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Abstract

When do conversations lead people to generate better ideas? We conducted a field exper-
iment at a startup bootcamp to evaluate the impact of informal conversations on the quality
of product ideas generated by participants. Specifically, we examine how the personality of an
innovator (openness to experience, capturing creativity) and the personalities of her randomly
assigned conversational peers (extroversion, measuring willingness to share information) affects
the innovator’s ideas. We find that open innovators who spoke with extroverted peers generated
significantly better ideas than others at the bootcamp. However, closed individuals produced
mediocre ideas regardless with who they spoke, suggesting limited benefits of conversations for
these people. More surprisingly, open individuals, who are believed to be inherently creative,
produced worse ideas after they spoke with introverted peers, suggesting individual creativity’s
dependence on external information. Our study demonstrates the importance of considering the
traits of both innovators and their conversational peers in predicting who will generate the best
ideas.
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Introduction

Having a great rather than an average product can mean the difference between success and

failure for any company (e.g., Kornish and Ulrich, 2014), but this is especially true for young

firms whose survival depends on introducing innovative products to the market (e.g., Vogel,

2017; Shane, 2000). It is therefore essential that a company’s product development teams have

creative people who can help them generate high-quality ideas (e.g., Baum and Bird, 2010; Zhao

and Seibert, 2006). At the same time, idea generation also requires access to new and varied

information from potential users and other external parties (e.g., Walsh, Lee and Nagaoka, 2016;

Blank, 2013; Ries, 2011; March, 1991). Having an effective idea generation process means not

only hiring the most creative people, but also having them talk with others who can provide

valuable insights.

Yet, prior studies have viewed these two decisions—choosing the innovator and choosing who

they converse with outside the team—as theoretically distinct. On one hand, psychologists have

developed a substantial literature on individual differences in creative behavior and outcomes (see,

Feist, 1998; McCrae and Costa, 1997; Barron and Harrington, 1981). In these studies, researchers

link differences in personality to creativity (e.g., McCrae and Sutin, 2009; John, Naumann and

Soto, 2008; McCrae, 1987). On the other hand, research on innovation in the management

literature highlights the importance of external information from social interactions, collaborators,

and users (Laursen and Salter, 2006; Baldwin, Hienerth and Von Hippel, 2006; Burt, 2004; Lilien

et al., 2002). Further, individuals who converse and collaborate generate better ideas than lone

inventors (Singh and Fleming, 2010; Wuchty, Jones and Uzzi, 2007; Burt, 2004). Given the

inherent complementarity between these two decisions, we still know little about which innovators

can best leverage external conversations, and who they should talk to.

With respect to choosing innovators, extensive research links the personality trait openness

to experience to creative behavior and outcomes (Hammond et al., 2011; Silvia et al., 2009;

Feist, 1998; McCrae, 1987). Open individuals appreciate different perspectives, are better at

recombining concepts, and generate unconventional ideas—all of which makes them more creative

(McCrae, 1987). However, open individuals sometimes also produce bad ideas if the organizational
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context is not conducive to their style of creativity (e.g., Bell, 2007; Baer and Oldham, 2006; Burke

and Witt, 2002).

One key aspect of an innovator’s context is who they talk to (Perry-Smith and Mannucci,

2015; Burt, 2004). Some conversations—with people who are willing to share their knowledge,

experiences, and opinions—will be more fruitful for idea generation. Information from these

conversations is important input to the creative process (Perry-Smith and Mannucci, 2015). Con-

versational peers who exhibit the personality trait extroversion are talkative, loud, and willing

to share knowledge or disclose information about themselves (e.g., Cuperman and Ickes, 2009;

Funder and Sneed, 1993). These behaviors, rather than their converse, will increase not just the

amount of information shared, but also its novelty and idiosyncrasy. This information will provide

the innovator greater grist for their product ideas (De Vries, Van den Hooff and de Ridder, 2006;

Forret and Dougherty, 2001; McCrae and John, 1992).

Here we present the results of a field experiment designed to test the impact of informal con-

versations on the quality of an innovator’s product ideas. We embedded our field experiment

in a startup bootcamp for over 100 aspiring product entrepreneurs. Specifically, we test how an

innovator’s personality (openness to experience, capturing creativity) and a peer’s personality

(extroversion, measuring willingness to share information) jointly affect an innovator’s ideas. Our

intervention consists of randomly assigning individuals to three conversations about a specific

product area (“the Indian Wedding Industry”), with each conversation lasting 14 minutes. We

use the resulting random variation in the pairing of innovators and peers with different personal-

ities to examine the impact of innovator-peer personality on the subsequent quality of the ideas

subsequently generated.

Our study produces three broad findings. First, the ideas of ‘closed’ innovators do not improve

or worsen based on their conversations. This finding implies an important scope condition on

the value of external information for idea generation. Conversations matter primarily for people

who have the ability and motivation to incorporate outside information. In contrast, the ideas of

open individuals are affected by their conversations. This effect, however, is asymmetric. Open

innovators paired with extroverted peers (Open-Extrovert pairs) produce the highest quality ideas.

In this condition, both creative ability and the volume of novel information are at their highest. In
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contrast, Open-Introvert pairs develop lower quality ideas than even closed individuals. Though a

person may have creative ability and motivation, a high volume of novel information is necessary

for them to leverage their natural creative ability.

This study contributes to three research streams. First, our study sheds light on the in-

teraction between personality and the social context as they jointly pertain to idea generation

(e.g., Perry-Smith and Mannucci, 2015; Fleming, Mingo and Chen, 2007; Burt, 2004). The ef-

fect of conversation on idea generation appears to be moderated by the personalities of both the

sender and receiver of information. Second, our research also provides new insights for schol-

ars of entrepreneurship and product development by showing the importance of conversations at

the earliest stages of idea and product development (Girotra, Terwiesch and Ulrich, 2010; Ward,

2004; Shane, 2000, e.g.,). Finally, our work links to research on brainstorming and the psychology

of creativity (e.g., Kaufman and Sternberg, 2010; Paulus, 2000; Amabile et al., 2004; Amabile,

1983), highlighting the importance of personality differences in predicting who will generate the

best ideas and which types of interactions will be most fruitful.

Theory and Hypotheses

The success of organizations relies on new product ideas (e.g., Schulze and Hoegl, 2008; Shane,

2000). Good ideas are especially important for young entrepreneurial teams, who must take a

nascent idea and develop it over the course of weeks, months, or years into a product (Ward,

2004). Indeed, all future steps in the entrepreneurial journey depend on an essential first step:

idea generation (Perry-Smith, 2014). During this stage, innovators generate many ideas and then

choose one or a few to implement. According to Perry-Smith and Mannucci (2015) individuals

must have the “cognitive flexibility to recombine disparate knowledge into new associations” as

well as “access to non-redundant knowledge” to develop good ideas. Good ideas are the product

of individual capabilities and social interaction.

Two distinct research streams examine these facets of idea generation at the individual level.

One literature, mostly in psychology, studies individual differences in creative capabilities (see

for a review Kaufman and Sternberg, 2010). This work usually ignores the social interactions
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of creative people who are generating ideas. Another stream, in management, studies how so-

cial relationships shape information access and thus creativity (see for a review Perry-Smith and

Mannucci, 2015). The latter stream has often ignored individual differences among both inno-

vators and their conversational partners. Based on the results from this work, combining these

perspectives should lead to new insights about when conversations will be most fruitful and for

whom.

Below we develop a model of individual creativity and peer conversations. We build on research

in psychology into the personality correlates of both creative behavior (e.g., Feist, 1998; McCrae

and Costa, 1997) and information sharing (e.g., Funder and Sneed, 1993). We model innovators as

varying in their openness to experience, a trait synonymous with “creative” personality (Kaufman

et al., 2016; McCrae and Costa, 1997). We model conversational peers as varying in introversion

and extroversion, traits linked to conversational patterns, information sharing, and the size and

diversity of social networks (e.g., Landis, 2016; Cuperman and Ickes, 2009).

Our theoretical framework consists of two parts. We first describe how personality traits

independently affect creative capability and information sharing. Next, we explain how innovator-

peer matches on these dimensions affect the quality of ideas.

Openness to Experience and Creativity

Psychological research has long studied the antecedents to creative behavior (Feist, 1998). Al-

though several measures of personality relate to specific facets of creativity, there is consensus

that openness to experience, a factor in the five-factor model of personality, is predictive of cre-

ativity in many settings (e.g., Beaty et al., 2016; Baas et al., 2013; Silvia et al., 2009; McCrae

and Costa, 1997; McCrae, 1987). Relatedly, openness is also linked to entrepreneurial intentions

and performance (For a review of this literature, see Zhao, Seibert and Lumpkin, 2010).

