . ” and (2) “the presentation style of this elevator

pitch was . . . ”.
Judges were recruited from the Northeast Ohio

entrepreneurship ecosystem. All judges were accred-

ited investors,
11

but they varied in their early-stage

venture finance activity. We used this information to

identify those who were venture capitalists, business

angels, members of investment support organizations

(what we call mentors), entrepreneurs, and senior

managers of large companies.

3.2. Pitch Elements and Idea Quality
To measure the elements contained in the pitches,

we had six undergraduate students code both the

initial (pretraining) and final (posttraining) drafts of

the pitches. The coders did not know the identity of

the participants, the treatment they had received, or

whether a particular draft was an initial or final draft.

The coders were asked to identify the presence or

absence of six dimensions of content, six dimensions of

style, and the three basic elements common to all treat-

ments that were outlined above. We refer to these 15

dimensions as pitch elements and compute the average

number present across all coders for each participant’s

first and final draft. The evaluations of the presence

or absence of elements was quite similar across the

coders. The intraclass correlation of the average num-

ber of elements measured by the six coders was 0.82.

To measure the overall quality of the business ideas

participants chose to pitch, we had three undergrad-

uate students who had taken and received a grade

of “A” in an upper-level entrepreneurial finance class,

and who had not coded the first and final drafts for

presence of the elements, evaluate the “quality” of the

ventures. The students in this class (which involved

having venture capitalists, business angels, members of

business accelerators, and other members of the entre-

preneurship ecosystem around the country speak to

them about entrepreneurial finance via telepresence)

had learned from prominent angels (members of the

Angel Capital Association Board) and prominent ven-

ture capitalists (partners at firms like Greylock and

Sequoia Capital) the dimensions of startup companies

that are appealing to investors.

The three students each read each of the first-draft

pitches and coded them for the quality of the business

described using a 10-point Likert scale. In conducting

their evaluation, the students were asked to apply the

concepts that they had learned from prominent practi-

tioners about what makes an attractive startup venture

and then form their own subjective evaluation.

The quality measure used in our analysis was the

sum of the three evaluators’ quality scores. The intra-

class correlation of the average evaluations of quality

of the three coders was 0.73.

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

13
4.

22
5.

1.
22

6]
 o

n 
19

 J
un

e 
20

18
, a

t 0
1:

13
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 

Altair Camargo

Altair Camargo

Altair Camargo

Altair Camargo

Altair Camargo



Clingingsmith and Shane: Training Aspiring Entrepreneurs to Pitch Experienced Investors
8 Management Science, Articles in Advance, pp. 1–16, ©2017 INFORMS

3.3. Participant and Judge Characteristics
We relied primarily on the survey completed by par-

ticipants to obtain information about their character-

istics to use in the analysis. These characteristics are

described in Table 2. We additionally used Internet

searches to determine whether participants had been

involved in an entrepreneurial venture before the com-

petition. The sources for the additional information

search included LinkedIn, company websites, and the

state of Ohio’s database of legal entities.

It is important to note that these measures are used

largely to check our efforts to achieve randomiza-

tion. The training was randomly assigned across the

participants.

We developed measures of judge characteristics pri-

marily through their LinkedIn profiles and the entre-

preneurial information aggregator CrunchBase. We

developed two primary measures of experience evalu-

ating new ventures. The first measure is whether the

Table 2. Descriptive Statistics

Mean| Mean| Equality

PT i � 1 PT i � 0 of means,

Participants, N � 271 Mean SD (n � 216) (n � 55) p-value

Age 22.7 5.8 22.5 23.6 0.26

Female 0.32 0.32 0.33 0.95

White 0.56 0.57 0.55 0.78

Asian 0.25 0.24 0.26 0.88

Pitched before 0.29 0.29 0.29 0.99

Has existing business 0.17 0.16 0.20 0.52

Idea quality in first draft 4.22 1.66 4.24 4.16 0.73

Pitch elements in first draft 8.25 1.91 8.25 8.27 0.93

Graduate student 0.26 0.26 0.27 0.83

Studies STEM field 0.36 0.36 0.33 0.65

One or more entrepreneurship classes 0.50 0.50 0.47 0.70

One or more business classes 0.63 0.63 0.64 0.90

CWRU student 0.49 0.49 0.49 0.98

Kent student 0.18 0.18 0.16 0.72

JCU student 0.20 0.19 0.24 0.46

Judges, N � 50 Mean SD

Years since college 26.8 12.0
Female 0.14

MBA 0.40

Lawyer 0.18

Venture capitalist 0.18

Angel investor 0.22

Mentor 0.28

VC/angel/mentor 0.54

Active entrepreneur 0.16

Listed as investor in CrunchBase 0.36

Positive exit in CrunchBase 0.26

High volume of early-stage deals 0.52

Interacts with students 0.18

Biomedical operating exp. 0.22

Software operating exp. 0.18

CWRU affiliate 0.26

Note. Equality of means p-values are from two-sample t-tests.

judge has seen a high volume of early-stage deals.