Two classes of mechanisms—intrapsychic and interpersonal—link openness to creativity (Mc-

Crae and Costa, 1997; McCrae, 1996). Intrapsychic mechanisms argue that open individuals (rela-

tive to individuals with closed personalities or other personality traits) have skills and dispositions

that allow them to generate better ideas. Interpersonal mechanisms enable open individuals to

readily acquire novel information from their environment.
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Intrapsychic Mechanisms: Several studies show that openness to experience is related to

differences in creativity. In a classic study, McCrae (1987) highlights the importance of openness

to the creative process. Open people possess the ability and disposition to engage in creative

behavior. Their abilities make them skilled in unstructured creative tasks (Williams, 2004).

They prefer ambiguity and complexity over certainty and simplicity (e.g., LePine, Colquitt and

Erez, 2000). When generating ideas, open individuals deploy more representational resources, a

state often called ‘absorption’ (e.g., Hammond et al., 2011; Oldham and Cummings, 1996). They

also consider many perspectives and enjoy divergent thinking—e.g., exploring unrelated ideas and

finding unconventional connections (George and Zhou, 2001; McCrae and Costa, 1980).

Open individuals also have a creative disposition. They seek out complex tasks and relish

diverse perspectives, often preferring information that diverges from what they already know

(McCrae, 1996). They also have a firm belief in their creative abilities (e.g., Karwowski et al.,

2013) and are “unorthodox, free-thinking, and prone to flout convention” (McCrae and Costa,

1997).

Together, these abilities and dispositions map to what Perry-Smith and Mannucci (2015)

describe as “cognitive flexibility” and the ability to “recombine disparate knowledge into new

associations” required for creativity.

Interpersonal Mechanisms: Open individuals also interact with others in distinct ways (Fun-

der and Sneed, 1993). McCrae (1996) states that when conversing with others, open individuals

both solicit in-congruent information and are more prone to adapt to others’ perspectives and

opinions. Open individuals are also better at recalling information that is incongruent with their

own experience, giving them a wider base of information for idea generation. Finally, they delve

into abstract topics (e.g., Funder and Sneed, 1993) and prefer talking to new people and initiat-

ing new conversation threads (Cuperman and Ickes, 2009). While the interpersonal mechanisms

are not sufficient contributors to creativity, they allow open individuals to seize opportunities to

acquire novel information.

Conversely, those closed to experience eschew complexity and ambiguity and prefer conven-
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tional ideas (George and Zhou, 2001). They seek conversations that confirm their existing beliefs,

and thus novel or dissonant information is ignored or dismissed. Being closed to experience im-

pedes mechanisms driving creativity—i.e., recombining diverse information and experiences into

new ideas. Closed individuals do not necessarily generate bad ideas, but ordinary ideas. Existing

theory, therefore, predicts:

Hypothesis 1 Innovators with higher (lower) openness to experience will develop higher quality

(lower quality) ideas.

Having the right conversations: Extroverted peers

Generating good ideas depends on more than individual creativity. Prior work on invention and

the role of social interactions in creative production provides useful analogies for understanding

the impact of conversations on idea generation. For example, research on the social dimensions

of innovation shows that lone inventors rarely produce breakthrough ideas (Singh and Fleming,

2010; Wuchty, Jones and Uzzi, 2007). Those who collaborate—and who, during the production

process, converse with collaborators about their ideas—generate higher-quality inventions. In

another analogous stream of research, scholars have found that having and using social ties

affects idea generation. In this work, conversations—with coworkers, customers, acquaintances,

and even strangers—constitute the specific interactions in a network that provide new information,

perspectives, and opinions that can shape the quality of an idea (Burt, 2004; Perry-Smith and

Mannucci, 2015). Finally, the practitioner literature on innovation and idea generation highlights

the central role of talking to potential customers in shaping the quality of ideas generated by

entrepreneurs (Blank, 2013; Brown et al., 2008). In this literature, conversations are an important

underlying mechanism that explain why joint collaborative work or information seeking helps

people generate better ideas.

Which conversational peers provide the greatest grist for idea generation? Conceptually,

conversational peers should possess two characteristics. First, they must be willing to share their

experiences and opinions. A lack of willingness to talk will limit informational volume. Second,

the peer should have a diverse pool of personal and vicarious experiences to draw upon, which
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will increase information variety.

While research on the effect of peer personality and idea generation is limited, scholars have

linked personality to conversational dynamics. Two personality traits, in particular, extroversion

and agreeableness, appear to influence interactions strongly (Cuperman and Ickes, 2009; Funder

and Sneed, 1993; John and Srivastava, 1999; Goldberg et al., 1998).

While agreeableness relates mostly to affect during conversation (e.g., warmth, laughter, and

cheerfulness), extroversion is related to both affect and the diversity and volume of information

shared (Funder and Sneed, 1993). Extroverts, therefore, may be fruitful conversational partners

during early ideation.

Willingness to Share Information: Several studies suggest that extroverts exhibit distinct

patterns of behavior during conversations. Funder and Sneed (1993) found that extroverts were

talkative, loud, and enjoyed interactions. In contrast, introverts were reserved, inexpressive,

and volunteered little personal information. In conversations with strangers, extroverts took the

lead and were evaluated by their partners as saying “interesting” things. Cuperman and Ickes

(2009) found similar patterns. Extroverts took the lead role in conversations, were not self-

conscious, and believed that interactions were ‘smooth, natural, and relaxed.’ Beukeboom, Tanis

and Vermeulen (2013) found that extroverts described events and experiences in elaborate and

interpretive terms. Extroverts were eager to share their knowledge with others (Matzler et al.,

2008; John and Srivastava, 1999).

Higher informational volume, idiosyncratic personal details, and greater elaboration charac-

terize the information that extroverts share.

Social Interactions and Information Variety: In addition to sharing ‘new’ or ‘interesting’

information, extroverts also have diverse networks that give them access to novel information

(e.g., Landis, 2016; Watson and Clark, 1997). Totterdell, Holman and Hukin (2008); Neubert

and Taggar (2004); Casciaro (1998) all find that extroverts have larger networks or are more

central in their social networks. Extroverts’ ability to build larger networks also increases their

ability to build weak ties (Pollet, Roberts and Dunbar, 2011), suggesting differences in access to
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heterogeneous information from their many contacts (Granovetter, 1973).

In contrast, introverts are less likely to engage in self-disclosure and do not share high volumes

of information. They listen and reflect (Cain, 2013). In conversations, introverts appear reserved

and keep both emotional and physical distance from their partners. This behavior sometimes

appears as disinterest (Funder and Sneed, 1993).

Introverts are also comfortable with others leading the conversation (Cuperman and Ickes,

2009); they listen to their partner and do not seek to dominate the conversation. This tendency

means they speak less and therefore offer their partners less information. Introverts are also

less likely than extroverts to engage in “small talk” and “idle chatter” that lacks informational

content.

However, an introvert’s greater reflection, analytical tendencies, and thoughtfulness can lead

to valuable insights for their partners (e.g., Cain, 2013; Grant, Gino and Hofmann, 2011). Götz

and Götz (1979) and Feist (1999) suggest that introverts, rather than extroverts, are likely to be

over-represented among scientists and artists judged to be the most creative. Researchers theorize

that this overrepresentation of introverts among the most creative is due to their heightened imag-

ination, willingness to engage in individual play, and self-sufficiency. Roy (1996) also finds that

introverts are more likely to exhibit higher levels of visual creativity than extroverts. Moreover,

researchers who have studied creativity across innovators varying in age have found that intro-

verts remain creative across their lifespan as compared to extroverts (Feist and Barron, 2003). As

a consequence, the individual creativity of introverts might be useful for a conversational partner

who is generating new ideas assuming introverts share enough information.

On balance, introverts and extroverts, because of their different behaviors, may be valuable

at different phases of the innovation process. Idea generation benefits from others’ perspectives,

experiences, or opinions. Because extroverts are talkative, warm, connected, and willing to share

knowledge, they will be more valuable during the early stages of ideation.

Hypothesis 2 Individuals who converse with more-extroverted peers will develop higher quality

ideas.
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Innovator–Peer Interactions and Ideation

The theories outlined above link personality to individual-level behaviors. However, the mecha-

nisms described also suggest the potential for complementarities in how some pairings perform

versus others. Figure 1 depicts a model crossing innovator and peer personalities and their pre-

dicted effect on idea quality.

[Figure 1 about here.]

Closed–Extrovert Interaction: Being closed to experience means an individual has a prefer-

ence for conventional ideas, ones that do not stray from expectations (McCrae and John, 1992).

Thus, although an extroverted conversational peer may be talkative, share personal experiences,

and provide high volumes of new information, a closed person may not benefit. They may filter

out dissonant information, especially if it does not conform to what they believe. They may be

uncomfortable recombining information and may prefer the ordinary over the novel. Their ideas

would remain conventional even after talking with an extroverted peer. Thus, closed innovators

should not benefit as much as open ones from talking to extroverts.