To implement this measure, we identified the num-

ber of early-stage deals in which each judge had been

involved, as measured by CrunchBase, and created a

dummy variable equal to one for those at or above the

median. The second measure was whether the judge

indicates being a venture capitalist, business angel, or

startup mentor as part of their professional identity, as

indicated by their LinkedIn profile. Again, we used a

dummy variable equal to one to indicate each of these

characteristics.

3.4. Data Analysis
This section describes the regressions we use to ana-

lyze the data collected in the experiment. We measure

the effect of pitch training on the elements that par-

ticipants include in their pitches using a regression at

the participant level. Let i index the participants and

p index the panel of judges to which a participant was
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assigned. The elements included in the final draft is yip .

In the specification

yip � µp + δPT
i
+X

′

iθ+ εip , (3)

the coefficient δ measures the effect of pitch training

PT i on elements in the final draft. The term µp is a

judge panel fixed effect. We include this fixed effect

only to improve the precision of our estimates. Since

participants are randomly assigned to panels, includ-

ing it does not affect the estimate of δ in expectation.

The vector Xi contains participant-level control vari-

ables, including dummy variables for the randomly

assigned pitch order, and εip is an error term.

We measure the effect of pitch training on judges’

scores using a regression at the judge–participant level.

Let si j be a score assigned by judge j to the pitch deliv-

ered by participant i. In the following specification, the

coefficient β measures the effect of pitch training on

score:

si j � α j + βPT i +X
′

iθ+ εi j . (4)

The term α j is a fixed effect that captures judge-specific

variation in scoring. The vector Xi contains participant-

level control variables, including dummy variables for

the randomly assigned pitch order. The term εi j repre-

sents unexplained variation in scores. When we com-

pute standard deviations for this regression, we allow

for arbitrary correlation of the εi j at the participant

level as variation in our variable of interest PTi occurs

at that level (Moulton 1990).
12

When testing whether there is a difference in the

effect of training for judges by experience level, we

modify Equation (4) to include an interaction between

PT i and an experience dummy E j . The coefficient βE
in the following regression measures the differential

effect of pitch training on for experienced judges:

si j � α j + βE(PT i ×E j)+ βPT i +X
′

iθ+ εi j .

Note that since the indicator E j is a linear combination

of the fixed effects α j , a main effect for E j does not

appear in the regression.

4. Results
A total of 271 entrepreneurs from 10 Northeast Ohio

universities and 50 judges participated in the compe-

titions. Table 2 provides descriptive statistics for both

participants and judges. The average age of partic-

ipants was 23. Most were male (68%) undergradu-

ates (74%). More than half had taken courses in busi-

ness or entrepreneurship. A third had given a pitch

before. The average judge was in his late forties. Only

14% of judges were female. More than half were active

venture capitalists, business angels, or mentors. All

were accredited investors.

Random assignment of participants to the pitch train-
ing or null treatments ensures that the expected value

of any participant characteristic will be the same,

or balanced, across treatments. We stratified random

assignment by gender and prior experience to mechan-

ically ensure balance there. However, it is possible

that random assignment could be unbalanced across

other characteristics that might be correlated with our

variables of interest. To check this possibility, Table 2

also presents means of participant’s characteristics for

the pitch training group and the null group and the

p-value for a t-test of the null hypothesis that the mean

characteristics are identical across groups. We addi-

tionally show that the pitch training balanced across

judge experience characteristics for selected variables

in Online Appendix Table B1.

We will now analyze the experiment to test the hy-

potheses developed in Section 3. The first two hypothe-

ses relate to assumptions regarding the effect of train-

ing and the experience of judges.