Closed–Introvert Interaction: Being paired with an introverted peer may not greatly affect a

closed individuals’ idea quality. With introverts the volume of information may be lower; it may

also lack variety, personal opinions, or detail. Nevertheless, the closed innovator would continue

to develop his conventional ideas and would be just as unlikely to benefit from conversations with

introverts as she would from conversations with extroverts.

Hypothesis 3 Closed innovators will not benefit from interacting with peers who are more in-

troverted nor more extroverted.

Openness–extroversion interaction: In contrast, open individuals seek and appreciate in-

teractions with people who have different perspectives. In conversations with extroverted peers,

open innovators are receptive to the flow of idiosyncratic and personal information (McCrae and
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Sutin, 2009), which offers them a more abundant pool of facts, emotions, ideas, opinions, and

perspectives to recombine into new ideas.

Open innovators will ask probing questions, guide the conversation in useful directions, and

listen more intently (McCrae, 1987). Relatedly, extroverted peers will take the lead in the con-

versation, causing them to share more in response to the inquisitiveness of their open partner.

Together, such behaviors should amplify the amount of information received from an extroverted

peer. The open innovator’s ideation capabilities will lead them to recombine information in un-

conventional ways. However, because their ideas derive from others’ experiences, the resulting

product concepts will be grounded. Thus, their product ideas will be both novel and of high

quality (Karwowski et al., 2013).

Open–Introversion Interaction: When paired with introverts, on the other hand, open inno-

vators pose a theoretical challenge. While introverted peers possess analytic depth, objectivity,

and a willingness to listen, they will share less of their own experiences during a conversation.

Further, whereas an extroverted peer assumes a dominant role, a more introverted peer prefers

the opposite. In conversations with an introvert, an open innovator will exert considerable effort

getting her partner to share a relatively small amount of information.

After such a conversation, there are two possible outcomes. On the one hand, an open inno-

vator may still develop high-quality ideas because of her natural creativity. However, the ideas

may have been even better had she been paired with an extrovert. In the Openness–Introversion

pairing, the complementary relationship between creativity and new information is absent. Thus,

the ideas are weaker, but are still better than the ones closed individuals produce.

An alternative possibility for the Openness-Introvert pair also exists. Recombining ideas is

risky, and could result in inferior ideas as well (Ferguson and Carnabuci, 2017). Although an idea

may be ‘original,’ it may also be low quality.

Without external information about others’ experiences, an open innovator might compensate

by increasing their idea’s novelty or unconventionality. These ideas may become detached from

actual user needs without the external constraints posed by the experiences of potential users. The

open individual may generate divergent ideas without converging on the good ones (Schilpzand,
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Herold and Shalley, 2011).

Just as open innovators may produce higher-quality ideas after talking to extroverts, they

may produce worse ideas after talking to introverts. The extent of the discrepancy across these

conditions is uncertain. On the one hand, open individuals’ creative ability may limit the pitfalls

of lower amounts of external information. On the other, their higher levels of divergent thinking

and exploration may lead them towards unorthodox and unappealing ideas.

Hypothesis 4 More open innovators will generate better-rated ideas after talking to more extro-

verted peers.

Empirical Setting and Methods

Experimental Design: An Innovation Competition

To rigorously test our predictions we embedded a field experiment in an entrepreneurship boot-

camp held in New Delhi, India, in July 20141. This three-week program was designed to help

aspiring entrepreneurs from across India to develop skills in idea generation, design thinking,

prototype design, and business model development.

The ages of the participants ranged from 18 to 36, with a mean age of just over 22 years. The

gender distribution was 87 men and 25 women. Everyone had at least a college degree or was

enrolled in college, with 60 of the participants enrolled in a college, master’s, or Ph.D. program.

Our program was regionally diverse, with 62 of the participants from the state of Delhi and the

rest from across India. The class was composed primarily of engineering and computer science

degree holders (78), followed by 18 business degree holders; the remaining 16 were from the arts

and sciences. Eight people were enrolled in or had graduated from advanced degree programs.

Leading members of India’s startup ecosystem, including successful entrepreneurs, designers,

and venture capitalists provided instruction. The program was structured into three week-long

modules. The first week, on which we base this study, focused on idea-generation. To incentivize

1The experimental nature of the bootcamp was reviewed by our university’s Institutional Review Board. All partic-
ipants signed two consent forms: an online form at the time of application and a paper-based form on the first day of
the bootcamp.
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participation and effort, the teams with the three highest-rated prototypes won cash prizes. The

major prizes were team-based. The first prize was 20,000 INR, the second was 10,000 INR, and

the third was 7,500 INR. The prize allocation was based on the average rating received by a

team’s proposal during the peer review process. The second week focused on business models,

and during the final week participants were free to work on a business concept of their choice in

self-selected teams.

To test our prediction, we used the activities from the first week and data collected before

the bootcamp. All participants completed surveys, chief among which was the 44-item Big Five

Inventory (John and Srivastava, 1999), giving us pre-bootcamp (thus, pre-treatment) measures

of extroversion, openness to experience, neuroticism, agreeableness, and conscientiousness. We

discuss the construction of our independent variables using this inventory in the variables section

below.

The first day (Monday) was dedicated to logistics, an introduction to the program, and a

short icebreaker in a randomized group at the end of the day. We did not collect any data during

this day, as it was not part of the experiment. The second day (Tuesday) began with individuals

reporting to one of 40 tables, where they sat with their randomized icebreaker group and were

asked to individually generate as many or as few ideas as they wished for innovative software

products for the Indian wedding industry. The text of the prompt read:

On November 27, 2011, over 60,000 weddings took place on this single day in New

Delhi just because the day was auspicious. Every wedding hall in Delhi was booked for

every shift, and families paid large premiums of at least one to two lakhs to book even

the smallest halls. Even on less auspicious days, Indian weddings are big, fun, complex,

loud, colorful, and most of all, expensive. Today, the size of the Indian wedding industry

is estimated to be around 2.25 trillion Indian rupees or 38 billion US dollars. The

industry is also diverse—it includes products and services such as marriage gardens,

matchmaking, clothing, decorations, makeup, gifts, and jewelry. Startups in India have

only scratched the surface of this industry. The most prominent example is Shaadi.com,

which has revolutionized matchmaking and made many aunties across India obsolete.

Your task for this week is to develop a product concept for a mobile and web application
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that will reinvent part of the wedding experience—either before, during, or after the

wedding—in India. On to reinventing!

We chose the Indian wedding industry as our prompt for three reasons. First, based on

conversations with Indian entrepreneurs and venture capitalists, the wedding industry was noted

as having a large market potential. Several venture capital firms are investing in software products

for this market. Second, unlike finance or biotechnology, the “Indian wedding” was something

that the vast majority of participants had experienced, but it represented an industry in which

a subset of individuals would not have a systematic skill or knowledge advantage. Third, we

chose this industry because it was complex, composed of problems ranging from finding mates,

to buying wedding dresses, to post-marital counseling. Thus, the Indian wedding context could

produce differentiation in the types and quality of ideas generated by the participants. For one

hour, the participants entered their ideas into a software application as short paragraphs.

Individuals produced on average 6.6 ideas, each having a length of approximately 505 charac-

ters. We call these ideas “pre-treatment” ideas.

Conversational peer randomization. To test our hypotheses, we randomized each participant

to a set of three conversations in the form of semi-structured “empathy interviews” with other

participants at the bootcamp (e.g., Kelley and Kelley, 2013). Each conversation lasted 14 minutes.

We assigned each pair to random and pre-assigned seats, with participants assigned (randomly)

to an “A” and a “B” position.

The protocol of the interview was semi-structured. Participants were asked to learn about their

conversational peers’ experience with an Indian wedding. We began with person A interviewing

and listening to person B’s perspective for four minutes, followed by person B interviewing and

listening to person A’s perspective for the same amount of time. Next, person A was asked to

“dig deeper” by asking person B more questions for three more minutes. Person B then repeated

this process with person A.

During and after the conversation, participants could take notes about their conversation and

record it in the sheet depicted in Figure A2. After the first pairwise peer interaction, individuals

were re-randomized to two more pairwise interactions following the same structure. After all three

randomizations, individuals were instructed to return to a randomly assigned table and generate
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new ideas individually for one hour.

The participants generated an average of 4.5 new ideas, with the average idea having 476

characters. We call these “post-treatment” ideas.

Anonymous Peer Evaluations of Individual Ideas. The next morning, from 9:30 am to 11:00 am

(Wednesday, day 3), all participants anonymously evaluated a random subset of both the pre- and

post-treatment ideas of other participants. Our choice of double-blind anonymous peer evaluations

arises from three considerations. First, peer evaluation is perhaps the most common evaluation

method in many creative contexts. In academia, research articles are evaluated by anonymous

peers, as are grants (Marsh, Jayasinghe and Bond, 2008). In organizations, many decisions

about products and design choices are evaluated by peers. In education, peer evaluations are

becoming increasingly common for classroom projects (Cooper and Sahami, 2013; Reily, Finnerty

and Terveen, 2009). Second, many prior studies of creativity have used peer ratings as measures

of the creative output of teams and individuals (Amabile et al., 2005, 2004; Kornish and Ulrich,

2011). Third, peer evaluation, particularly in this context, may be more reliable than evaluations

by experts, who may have neither the incentive, time, nor ability to evaluate an idea’s worth

(Kornish and Ulrich, 2014; Scott, Shu and Lubynsky, 2016). Finally, research indicates that peer

evaluations are more accurate when the evaluators are blinded to the identity of the subject. They

are also harsher and more accurate when evaluating more than three items (Marsh, Jayasinghe

and Bond, 2008; Boudreau et al., 2016). Thus, we asked individuals to rate approximately 50 ideas

in three dimensions on a 5-point Likert scale from strongly disagree to strongly agree: whether

the idea was novel, whether the product was something that the rater would buy, and whether

the idea had business potential.

Each idea received approximately 3.42 complete ratings. The average ratings were 2.45 for

business value, 2.59 for buy likelihood, and 2.43 for novelty.

Evaluations from Indian Consumers. To complement our anonymous peer evaluations, we

also measure idea quality using another common metric of idea quality: consumer evaluations.

Prior research on product development documents that online consumer evaluations predict future

success, often with more accuracy than expert assessment (e.g., Kornish and Ulrich, 2014).

To ensure our raters were potential consumers we recruited 45 digitally savvy Indian consumers
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on Amazon’s Mechanical Turk, a platform commonly used by firms to do early market research

(e.g., Bentley, Daskalova and White, 2017). To ensure comparability with our peer evaluations,

we had the Indian consumers rate the startup ideas on the same three dimensions and on the

same 5-point scale. Each consumer evaluated 41 ideas on average, yielding 5.58 complete ratings

per idea. The average ratings were 3.36 for business value, 3.12 for buy likelihood, and 3.27 for

novelty. Beyond providing an additional metric of idea quality, the consumer evaluations serve

as a partial replication of our analysis. We use exactly the same models, but estimated with the

consumer evaluation data, to test whether our results are robust to different measures of idea

quality.

Variable construction

Dependent variables. The key dependent variables for our analysis derive from the anonymous

peer evaluations (day 3) of the raw ideas generated by individuals on day 2 as well as the text of

those ideas.

The first dependent variable is Idea Quality. It is the sum of the evaluations an idea receives

from an anonymous evaluator on the dimensions of business value, buy likelihood, and novelty.2

To understand how our intervention affects the content of the ideas generated, we also con-

struct two dependent variables using the raw text of the ideas themselves. The first variable,

idea development, counts the number of unique words used by an innovator in describing her

idea. Development, as measured by unique terms, has been used in a wide variety of prior studies

and has been shown to correlate with success in fields ranging from poetry to the hard sciences

(Simonton, 1990; Feist, 1997).

Our second content-based variable, recombination, measures the extent to which the words

used by an innovator in the write-up of an idea connect different semantic domains. To generate

our measure of recombination, we construct a semantic similarity network between the ideas

generated using word overlaps as a measure of connectedness. Using this semantic network, we

then calculate the betweenness centrality for each idea to measure how recombinative each idea

2While most ideas received evaluations on all dimensions, some received evaluations on only one. For the construction
of Idea Quality, we coded the score as missing if it did not receive evaluations on all three dimensions. We find no
systematic relationship between the variable of interest and the likelihood that a project evaluation was missing.
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likely is. Research on the success of products, articles, and patents finds that ideas that sit

between different and distinct idea “domains” often represent novel recombinations with greater

potential (Hargadon and Sutton, 1997; Uzzi et al., 2013). Full details on how we construct these

text-based measures are in the Appendix.

Independent variables. To examine the relationship between an innovator’s openness and peer

extroversion on quality of the idea generated, we create three variables. First, Openness (self)

is the average of an individual’s responses to the 10-item openness scale deployed before the

bootcamp. This variable is normalized to have mean of 0 and SD of 1.

Second, Extroversion (Peer) measures the average extroversion score of an individual’s three

randomly assigned conversational peers. Extroversion is calculated using the average of the the

8-item extroversion scale and is standardized at the individual level before being aggregated into

our average peer measure.

Third, we create an interaction variable Extroversion (Peer) × Openness (Self) to test Hy-

pothesis 3, that open individuals benefit especially from talking with extroverted partners.

Control Variables To assess the robustness of our results, we also control for a number of

additional factors. To test that open innovators benefit from talking with extroverts, and not the

other way around, we parallel the operations described above and construct Extroversion (Self),

Openness (Peer), and Extroversion (Self) × Openness (Peer) variables. For completeness, we

also generate Openness (Self) × Openness (Peer) and Extroversion (Self) × Extroversion (Peer)

variables.

We also include three non-personality controls in our models that capture the abilities and

talents of the participants. The first of these control is a person’s pre-treatment idea quality, the

average of the evaluations of each person’s pre-conversation ideas. This variable allows us to test

whether there is any effect of being paired with someone who simply generates higher-quality

ideas. The second control is a measure of each person’s general ability and talent, based on their

independently evaluated bootcamp admission score.3 The admission score allows us to rule out

3Each participant’s bootcamp application was rated by four independent admissions evaluators. The evaluations
were on a 1 to 5 scale and based on grades in college; the prestige of their college; the quality of their application essay;
their skills in business topics such as finance, marketing, and sales; and their technical skills, such as interaction design
and programming.
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the possibility that extroversion mainly captures differences in human capital. The third control

is educational background; we construct a binary measure that indicates whether the participant

has an engineering degree. Given the technological focus of the bootcamp, we can control for

familiarity and experience developing web applications.

[Table 1 about here.]

Table 1 presents summary statistics for our dependent, independent, and control variables.

We also include the other three personality measures for completeness. As expected, the standard

deviations are smaller for the averaged personality scores of each participant’s three randomly

assigned peers. Table A1 in the Appendix provides bivariate correlations. We find little evidence

that a person’s personality traits are correlated with those of their randomized peers, providing

evidence that our randomization was successful. Table A2 in the Appendix tests for balance more

formally by regressing an individual’s personality measures on the Extroversion (Peer) variable.

We find no evidence for imbalance.

Modeling strategy To test our individual-level hypotheses, we used ordered logistic regression

models to regress all evaluations e of idea d by individual i on the openness of the innovator, the

randomized conversational peers’ average level of extroversion, and the interaction.

Since peers were randomly assigned and the assignment does not appear imbalanced, our

estimate of Extroversion (Peer) can be interpreted as a causal peer effect. We use ordered

logistic regression since our dependent variable takes on integer values between 3 and 15. Since

we have multiple evaluations and multiple ideas for individuals i, we included fixed effects at

the evaluator level and corrected our standard errors by clustering them at the individual level.

The evaluator fixed effects increase our power by removing between-evaluator differences. The

clustering reduces our power by accounting for the fact that the ideas generated by the 108

brainstorming participants are not independent.4

4While the larger study had 112 participants, four participants were absent or unable to connect to the wireless
Internet during the brainstorming exercise. These four participants do not appear to differ from the larger population
of participants in terms of personality or ability.
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Results

We first test whether open innovators develop better-rated ideas (Hypothesis 1). In Table 2 we

regress each evaluation of idea quality on the focal innovator’s openness score. Column 1 presents

estimates of the innovator’s openness on the aggregate post-treatment Idea Quality measure. The

coefficient is negative, −0.077, but the standard error and p-value imply that the estimate is not

statistically significant (SE=−0.065, p > 0.1). This suggests that individuals who are high in

openness do not necessarily generate better ideas and may, on average, generate worse ideas.

[Table 2 about here.]

Column 2 in Table 2 tests the main effect of conversing with more extroverted peers (Hypoth-

esis 2). The coefficient on Extroversion (Peers) is 0.305, nearly four times the magnitude of the

Openness (Self) estimate, and is statistically significant (p < 0.05).

This coefficient indicates that when individuals have conversations with extroverted peers,

they generate better-rated ideas. By exponentiating the coefficient, we find that the log odds for

the peer extroversion variable is 1.36. Individuals who have extroverted peers, by one standard

deviation higher than the population average, are about 36% more likely to receive a one-point

higher rating than individuals who converse with a peer at the mean level of extroversion. A

one-point increase is non-trivial, as it moves an idea up a decile in the idea quality distribution.

Column 3 includes the interaction term testing the predictions in Figure 1. In Column 3

we include a variable for individuals’ level of openness, the average peer extroversion, and an

interaction of this variable with their peers’ average extroversion.5 The coefficients on the main

effects of Openness (Self) and Extroversion (Peers) remain relatively unchanged. The coefficient

on the interaction term is similar in size and significance to the Extroversion (Peers) variable. The

estimate is 0.300, and the standard error of (0.142) and p-value (p < 0.05) indicate that the effect

is different from zero. The coefficient indicates that individuals who are one standard deviation

higher in openness get twice the benefit when they talk with extroverts. Furthermore, since the

5Openness (Peers) and Extroversion (Peers) have a correlation of 0.4, the largest correlation between our independent
variables. We find no evidence that this correlation or any other correlation between our independent variables led to
instability due to multicollinearity in any of the models in Table 2.
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main effect of Openness (Self) is a fourth the size of the interaction effect, we find that open

individuals do generate better ideas, but only after they have had conversations with extroverts.