Our first hypothesis is that pitch training will in-

crease the elements contained in pitches. There is

strong support for this hypothesis in the data. Table 3

shows the effect of training on the number of pitch ele-

ments present in the participants’ final drafts. The aver-

age participant had 9.3 of 15 elements present. Note

that this is not the same as saying nine separate sen-

tences are included in the pitch. Some elements relate

to the pitch as a whole, and a single sentencemay show

the presence of more than one element.
13

Pitch training increases the number of elements by

about 0.6 (column (1)). Adding dummy variables for

the randomly assigned pitch panel and pitch order

does not affect the coefficient (column (2)), nor does

adding a set of controls for participant characteristics

(column (3)). The effect is statistically significant at the

5% level in all three specifications. The effect of train-

ing is about one-third of a standard deviation in size,

Table 3. Final Draft Elements on Pitch Training

(1) (2) (3)

Pitch training 0.57
∗∗

0.59
∗∗

0.56
∗∗

(0.26) (0.27) (0.22)
Constant 8.80

∗∗∗

(0.24)
N 0.01 0.01 0.32

Adjusted R2

271 271 271

Controls N N Y

Pitch panel, order dummies N Y Y

DV mean 9.25 9.25 9.25

Notes. Standard errors are robust. Asterisks indicate statistical sig-

nificance of tests of the null hypothesis that the coefficient is zero:

∗∗p < 0.05;
∗∗∗p < 0.01. Controls include first draft elements, whether

pitched before, experience operating a business, gender, whether a

graduate student, and university affiliation. Panel dummies indicate

the panel of judges to which a participant pitched. Order dummies

indicate randomly assigned pitch order.
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which is quite large given the relatively short length

of the intervention. Pitch training has a uniform effect

across the quantiles of score (see Online Appendix

Figure B1).

Note that the effects of training lie in the addition

of multiple elements rather than the addition of one

particular element. The effects of training on individ-

ual elements are shown in Online Appendix Table B2.

The only negative point estimates are on those ele-

ments common to both pitch training and null training

(panel A). The point estimates for all content and style

elements for which some participants were randomly

trained to include are positive (panels B and C). While

the size of each individual effect varies, no single ele-

ment accounts for more than 16% of the total effect of

the elements.

Our second hypothesis is that experienced investors

will give a lower score to a given pitch than inexpe-

rienced investors. Recall that this hypothesis reflects

the assumption that experienced investors have more

precise priors. In Table 4, we restrict our attention to

participants who received the null treatment. Shown

are regressions of the judge’s score on a dummy

variable for whether they are experienced. We first

define experience by early-stage deal volume. Experi-

enced judges gave scores that were 2.3 points lower

on average unconditionally (column (1), p < 0.01) and

1.8 points lower with controls and order dummies

included (column (2), p < 0.05). The size of the differ-

ence is about one-third of the standard deviation of

score. When experience is defined as those who are a

VC, angel investor, or mentor, the effects are slightly

larger (columns (3) and (4)). These results support the

hypothesis that experienced judges, by either of the

definitions we use, have more precise priors. Online

Table 4. Regressions of Score on Judge Experience in the

Null Treatment

Experience defined as Experience defined as

high early-stage being a VC, angel

deal volume investor, or mentor

(1) (2) (3) (4)

Experienced −2.29
∗∗∗ −1.84

∗∗ −3.31
∗∗∗ −2.37

∗∗∗

judge (0.84) (0.81) (0.83) (0.88)
Constant 16.07

∗∗∗
16.69

∗∗∗

(0.71) (0.70)
N 182 182 182 182

Adjusted R2

0.04 0.24 0.08 0.26

Controls N Y N Y

Order dummies N Y N Y

DV mean 14.88 14.88 14.88 14.88

Notes. Standard errors are corrected for clustering at the participant

level. Asterisks indicate statistical significance of tests of the null

hypothesis that the coefficient is zero:
∗∗p < 0.05;

∗∗∗p < 0.01. Controls

include first draft elements, whether pitched before, experience oper-

ating a business, gender, whether a graduate student, and university

affiliation. Order dummies indicate randomly assigned pitch order.

Table 5. Score on Pitch Training

(1) (2) (3)

Pitch training −0.43 −0.56 −0.61

(0.66) (0.54) (0.47)
Constant 14.88

∗∗∗

(0.59)
N 897 897 897

Adjusted R2

0.00 0.24 0.33

Controls N N Y

Order, judge dummies N Y Y

DV mean 14.54 14.54 14.54

Notes. Standard errors are corrected for clustering at the participant

level. Asterisks indicate statistical significance of tests of the null

hypothesis that the coefficient is zero:
∗∗∗p < 0.01. Controls include

first draft elements, whether pitched before, experience operating a

business, gender, whether a graduate student, and university affilia-

tion. Judge dummies indicate identity of randomly assigned judge.

Order dummies indicate randomly assigned pitch order.

Appendix Table B3 shows that the standard deviation

of judge scores do not vary substantially by experience

category.

We show the average effect of pitch training on score

in Table 5. The point estimate is small, negative, and

statistically indistinguishable from zero (column (1)).

Adding order and judge dummies (column (2)) and

controls (column (3)) does not change the picture.