Figure 2 plots the estimated effects on idea quality for matches between Open-Extroverts,

Open-Introverts, Closed-Extroverts, and Closed-Introverts. The chart plots and tests the joint

effect of Openness (Self), Extroversion (Peers), and their interaction. The chart reveals that

open innovators benefit from talking to extroverts but will generate worse ideas when paired with

introverts; closed innovators are unaffected by the extroversion of their peers.

In Column 1, we see that an open innovator paired with extroverts generates higher quality

ideas, 0.53 (p < 0.01) points higher than an innovator at the mean level of openness matched with

partners at the mean level of extroversion. The effect is substantial, implying that the innovator

is 70% more likely to generate an idea that is one decile greater in the quality distribution. In

Column 2, we see that an open innovator paired with introverts generates worse ideas, -0.72

(p < 0.01) lower. Closed individuals experience little change in the nature and quality of their

ideas; partnering with extroverts has an estimated effect of .11 and partnering with introverts

0.07, both insignificant.

[Figure 2 about here.]

Returning to Table 2, Column 4 extends our models by including the full set of self-peer

interactions between extroversion and openness. This model allows us to check the robustness of

our results in the face of alternative self-peer personality interactions.

Including the additional interactions increases the magnitude of the coefficients on Extrover-

sion (Peers) and its interaction with Openness (Self). Furthermore, having peers high in openness

does not appear to help an innovator generate better ideas.

Column 5 includes our three non-personality ability measures to further assess robustness.

The first control is pre-treatment idea quality, the average of the evaluations of each person’s pre-

conversation ideas.6 The second control is our measure of each person’s estimated generalized

ability, as measured by his or her admission score. The third control is our dummy for whether

6We have complete observations for all 108 participants, except for one individual who participated in only the
post-treatment idea generation session. In Column 9 we drop this person’s 9 idea evaluation from the analysis.
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the individual has or is pursuing an engineering degree. Including these controls at the self and

peer levels does not change our primary results.

Our results do not appear to be driven by the peer’s pre-treatment idea quality, talent, or

educational background. Column 6 tests the robustness of our results by including all the variables

in both Columns 4 and 5. Our results hold even in this relatively demanding specification.

Finally, these findings also hold when using evaluations from Indian consumers who did not

attend the bootcamp; see Appendix Table A16, which replicates 2, but using our external measure

of idea quality.

Analyzing the Idea Text

We further test our arguments by examining the text content of the ideas generated by partici-

pants. Specifically, we test whether our treatment effects shape how developed and recombinative

an idea is and whether these changes mediate the effects on idea quality. Table 3 presents results

from this analysis, providing a further check on our hypothesized pathway.

[Table 3 about here.]

In Column 1 of Table 3 we test whether our treatment affects an idea’s development score. We

regress the score (the log of the number of unique terms) on Openness (Self), Extroversion (Peers),

the interaction, and the average development score of the innovator’s pre-treatment ideas.7

Similar to our idea quality models Table 2, we find that the coefficients on Extroversion

(Peers) and its interaction with Openness (Self) are positive and similar in magnitude. A one

SD increase in Extroversion (Peers) increases the number of unique terms in the idea by 0.38

standard deviations (SE = 0.160, p < 0.05), and the effect appears larger for those higher in

Openness, increasing the number of unique terms used by an additional 0.34 standard deviations

(SE = 0.205, p < 0.1). Column 2 tests the effects on recombination and finds similar results with

a one SD increase in Extroversion (Peers) leading to an increase in an idea’s recombination score

of 0.245 standard deviations (SE = 0.118, p < 0.05), and with the effect increasing by another

7Three ideas, which each received 5 evaluations, used only very common words, and so after parsing the text ended
up having zero terms. For these terms, the recombination score could not be calculated, since betweenness cannot be
calculated for isolates in the semantic network. We drop these 15 observations from our analysis.
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0.24 for innovators high in openness (SE = 0.138, p < 0.1). We find evidence that speaking with

extroverts, especially among those high in openness, leads to more developed and recombinative

ideas.

In Column 3 we examine whether higher recombination and development scores lead to better

evaluations. We find that ideas with higher development scores are indeed better ideas. A one

SD increase in an idea’s development score leads to improvement in idea quality by 0.314 points

(SE = 0.076, p < 0.01). We also find a significant effect for recombination, with a one standard

deviation increase improving idea quality by 0.195 points (SE = 0.096, p < 0.05).

At the bottom of Column 3 we report the results of our formal mediation analysis (Baron and

Kenny, 1986). Our mediation analysis tests if the effect of Extroversion (Peers) and Openness

(Self) X Extroversion (Peers) is mediated by recombination and development.

Using a multiple-mediation model we show that it is, though primarily through idea develop-

ment. The total effect of Extroversion (Peers) and Openness (Self) X Extroversion (Peers) on

Idea Quality is 0.806 (SE = 0.243, p < 0.01). Of this effect, we estimate that 0.31 (about 38%) is

mediated by development and recombination (SE = 0.112, p < 0.05). Examining each measure

separately, we find that roughly 85% of the mediated effect appears to flow through development,

and about 15% of the quality effect may come from recombination, although the indirect effect

through recombination is not statistically significant. The models in Table 3 provide further evi-

dence for our causal pathway: talking with extroverts, especially for innovators high in openness,

leads to developed and recombinative ideas, which are of higher quality.

Robustness checks and alternative mechanisms

Our online Appendix provides a further suite of robustness checks, which we briefly describe

below.

Alternative model estimates to test for non-linearity in interactions: Appendix

Table A6 replicates Table 2 using ordinary least squares instead of ordered logistic regression

to confirm that the interaction effect between Openness (Self) and Extroversion (Peers) is not

an artefact of the non-linear specification (e.g., Ai and Norton, 2003). We find evidence for the

interaction effect in the linear specification, and in further robustness checks we find that plots
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of our interaction terms are consistent over the range of the data.

The effect of other peer and innovator traits: Appendix Table A8 tests the importance

of experience at weddings. The table tests if our results are sensitive to the inclusion of innovator

age (perhaps older participants have attended more weddings) and gender (potentially women

are more familiar with the wedding industry). None of these experience-with-wedding proxies

meaningfully change our results. In Appendix Table A8 we also find little evidence that openness

merely reflects an innovator’s ability as measured by his or her admission score.

Alternative personality mechanisms: In Appendix Table A7 we test whether what mat-

ters is not the extroversion of an innovator’s peers but rather their neuroticism, conscientiousness,

agreeableness, or self-monitoring. We find these measures to be largely insignificant, even when

interacted with the innovator’s openness. Furthermore, they do not meaningfully change the co-

efficients on our openness and extroversion measures. Appendix Table A9 has perhaps the most

demanding specification and reports the results from the fully parameterized regression that in-

cludes all 25 ego-alter pairwise personality interactions. In this regression, extroversion (peers)

remains significant, although the interaction with Openness (Self) loses statistical significance

but remains positive and is not statistically different from the specifications where significance

at conventional levels is achieved. What matters most, however, is the joint effects. The pattern

reported in Figure 2 holds; open individuals do better (worse) when they converse with extroverts

(introverts) (p < 0.01); for closed individuals, we find no statistically different outcomes when

they talk to extroverts or introverts.

Alternative dependent variables: Moving beyond alternative personality explanations,

in Appendix Table A10 we show that peer extroversion and the rest of our measures have little

impact on the number of ideas generated, with the exception that open individuals appear to

generate slightly more ideas (p < 0.1). This is not surprising as prior research suggests that

quality of ideas, rather than quantity, distinguishes open from closed individuals.

Peer order and mix effects: Appendix Table A11 examines whether idea generation is

improved not by talking solely with extroverts, but by talking with a mix of extroverts and

introverts or by talking first to extroverts and then to introverts. We test for the value of talking

to a mix of peers by including the standard deviation of extroversion; we test for potential order
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or sequence effects by separately including in our regression model the peer extroversion of an

innovator’s first, second, and third conversation partners. We find little evidence for either.

Appendix Table A12 tests whether the effects on idea quality affect the underlying dimensions of

novelty, business, and buy ratings. We find our effects hold across these dimensions.

Evaluation bias: Appendix Table 13 includes controls for whether the idea evaluator knows,

is friends with, or provides advice to the participant who generated the idea. While the evaluations

did not include any information about who generated the idea, perhaps people were able to

determine who generated the idea and favored their friends. Controlling for evaluator–innovator

relationship status does not affect our findings. In conjunction with the fact that our models

hold when using evaluations from Indian consumers, we find little evidence that our peer-based

measure would systematically bias our findings.