The third hypothesis is that pitch training has more

positive effects on the upper quantiles of score than the

lower quantiles. Figure 3 presents pitch training effects

from quantile regressions that include order and judge

effects as well as participant controls. (Regressions are

available in panel A of Online Appendix Table B4.) The

effects of training at the 20th and 40th quantiles are

negative and statistically significant, with magnitudes

Figure 3. Effects of Pitch Training on Score by Quantile
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Notes. The graph show treatment effects on quantiles of the score

distribution with 95% confidence intervals. The effects are estimated

using quantile regressions of score on pitch training, controls, and

judge and order dummies. Controls include first draft elements,

whether pitched before, experience operating a business, gender,

whether a graduate student, and university affiliation.
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Table 6. Regressions of Score on Pitch Training by Judge Experience

Experience defined as high Experience defined as being a VC,

early-stage deal volume angel investor, or mentor

Inexperienced Experienced Inexperienced Experienced

(1) (2) (3) (4)

Pitch training −1.72
∗∗∗

0.44 −1.72
∗∗∗

0.40

(0.58) (0.60) (0.57) (0.62)
N 438 459 414 483

Adjusted R2

0.35 0.31 0.37 0.29

Controls Y Y Y Y

Order, judge dummies Y Y Y Y

DV mean 14.87 14.24 15.29 13.91

Notes. Standard errors are corrected for clustering at the participant level. Asterisks indicate statistical significance of

tests of the null hypothesis that the coefficient is zero:
∗∗∗p < 0.01. Controls include first draft elements, whether pitched

before, experience operating a business, gender, whether a graduate student, and university affiliation. Judge dummies

indicate identity of randomly assigned judge. Order dummies indicate randomly assigned pitch order.

of −1.53 and −104. The effect at the 60th percentile is

−0.37 but is not statistically distinguishable from zero.

The effect at the 80th percentile is −0.10 and is also

not statistically distinguishable from zero. A test using

simultaneous bootstrap estimation fails to reject the

null that the 80th percentile effect is greater than the

20th percentile effect with p � 0.04.

The fourth hypothesis suggests that the effect of

training will be more positive for experienced investors

than inexperienced investors. We first explore average

effects. Table 6 presents separate regressions of pitch

training on score for experienced and inexperienced

investors including order and judge dummies as well

as participant controls. Results using the early-stage

deal volume measure of experience are shown first.

Pitch training reduces the average score by 1.7 points

for inexperienced investors (column (1), p < 0.01), or

about 0.3 standard deviations, but has no statistically

significant effect for experienced investors (column (2)).

The results are the same using the VC/angel/mentor

definition of experience (columns (3) and (4)). Online

Appendix Table B5 presents interacted regressions that

show that the more positive effect of training on expe-

rienced judges is statistically significant at 1% for the

deal volume definition and at 5% for the VC/angel/

mentor definition.

Next, we look at the effects of training across quan-

tiles of the score distribution for experienced and in-

experienced investors. We compute the effects using

interacted specifications that include order and judge

dummies and controls. The results are shown in Fig-

ure 4. Panel A uses the early-stage deal volume def-

inition of experience. The estimates for experienced

(high-volume) judges are greater at all quantiles. The

differences are statistically significant at the 20th, 40th,

and 80th quantiles. The same pattern of point estimates

holds for the VC/judge/mentor definition of experi-

ence in panel B, though the differences are statisti-

cally significant only for the 40th and 80th quantiles.

(Quantile regressions are available in panels B and C

of Online Appendix Table B4.)

The results are robust to different specifications of

pitch performance, and different statistical techniques.

The results were also qualitatively the same when the

regressions predicting these measures were ordered

probits. Finally, the results were qualitatively the same

when we dropped mentors, angels, or VCs from ex-

perienced-judge measure, and were qualitatively the

samewhenwemeasured experienced investors as ven-

ture capitalists or angels only.

To ensure that we were truly capturing the effects of

pitch training on the key goal of an elevator pitch—

to continue discussions with investors—we reran all

of our analyses predicting the single item “I would

pursue a follow-up meeting to learn more about the

venture.” All of our results are qualitatively the same

when this single item is used in place of our SCORE

measure.

4.1. Alternative Mechanisms
Wehaveargued thatpitch training changes judge scores

via the elements participants put in their pitches. For

experienced judges, training leads to positive effects on

the upper quantiles of the score distribution and neg-

ative effects on the lower quantiles. For inexperienced

judges, the effects are all negative. This pattern is con-

sistent with training increasing the precision of pitches

and the experienced judges having more precise priors

than the inexperienced ones.

For a different mechanism to be a convincing alter-

native to elements as the channel through which

training affects scores, it would need to produce the

observed results. We consider and reject several alter-

native mechanisms below.