Path dependence on Team-level outcomes: We further checked the robustness of our

results by testing whether our individual-level findings could be replicated 3 days later on the

performance of the 40 randomly teams to which the participants were assigned. Appendix Table

14 presents a brief description of this robustness test and our findings. In summary, we find path

dependence in the team-level outcomes. Teams populated with participants higher in openness to

experience and who conversed with extroverted peers during the individual pairwise conversations

that constitute the main experiment produced final projects that were rated higher in the double-

blind peer evaluation as well as in independent ratings by Indian consumers. This preliminary

finding suggests that these early conversations may be consequential for team as well as individual

performance.

Discussion

In this paper, we contribute to a growing literature on the social dimensions of idea generation.

This stream of research, though diverse, suggests that social interaction—often mediated through

informal social ties (Burt, 2004; Perry-Smith and Mannucci, 2015), collaborations (Singh and

Fleming, 2010), and conversations with potential customers (Blank, 2013)—is an important factor

that affects the quality of new business ideas or inventions. Our approach, inspired by this work,
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argues that the specific conversations that individuals have with peers play an important role

in idea generation. Specifically, we argue that a complementarity exists between the traits of

conversational peers and focal idea generators in developing high-quality ideas. Our research

examines how the personality of an innovator (openness to experience, capturing creativity) and

the personality of her randomly assigned conversational peers (extroversion, measuring willingness

to share information) affects the quality of the innovator’s ideas.

Our study introduces scope conditions on both the social dimensions of idea generation as

well as models of creativity based on individual differences. First, we find that the ideas gener-

ated by ‘closed’ innovators are unaffected by their conversational peers, suggesting limits to when

social interaction will benefit idea generation. The value of social interaction appears bounded

by individual differences in the ability and motivation to incorporate outside information. Con-

versely, the ideas of open individuals are responsive to social interaction, but this response to

peer extroversion and introversion appears asymmetric. Open innovators paired with extroverted

peers produce the highest-quality ideas. In comparison, Open-Introvert pairs develop substan-

tially lower-quality ideas. This finding suggests that even among individuals with more creative

ability and motivation, external interactions can lead them to produce bad ideas.

Regarding magnitude, while the estimated effect of talking with an extrovert will not turn the

lowest-quality ideas into the best ones, they can shift ideas at the margins of “good” to “very

good” or “very good” to “great.” As the coefficients on Extroversion (Peers) suggests in Table 2, a

one standard deviation increase in peer extroversion is equivalent to moving an idea from the 80th

percentile of quality to the top decile. As the interaction effect Openness (Self)×Extroversion

(Peers) also suggests, the effects are especially large for innovators high in openness, with ideas

potentially moving up three deciles in the quality distribution when they switch from conversing

with a introverted to an extroverted partner. Our magnitudes are comparable to related work on

idea generation (Girotra, Terwiesch and Ulrich, 2010) and are quite robust to many alternative

specifications: including models that use the text of the ideas generated, external evaluations from

Indian consumers, and substantial controls for alternative personality mechanisms as well as other

background characteristics of both peers and focal individuals. We also find preliminary evidence

that the results of individual-level conversations affect team-level outcomes, though more research
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is needed to understand how our findings interact with team processes such as social anxiousness

(Camacho and Paulus, 1995) and other mechanisms at the group level (Sutton and Hargadon,

1996; Paulus, 2000).

This study speaks to three research streams. First, our research provides new insights for

scholars of entrepreneurship and new product development by showing the importance of conver-

sations at the earliest stages of business idea generation (e.g., Ward, 2004; Shane, 2000). Second, a

diverse body of research has examined the role of collaboration and social interaction in invention

(Fleming, Mingo and Chen, 2007) and idea generation in organizations (e.g., Perry-Smith and

Mannucci, 2015; Burt, 2004). Our results use this prior work as analogy to provide a closer look at

conversations—which often make up the basic social interactions that drive such collaborative or

network effects. The effects of conversations appear to be moderated by the personalities of both

the senders and receivers of information. Finally, our work links research on brainstorming and

the psychology of creativity (e.g., Kaufman and Sternberg, 2010; Paulus, 2000; Amabile et al.,

2004; Amabile, 1983; Taylor, Berry and Block, 1958). Our findings highlight the importance of

personality differences in predicting which types of interactions will be more generative for new

ideas during early stages of the brainstorming and creative process (Litchfield, 2008), and for

what problems (e.g., Kavadias and Sommer, 2009).

How should entrepreneurs, innovators and managers view our results? The simplest takeaway

is that if developing creative ideas matters for your team, then closed people are unlikely to help.

However, being open to experience is not enough. Innovative teams must strive to get external

information from individuals who provide both a higher volume of information as well as share

more personal information. Getting this balance right—between the internal composition of the

team and the sources of external knowledge—is critical not just for the initial ideas generated,

but also for team performance in the longer term. Future research should examine this process

for product development teams in established firms, but also at various stages of the idea journey

(Perry-Smith and Mannucci, 2015).

Our study also contributes to the literature from a methodological perspective. In this article,

we used data from a field setting (an entrepreneurship bootcamp) that is a growing source for

new startups worldwide (Cohen, 2013; Dutt et al., 2016). We were able to randomize social
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interactions well as measure detailed data on ideation and individual characteristics. While the

bootcamp we studied is just one example of a larger phenomenon, we believe startup incubators

and bootcamps offer a fruitful research site to study important social mechanisms and outcomes—

e.g., the creation of new products and firms.

That said, it is worth noting several limitations of the bootcamp setting and, more generally,

of the present study. We focused on a specific interaction—short conversations early in the idea

generation stage—and specific personality traits that prior research has identified as relevant to

creativity and information sharing. A more general account of the value of external conversations

should no doubt consider conversations at other stages (e.g., idea refinement and feedback on a

developed product) and the individual differences in both the seekers and providers of that advice.

Second, our idea generation exercise focused on the Indian wedding industry, and many of

our conversational peers are also potential end users (e.g., Von Hippel, 1978). However, in the

course of idea generation, innovators may also converse with other external parties, including

producers of complementary technologies, venture capitalists, early adopters, colleagues, and

even competitors. While we believe that the basic psychological mechanisms outlined in this

paper should hold, we expect that the effect of conversations in more specialized domains will be

moderated by the domain knowledge of the peer (Poetz and Schreier, 2012).

Third, we conducted our study in the context of new product ideas for startups (Scott, Shu and

Lubynsky, 2016). While there are commonalities between product development teams in startups

and in established firms, there are also differences. Innovators in established organizations face

different constraints, including those imposed by existing product lines, organizational boundaries,

and bureaucracy (e.g., Dougherty and Hardy, 1996). These constraints may limit how novel the

ultimate product ends up being, independent of the idea generation process.

Finally, we also see these limitations as possibilities for future research. While our study fo-

cuses on how individual differences and peer conversations affect entrepreneurial idea generation,

future work should explore how the complementarity between an innovator and her conversa-

tion partner operate within established enterprises, in conversations with consumers, or when

developing technical and specialized ideas. We hope our study provides a template for future

researchers by demonstrating how a peer randomization design can be used to simultaneously
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shed light on the individual and social dimensions that affect creativity, entrepreneurial ideas,

and inventiveness.
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Figure 1: Summary of theoretical arguments for the Innovator–Peer conversation interaction and its
impact on idea quality.
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Figure 2: Estimated effects on idea quality for self-peers matches displayed in Figure 1. Open (closed)
indicates an individual one standard deviation above (below) the mean; extroverts (Introverts) one
standard deviation above (below) the mean. Whiskers display standard errors for each estimate. The
effects for Open-Extrovert and Open-Introvert are both significant at the 1% level.
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Table 1: Summary statistics at the individual participant level
count mean sd min max

Average Idea Quality (Self) 108 7.696 1.245 5.000 12.000
Extroversion Raw Score (Self) 112 3.502 0.545 1.875 4.750
Openness Raw Score (Self) 112 3.896 0.405 2.700 4.700
Conscientious Raw Score (Self) 112 3.627 0.535 2.444 4.889
Agreeableness Raw Score (Self) 112 3.755 0.495 2.444 4.778
Neuroticism Raw Score (Self) 112 2.492 0.618 1.125 3.875
Extroversion (Self) 108 -0.025 1.005 -2.988 2.291
Openness (Self) 108 0.018 1.010 -2.953 1.986
Conscientious (Self) 108 0.011 0.988 -2.211 2.359
Agreeableness (Self) 108 -0.008 0.998 -2.646 2.066
Neuroticism (Self) 108 0.018 1.005 -2.212 2.237
Admission Score (Self) 108 -0.009 1.016 -2.284 1.777
Engineer (Self) 108 0.713 0.454 0.000 1.000
Pre-treatment Idea Quality (Self) 107 2.544 0.327 1.759 4.022
Extroversion (Peers) 108 0.002 0.569 -1.841 1.603
Openness(Peers) 108 0.031 0.596 -1.142 1.492
Conscientious (Peers) 108 0.004 0.613 -1.380 1.866
Agreeableness (Peers) 108 0.020 0.603 -1.524 1.589
Neuroticism (Peers) 108 -0.037 0.574 -1.808 1.159
Admission Score (Peers) 108 0.005 0.574 -1.269 1.342
Engineer (Peers) 108 0.686 0.270 0.000 1.000
Pre-treatment Idea Quality (Peers) 112 2.536 0.178 2.114 3.096
Observations 112
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Table 2: Do conversations with extroverted peers increase an open individual’s idea quality?
(1) (2) (3) (4) (5) (6)