4.1.1. Training Improves Venture Idea Quality. An al-

ternative mechanism for the effect of training is that

training improves the quality of the participants’ ven-

ture ideas. However, if training improved the quality of
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Figure 4. Effects of Pitch Training on Score by Quantile and

Judge Experience

Notes. The graphs show treatment effects on quantiles of the score

distribution with 95% confidence intervals. The effects are estimated

using quantile regressions of score on pitch training, and interaction

between pitch training and experience, controls, and judge and order

dummies. Controls include first draft elements, whether pitched

before, experience operating a business, gender, whether a graduate

student, and university affiliation. Panel dummies indicate the panel

of judges to which a participant pitched. Order dummies indicate

randomly assigned pitch order.

the participant’s ideas, it would increase the pitch sig-

nal si and have a positive effect on score at all quantiles

of the distribution.

In Table 5, we show the effect of training on score

unconditionally (column (1)) and with judge and order

dummies (column (2)) and participant controls added

(column (3)). In all specifications, the point estimate

is negative but not statistically significant. Moreover,

Figure 3 shows that pitch training has zero effect at the

60th and 80th percentiles and a negative effect at the

20th and 40th percentiles.

Furthermore, if training improves venture idea qual-

ity, we would also expect the effect of training to be

independent of the priors of the judges. Therefore,

we would not expect the differential training effects

for experienced and inexperienced judges shown in

Table 6 and Figure 5.

Finally, a positive effect on quality also fails to ex-

plain why pitch training increases the variance of the

distribution of scores. One might counter that perhaps

training is only effective for the most talented partic-

ipants, whose ideas would naturally fall in the upper

quantiles of the score distribution and which could

explain why effects are only positive at higher quan-

tiles. However, this would still not explain why we get

any negative effects, nor would it explain differential

effects on experienced and inexperienced judges.

4.1.2. Pitch Elements Measure Quality Rather Than El-
ements. Onemight argue that themechanism through

which pitch training operates is not to provide more

precise information about the venture, but to improve

venture quality in ways that only experienced investors

can see. Several aspects of our study design and results

suggest that this is a much less plausible explanation

than the theory we presented. First, we instructed our

coders to explicitly code for the presence of elements of

a particular type andnot to evaluate the quality of those

elements.Therefore, forourmeasureof elements to cap-

ture dimensions of idea quality, our coders would have

had to code for something other than what we asked

them to identify.

Second, the measures of the elements identified by

our coders had high inter-rater reliability. To mea-

sure dimensions of venture quality in similar ways,

the coders would have to see those dimensions simi-

larly. But these dimensions of venture quality could not

be easy for everyone to observe. Otherwise, inexperi-

enced investors would have to be able to see those same

dimensions of quality. It seems difficult to account for

why the coders could identify hard-to-notice dimen-

sions in quality in similar ways, while inexperienced

investors could not see these same dimensions of

quality.

Third, if our measures of pitch elements were just

proxies for unobserved quality, we should not observe

awide range of quality levels for each level of elements.

Figure 5 plots our measures of idea quality and pitch

elements from the first draft. While better quality ideas

are associated with more elements overall, the correla-

tion is quite weak. There are a wide range of quality

levels for each level of elements.

4.1.3. Training Makes Participants Better Adhere to
Norms of Pitching. Another alternative mechanism is

that training shows participants what the norms of

pitching are. By helping participants adhere to norms,

they are more likely to receive high scores from judges.
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Figure 5. Idea Quality and Pitch Elements
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Notes. The plot shows pitch elements and idea quality based on par-

ticipants’ first drafts The line is a local-linear regression and the

shaded region shows 95% confidence intervals for the predicted

value. Results are similar using residuals from regressions of the

variables on controls and panel and order dummies.

This explanation is not consistent with the data.

If the mechanism at work was adherence to norms,

we would not expect there to be negative effects of

training, which we observe for participants with low-

quality venture ideas. Moreover, we would expect

experienced judges to be better than inexperienced

judges at discounting norm adherence since the goal

of evaluating a pitch is to discern the quality of the

business idea and not adherence to norms. If norm

adherence were the mechanism, we would expect to

see more positive effects of training on inexperienced

judges relative to experienced ones, when in fact we

see the opposite.

Finally, to explore the norm hypothesis, we coded

the videos of participant’s pitches for two norms of

professional behavior: whether they shake hands with

the judges and whether they introduced themselves

to the judges. Pitch training had no effect on either of

these behaviors.

4.1.4. Training Makes Participants More “Likable” or
Confident. A further alternative mechanism through

which training might affect scores is by changing the

participants or the judges’ view of them. For instance,

the training could make the participants more appeal-

ing to judges or more confident in their efforts, inde-

pendent of the quality of their ideas. We rule out these

alternative explanations in several ways.

First, the pitch training was not designed to affect

likability or presenter confidence but rather effective

communication of ideas. Therefore, if pitch training

affected likability or presenter confidence rather than

elements, its effects had to operate on something it was

not intended to do and not affect something it was

intended to do, an uncommon way for treatments to

operate.

Table 7. Alternative Mechanisms

Shake Introduced

hands self Confident

(1) (2) (3)

Pitch training 0.01 −0.02 −0.19

(0.04) (0.06) (0.14)
N 270 270 270

Adjusted R2

0.03 0.13 0.04

Controls Y Y Y

Pitch panel, Order dummies Y Y Y

DV mean 0.09 0.76 3.43

Notes. Standard errors are robust. Controls include first draft ele-

ments, whether pitched before, experience operating a business, gen-

der, whether a graduate student, and university affiliation. Panel

dummies indicate identity of randomly assigned panel. Order dum-

mies indicate randomly assigned pitch order.

Second, if pitch training did change participant lik-

ability or confidence, we would expect that effect to

be consistently positive across participants. We would

not expect increased likability or confidence to lead to

a negative effect on score for part of the distribution,

which we observe. Moreover, we would not expect a

differentially positive effect on the upper quantiles of

the score distribution, which we also observe. Finally,

we would expect inexperienced investors to be more

swayed by extraneous factors such as likability or pre-

senter confidence than experienced investors. But, in

fact the effects of training on the scoring of inexperi-

enced investors was more negative.

Third, we coded videos of the participants for five

behaviors that the prior psychological research shows

are related to confidence: a comfortable pace of speak-

ing, appearing comfortable, making eye contact, show-

ing enthusiasm, not getting upset, and not forgetting

the pitch. We sum these behaviors into an index and

show that pitch training does not affect them (Table 7,

column (3)).

4.1.5. Investors with Less Deal Volume Are More Time
Constrained. We use deal volume as one of our mea-

sures of investor experience. One might argue that

lower deal volume does not represent investor expe-

rience, but rather the person’s time commitment to

investment activity. They have less volume because

they choose to spend time on activities other than ven-

ture investing. If this were true, we would expect peo-

ple with lesser deal volume to be less interested in pur-

suing venture opportunities that are pitched to them.

However, as we showed in Table 4 and discussed

above, the opposite is true. Investors who are less expe-

rienced tend to express a greater interest in pursuing

new ventures pitched to them than investors who are

more experienced.

4.1.6. Inexperienced Investors Are Less Diversified.
One might argue that inexperienced investors are

more interested in pursuing venture opportunities
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than experienced investors because they are less diver-

sified. If investors are risk averse, having less diversifi-

cation would lead each additional venture to be more

valuable to inexperienced investors than experienced

ones. However, the desire for diversification cannot

account for the effects of training being more negative

for inexperienced investors than for more experienced

investors, which Figure 5 indicates.

4.1.7. Experienced Investors Are More Likely to Be
Venture Capitalists. Onemight argue that experienced

investors are more likely to be venture capitalists than

inexperienced investors, who are more likely to be

angel investors. That is, the higher standards of venture

capitalists, rather than the different priors of experi-

enced and inexperienced investors, might be the rea-

son why the experienced investors judge the ventures

more harshly. However, that explanation is less con-

sistent with the data than our theoretical explanation.

We conducted regression analyses that examined each

of the investor types individually and by dropping

each of the investor types from the analysis. The pat-

terns remain qualitatively the same in these robust-

ness checks as they do in the reported regressions. The

data indicate that experienced judges gave lower scores

but are not more likely to be venture capitalists than

inexperienced investors. The data are, thus, less con-

sistent with the explanation that experienced judges

are a type of investor with higher standards than other

investors, but are consistent with the explanation that

experienced investors have different priors than inex-

perienced investors.

5. Discussion
In this study, we examined the effects of pitch train-

ing on the willingness of accredited investors to pursue

investigation of early-stage ventures after seeing an ele-

vator pitch. We developed a model to show that pitch

training helps in the evaluation of new venture ideas

because it induces entrepreneurs to provide more ele-

ments in their pitches.

Our model predicts that the additional elements will

tend to improve investors’ evaluations if the quality of

the idea is high and will worsen their evaluations if the

perceived quality is low. The model therefore posits

that pitch trainingwill improve investors’ ability to dis-

criminate between good and bad ideas. Since experi-

enced investors havemore precise priors than inexperi-

enced investors, the model predicts that pitch training

will tend to have a more positive effect on experienced

investors than on inexperienced ones.