Idea Idea Idea Idea Idea Idea
Quality Quality Quality Quality Quality Quality

Openness (Self) -0.077 -0.092 -0.074 -0.111∗ -0.121∗

(0.065) (0.060) (0.060) (0.056) (0.057)

Extroversion (Peers) 0.305∗ 0.323∗∗ 0.428∗∗ 0.371∗∗ 0.513∗∗

(0.123) (0.109) (0.117) (0.104) (0.116)

Openness (Self) × Extroversion (Peers) 0.300∗ 0.342∗ 0.328∗ 0.365∗

(0.142) (0.153) (0.141) (0.158)

Extroversion (Self) -0.103 -0.081
(0.066) (0.069)

Openness (Peers) -0.220∗ -0.311∗∗

(0.106) (0.113)

Openness (Self) × Openness (Peers) 0.023 0.063
(0.137) (0.121)

Extroversion (Self) × Openness (Peers) -0.138 -0.144
(0.149) (0.134)

Extroversion (Self) × Extroversion (Peers) -0.177 -0.301†

(0.158) (0.176)

Pre-treatment Idea Quality (Self) 0.456† 0.499∗

(0.247) (0.233)

Pre-treatment Idea Quality (Peers) 0.314 0.490
(0.378) (0.378)

Admission Score (Self) 0.013 0.088
(0.059) (0.066)

Admission Score (Peers) 0.199† 0.277∗∗

(0.107) (0.106)

Engineer (Self) -0.158 -0.062
(0.152) (0.154)

Engineer (Peers) -0.045 -0.074
(0.283) (0.270)

Observations 1150 1150 1150 1150 1141 1141

Standard errors in parentheses
Ordered Logistic Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table 3: Do conversations with extroverted peers change the content of an individual’s ideas?

Dependent variable:

Idea Idea Standardized
Development Recombination Idea Quality

(1) (2) (3)

Openness (Self) −0.114 −0.104† −0.050
(0.084) (0.059) (0.069)

Extroversion (Peers) 0.379∗ 0.245∗ 0.271∗

(0.160) (0.118) (0.114)

Openness (Self) X Extroversion (Peers) 0.340† 0.240† 0.230
(0.205) (0.138) (0.148)

Pre-Treatment Development (Self) 0.304∗

(0.129)

Pre-Treatment Recombination (Self) 0.066
(0.087)

Idea Development 0.360∗∗

(0.072)

Idea Recombination 0.098
(0.073)

Indirect Treatment Effect (Development) 0.259∗

(0.103)
Indirect Treatment Effect (Recombination) 0.047

(0.037)
Indirect Treatment Effect (Dev. and Rec.) 0.306∗

(0.112)
Total Effect 0.806∗∗

(0.217)

Observations 1,135 1,135 1,135

Note: †p<0.1; ∗p<0.05; ∗∗p<0.01
Ordinary Least Squares with evaluator fixed effects.

Standard errors clustered at the individual innovator level.
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Overview of the appendix

This appendix provides additional summary statistics, details on how we constructed our text-based mea-
sures, a variety of robustness checks, more details about the bootcamp, and examples of the ideas and
projects generated during the camp.

Section 1 provides a table outlining the day-by-day structure of the bootcamp.

Section 2 reports individual-level bivariate correlations along with balance tests at the individual level.

Section 3 reports the team-level bivariate correlations along with team-level balance tests.

Section 4 details how we construct our idea development and recombination measures.

In Sections 5 through 13 we report numerous robustness checks at the individual level, including a replica-
tion of Table 3 using evaluations from Indian consumers and models that include a variety of alternative
personalitypeer interactions.

In Section 14 we present preliminary findings showing that teams with, members who are on average higher
in openness to experience and who had spoken with extroverts during the individual ideation conversations
also generate higher quality ideas.

In Sections 16 and 17 we report robustness checks at the team level.

In the final three sections we provide more details about the bootcamp, the ideas generated, and the team
projects. In Section 18 we describe the recruitment process and bootcamp in more detail. Section 20
provides further details on the ideas generated. Section 21 provides examples of the projects generated at
the end of the first week.

1 Overview of bootcamp structure

The table below provides a day-by-day overview of the bootcamp schedule, data collection points, and the
treatment timeline.

[Figure A1 about here.]

2 Individual level correlations and balance tests

Table A1 presents the correlations between the variables used in our primary analysis. Table A2 re-
gresses our measure of peer extroversion on an individual’s personality measures. We find no significant
relationships, indicating that the randomization was successful at the individual level.

[Table A1 about here.]

[Table A2 about here.]

3 Team level correlations and balance tests

Table A3 presents the correlations between the variables used in our primary analysis. Table A4 regresses
our measure of peer extroversion on a teams’s average personality score. We find no significant relationships,
indicating that the randomization was successful at the team level.
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[Table A3 about here.]

[Table A4 about here.]

4 Idea development and recombination variable con-

struction

As briefly discussed in the main body of the paper, we calculated two content-based measures of the ideas
generated. The first measure, commonly used in the creativity literature, captures how “developed” an
idea is by counting the number of unique words used to describe the idea. Idea development has been
shown to correlate with poetic and scientific success (Simonton, 1990; Feist, 1997). To generate a content-
based measure of idea development, we took all the ideas generated during the brainstorming sessions and
first cleaned the raw text. To do so, we took the text from each idea, stripped out all the punctuation,
removed common English “stop words” (of, the, a), and then stemmed the remaining words so that words
capturing the same concept (e.g., “run” and “running”) mapped to the same underlying meaning (“run”).
Using this cleaned corpus, we counted the number of unique terms to generate a measure of development.
Since the distribution of term counts is fat-tailed, we generated a final “development score” measure by
taking the log of the count of distinct terms in each idea and then standardizing the variable to have a
mean of 0 and a standard deviation of 1.

While the number of unique terms reflects how developed the idea is, it is only one of many dimensions
that explain why an idea is more creative and innovative. While the traditional Torrance model (Torrance,
1972; Kim, 2006) treats creativity as a composite of four dimensions (elaboration and development, fluency,
flexibility, and originality and novelty), more recent work has argued that creativity encapsulates a larger
set of concepts, including the evolutionary fitness of an idea, its surprisingness in a Bayesian sense, and
how recombinative it is (Simonton, 1999; de Vaan, Vedres and Stark, 2015). The idea of recombination is
especially rooted in the sociology of knowledge and innovation. Within this research stream, scholars treat
ideas, new products, or patents as embedded within a larger semantic network. Some ideas are central in
this network, others are peripheral, and some sit on the boundaries between different “communities” of
ideas. It is this last position of spanning boundaries that has received the most attention, with research
finding that ideas sitting at the interaction of many other ideas represent novel recombinations with greater
potential (Hargadon and Sutton, 1997; Uzzi et al., 2013; de Vaan, Vedres and Stark, 2015).

To measure how recombinative the idea is, we drew on the literature that treats ideas as embedded
in a larger semantic network. We began by building a network between all the ideas generated during
the brainstorming session. In this network, ideas are connected if they are similar, and they remain
unconnected if they are distant. We generated a measure of distance by first calculating a term-frequency-
inverse-document-frequency weighted idea-by-term matrix Manning and Schütze (1999). As with the idea
development score discussed above, terms represent cleaned and stemmed words. Using this idea-by-term
matrix, we then calculated the cosine distance between each idea within this matrix. Conceptually, ideas
that are farther apart in terms of cosine distance share few terms, whereas ideas that are closer together
share many overlapping terms. We treated two ideas as connected in the final semantic network if they
had a cosine distance in the top decile of similarity (less than 0.92).8 We then calculated each idea’s
betweenness centrality in this network of ideas. Ideas high in betweenness centrality are those that sit
on the shortest paths between all the other ideas generated and are thus ideas that are most central in
connecting disparate idea domains. As with many measures of centrality, betweenness centrality is fat-
tailed. Therefore, to generate a final “recombination score,” we took the log of each idea’s betweenness
centrality in the semantic network and then standardized the variable to have a mean of 0 and a standard
deviation of 1.