We examined whether pitch training affects the in-

vestor evaluation of aspiring entrepreneurs’ pitches in

the manner predicted by the model by conducting a

field experiment that randomly assigned 271 partici-

pants in four elevator pitch competitions in Northeast

Ohio to pitch training or a null treatment.

The empirical results were consistent with our mo-

del. We found that (1) training increases the elements

contained in pitches, (2) experienced investors give

lower scores to a given pitch relative to inexperi-

enced investors, (3) training has a more positive effect

on upper quantiles of the quality distribution than

lower quantiles and therefore increases the variance of

scores, and (4) training has a more positive effect on

experienced investors at all levels of quality. On aver-

age, training had no effect on the scores of experienced

investors and a negative effect on the scores of inexpe-

rienced investors.

Our results are conservative. They show that even

training delivered by video in a short time without the

opportunity to engage in much practice yields results.

The empirical results were inconsistent with several

alternative explanations for the effect of pitch train-

ing on the willingness of accredited investors to pur-

sue investigation of an early-stage venture. The mech-

anism through which training works appears not to be

improved venture idea quality, greater adherence to the

norms of pitching, or greater entrepreneur likeability.

Our results have several implications for further re-

search. Our study provides insight into the true causal

factors that affect pitch performance and, in doing so,

challenges the core assumptions of the practitioner lit-

erature about the value of pitch training. The prac-

titioner literature generally argues that pitch training

is valuable because it improves the underlying qual-

ity of new ventures, increasing the odds that they will

receive funding and improving the entrepreneurs’ wel-

fare. However, our experiment shows that the value of

pitch training lies in its effects on the provision of ele-

ments contained in pitches. By making pitches more

informative, training allows experienced investors to

more efficiently distinguish between good and bad

venture ideas.

Our results also have implications for the practice of

entrepreneurship. Many would-be entrepreneurs seek

investment from external investors every year. Their

elevator pitches are often a first point of entry with

those financiers. Because effective pitching is neces-

sary to continue the conversation with investors who

may provide funding, effective pitching is important

for both entrepreneurs and investors. Our results show

that entrepreneurs can be trained in ways that improve

the investor pitch process.

However, our results also show that pitch training

is not a substitute for venture quality. Good pitching

is important to investors who can better differentiate

high- and low-quality ventures. Learning what content

to include in a pitch and what style to use to deliver

it is therefore valuable because it provides investors

with more clarity about the venture the entrepreneur

is pitching. Because pitch training does not affect the
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quality of the underlying venture idea, it is more valu-

able to entrepreneurs with high-quality venture ideas

than low-quality ones.

Our study also points out that pitch training only

works at increasing the interest of experienced in-

vestors in the better ideas. At least in the short run,

learning to provide more elements in pitches does not

benefit entrepreneurs on average and, in fact, reduces

the odds of success. That finding has important prac-

tical implications for entrepreneurs seeking financing

from investors.

This last point has pedagogical implications. Because

pitch training has a more positive effect on perfor-

mance with experienced judges and a negative effect

on performance inexperienced judges, would-be entre-

preneurs who want to learn how to pitch experienced

judges effectively need to pitch to, and receive feed-

back from, experienced judges. Given the difficulty

of finding practitioners willing to help train students,

academic institutions may be tempted to substitute

inexperienced judges for experienced ones in pitch

competitions. Our results suggest that such a strategy

will undermine the benefit of pitch training by lead-

ing would-be entrepreneurs to learn lessons that will

not benefit them later when they pitch experienced

investors.

Our study is not without limitations. We examine

only one particular type of pitch, the elevator pitch,

which is typically delivered only in the very beginning

of the fund-raising process. Our findings may not gen-

eralize to other types of pitches delivered later in the

process.

In addition, our sample consists not of experienced

entrepreneurs but would-be company founders. Our

findings may not generalize to experienced entrepre-

neurs who are pitching similar types of investors. The

value of rudimentary pitch trainingmight exist primar-

ily for aspiring entrepreneurs rather than those who

have done this before.

Our study is undertaken in Northeast Ohio, a re-

gion not known for having large numbers of would-be

entrepreneurs or experienced investors. The average

level of investor experience and quality of entrepre-

neurial efforts in our samplemay be below that of other

regions. As a result, the findings might not generalize

to locales where investor experience and entrepreneur-

ial effort quality is higher.

Nevertheless, our findings, however limited in gen-

eralizability, provide evidence that pitch training

causes aspiring entrepreneurs to have better success

with their elevator pitches when they are delivered

to experienced investors. Those findings have value to

both explaining why pitch training works and to help-

ing would-be entrepreneurs succeed at raising money

from accredited investors.
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Endnotes
1
The Foundry Group is a leading venture capital firm based in Boul-

der, Colorado. Techstars is a global network of accelerator programs.

2
We use the term “idea” in this paper to refer to the entrepreneur–

business concept combination. Because investors must consider the

package of the team and the business concept together (they cannot

pick one team and another concept), we treat them as a singular unit

in our study and refer to the combination using the term “idea.”

3
These prominent examples are only the very tip of a very large ice-

berg. Every year, more than 75,000 startup businesses receive outside

equity investment in the U.S. alone. Wealthy individuals who invest

their own capital, known as business angels, account for most of

these investments. There were 304,930 active angel investors in 2015,

and they invested $24.6B in 71,110 companies in 2015 (Sohl 2015).

Smaller in number, though with larger average deal size, are the

venture capital firms. There were 718 venture capital firms in 2015.

They invested $59.1B in 3,709 companies (National Venture Capital

Association 2016).

4
For example, Jenn Hyman pitched the concept of Rent the Runway

at a New York University pitch competition in 2010 (https://vimeo

.com/19591994, November 5, 2010). Her company has gone on to

raise $114.4 million in five rounds from 10 investors.

5
Examples include Dave McClure, https://www.slideshare.net/

UTR/how-to-pitch-a-vc-dave-mcclure (October 7, 2009); Richard

Branson, https://www.virgin.com/entrepreneur/richard-branson

-this-is-what-they-mean-by-an-elevator-pitch (April 1, 2015);

Bill Reichart, https://www.gsb.stanford.edu/insights/bill-reichert

-venture-capitalist-offers-tips-pitching-your-start (August 7, 2014);

Mark Suster, https://bothsidesofthetable.com/how-to-nail-the

-elevator-pitch-f4a790ce5466 (June 6, 2009); and Brad Feld, http://

www.feld.com/archives/2012/10/if-you-cant-explain-what-you-do

-in-a-paragraph-youve-got-a-problem.html (October 6, 2012).

6
We will describe how we measure experienced and inexperienced

investors in the methodology section of the paper. However, our

conceptual definition is as follows: experienced investors are ones

that make enough early-stage investments to have private informa-

tion about the distribution of quality of early-stage companies, while

inexperienced investors are ones that do not make enough early-

stage investments to have private information about the distribution

of quality of early-stage investments.

7
We allow the investor to compare a single draw from f (R) to a

default option rather than allowing the pitch process to recur with

additional draws and terminate with investment in one of them. This

both simplifies the problem and more closely matches our experi-

ment, where the number of pitches considered is fixed in advance.

8 q � 1−Erfc(−pr̃/
√

2), where Erfc(x)� 2/
√
π ∫∞x e−t2 dt is the comple-

mentary error function.
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9
We explained the basic purpose of an elevator pitch to all partici-

pants because we expected some participants to have no experience

with the process of funding a business venture.

10
We pool the training because each type of pitch training in one

dimension of best practices should improve the performance of

entrepreneurs at pitching relative to no training in any of the dimen-

sions of “best practice.”

11
The Securities and Exchange Commission (SEC) defines an accred-

ited investor as an individual with a net worth of at least $1 mil-

lion excluding his or her home or a single person with an annual

income of at least $200,000 in each of the past three years or a mar-

ried couple with an annual income of at least $300,000 in each of the

past three years. The SEC defines an organization as an accredited

investor if it is a bank, savings and loan association, broker dealer,

insurance company, investment company, or private business devel-

opment company. Most of the investors were accredited investors by

virtue of the individual definition. A few were accredited investors

by virtue of the venture capital firm, family office, or angel fund they

represented.

12
Note that while pitch training does induce random variation in

final draft elements, we cannot use pitch training as an instrument

for final draft elements in a regression to measure their effect on

score. Although our training targeted changes to pitch elements, we

cannot rule out that training also affected outcomes correlated with

information but for whichwe do not havemeasures. Those outcomes

would be part of the residual in a regression of score on final draft

elements, which would violate the exclusion restriction for use of

pitch training as an instrument.

13
Consider the following example of part of an elevator pitch offered

by Loh (2011), designer of Yammer, former COO of Geni, and current

mentor at 500 Startups: “If I had to propose a formula [for an elevator

pitch], it would look something like this: We solve 〈problem〉 by pro-

viding 〈advantage〉, to help 〈target〉 accomplish 〈target’s goal〉. . . .
We make money by charging 〈customers〉 to get 〈benefit〉.” These

two sentences alone include six elements.
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