8Results are similar at other percentile cutoffs, although the results weaken as the networks become more connected
and as variation in measures of centrality decline.
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5 Evaluations by Indian consumers

In Table A5 we replicate Table 3 using evaluations from digitally savvy Indian consumers. We recruited
evaluators using Mechanical Turk, restricting the sample to Mechanical Turkers who are in India and had
master status. We recruited 46 participants to do the evaluations, although one participant was dropped
from the analysis because they took part in earlier piloting of the idea evaluations. Participants could
rate up to 120 different ideas on the same three dimensions used in the peer evaluations. In the end
each participant rated an average of just under 41 ideas. In Column 3 we find little evidence for a main
extroversion (peer) effect, while in Columns 4, 5, and 6 we find evidence for both the main peer effects and
their interaction with Openness (Self).

[Table A5 about here.]

6 Results hold when using OLS

We replicate Table 3 using standard linear regression instead of ordered logistic regression. This model
returns the marginal effects at the group means and so helps us test if our results, and especially our
interaction term, are robust to the model specification. Indeed, the interaction terms in Table A6 remain
positive and significant.

[Table A6 about here.]

7 Peer extroversion or other peer personality mea-

sures?

Tables A7 tests if other personality interactions drive our results. We find little evidence that our findings
are being driven by other peerpersonality constructs.

[Table A7 about here.]

8 Does wedding experience or ability matter?

Table A8 includes a number of controls to proxy for an individual’s experience attending and interest in
weddings. It includes age, gender, and self-monitoring. Older participants should have attended more
weddings. Women could be potentially more interested in weddings. Self-monitors may receive more
invites. We have no evidence that any of these measures correlates with idea quality, nor do they impact
our estimates of interest.

Column 3 in Table A8 tests if our openness measure is capturing ability or intelligence. We find
little evidence that it does. Including our measure of ability, admission score, and its interaction with
peer extroversion does not impact the effect of openness nor the effect of openness interacted with peer
extroversion.

[Table A8 about here.]

9 Is it the Openness-Extroversion match or other per-

sonality matches?

In Table A9 we include the full set of personality variables for the self, peer, and the interaction between the
two. For 5 personality constructs across the self and peers there are 25 interactions. Including the full set
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of self and peer personality measures does not meaningfully change our findings. Extroversion (peers) holds
at the 1% level across all four models. While we lose significance on the Openness (Self) X Extroversion
(Peers) interaction in Columns 3 and 4, the coefficient remains relatively large and positive. Furthermore,
joint tests reveal that matching on these two dimensions still matters. Using using the estimates from
the model we replicate the analysis underlying Figure 2. We find that pairing an open innovator with an
extrovert [introvert] has an estimated effect on idea quality of 0.78 (p < 0.01) [−.94 (p < 0.01)]. For a
closed innovator paired with an extrovert [introvert] the estimated effects are reduced to 0.43 (p < 0.1)
[−.27 [p > 0.1]], and the estimated effects are not statistically distinct from one another.

[Table A9 about here.]

10 What about the number of ideas?

Table A10 tests if peer extroversion and its interaction with innovator openness changes the number of
ideas generated. We find little evidence for any such effect, with the only significant effect (10% level)
being that open individuals generate more ideas.

[Table A10 about here.]

11 Testing for variance and order effects

One possible alternative is that idea generation is improved not by talking with extroverts only but also
by talking with a mix of extroverts and introverts. Building on this idea that it is the variance that is
important, perhaps what really matters is the sequence of conversations. Perhaps introverts improve idea
quality when encountered after talking with extroverts? Table A11 tests these alternative models. Model
1 shows that the standard deviation of peer extroversion does not appear to improve idea quality nor does
its interaction with the focal innovator’s openness. Model 2 disaggregates the effects, including separate
extroversion measures for the first, second, and third peer with which the focal actor conversed. For both
the interactions and the main effects, we find little evidence that the order of who an innovator talks to
matters. None of the estimates are substantially different from one another, although the estimates have
wider standard errors since we lose power by estimating the extroversion of each conversation partner
separately.

[Table A11 about here.]

12 Do our results hold on dissaggregated quality mea-

sures?

In Table A12, we examine whether our results hold in the more disaggregated versions of the post-treatment
idea ratings. We find that peer Extroversion (Peers) and the interaction with the Openness of the innovator
increases the quality of ideas in the dimensions of business value, buy likelihood, and novelty. Consistent
with our theorizing, we find that our effects increase idea quality across the board and not simply in terms
of one idiosyncratic dimension.

[Table A12 about here.]
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13 Does bias in the evaluation process lead to bias in

the peer effects estimation?

Though the evaluations of ideas was double-blinded, we still wanted to ensure that our estimates were
not biased by whether evaluators had knowledge of or interacted with the individual generating the idea
that they were evaluating. To do this, we conducted an analysis where we controlled for the presence of a
relationship prior to the treatment between an evaluator and the focal innovator. Our results, presented in
Table A13, indicate that such a bias does not appear to exist or does not affect our key results. Knowing,
being friends with, or going to another participant for advice does not appear to change the rating of the
idea in any appreciable way. In Column 4 we drop all evaluations conducted by evaluators who knew the
individual whose blinded idea they were evaluating. Again, our results remain robust.

[Table A13 about here.]

14 Team level process description

Idea development in teams. At the end of the evaluation session on day 3, individuals were randomly
assigned to teams of approximately three individuals. Within these teams, individuals worked on days 3,
4, and 5 to develop a mock-up prototype and business plan. The teams were given the freedom to work
on any idea that they jointly chose. The idea could be one from the pre-treatment ideation session, the
post-treatment session, a combination of both, or neither. By midnight of day 5 (Friday), the participants
submitted a complete project of the prototype, which included a “splash page” consisting of a graphic
describing their product, a presentation walk through of their software prototype, a text description of
their product and the problem it was intended to solve, a one-sentence description of their product, and a
product name.

Final project submission evaluations On day 6 (Saturday), we assigned the 112 participants five random
and anonymous project submissions to evaluate (excluding their own). THe participants evaluated their
assigned submissions using an online system where students both rated (on a 5-point Likert scale, equivalent
to the individual ideas) and ranked five randomly assigned submissions. Each team’s project therefore
received approximately 14 evaluations on 12 dimensions, including product novelty, unique insight, display
of empathy for customer needs, feasibility, business potential, as well as the quality of the prototype walk
through and splash page (Girotra, Terwiesch and Ulrich, 2010). Our results are strongly consistent across
both the ratings and rankings.9 As with the individual ideas, after the bootcamp we recruited Indian
consumers on Mechanical Turk to evaluate each project on the same set of dimensions used in the peer
evaluation. On average, each evaluator rated just under nine projects. These third-party evaluations allow
us to test if our team-level models of project quality generalize to external measures of quality. Appendix
Figure A1 summarizes the process of the experiment, the randomizations, and the data collection.

15 Testing the Team-Level Effects

Dependent variables. To test whether our results replicate at the team-level, we again use blinded peer
evaluations to construct a measure of each team’s project quality. As mentioned earlier, at the week’s end
(Saturday, day 6), individuals conducted double-blind evaluations of five projects randomly selected from
the 39 other submissions (excluding one’s own submission) on 12 different dimensions ranging from novelty
to prototype quality to estimated demand. We average these 5-point rankings across the 12 dimensions to
construct our Project Quality measure.

Independent variables and controls. To generate team-level measures we average the openness of mem-
bers within the team and the extroversion of the peers each person worked with on the second day of the
camp. Specifically, we calculate Openness (Team), which measures the average level of extroversion of
the team’s members. We create extroversion (Peers), which measures the average of all team members’

9The ranking analysis is available upon request.
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peers extroversion scores. To test for path dependence in team-level outcomes, we create create a variable
Openness (Team) × Extroverted Peers (Peers) , which is the interaction between these measures. We
construct our team-level controls similarly, calculating the within-team and randomized peer averages of
extroversion, openness, admission score, engineering background, and pre-treatment idea quality.

[Table A14 about here.]

Table A14 presents summary statistics for our team-level measures. Compared to the individual-level
measures, the standard deviations are smaller, which is to be expected since the measures are averages
over 3 people for the within-team measures and over 9 people in the case of the peer measures. Table A3
in the Appendix presents a table of correlations between these measures. Again, we find little evidence
that a team’s average personality scores are correlated with the average of the team’s randomized peers.
Table A4 in the Appendix explicitly tests for balance by regressing a team’s average personality scores on
the Extroversion (Peer) variable for the team. We find no evidence for imbalance.

Modeling strategy To test theses hypotheses, we use linear regression models to regress all evaluations
e of project p by team i on the team’s average openness, the average level of extroversion of the team
member’s randomized peers, and the interaction. As our team project quality measure is quite continuous,
unlike the evaluations at the individual level, we use standard linear regression instead of ordered logistic
models. Since we have multiple evaluations and multiple ideas for individuals i, we included fixed effects
at the evaluator level and corrected our standard errors by clustering them at the team level.

Team-level results

We replicate our individual-level results by testing whether our individual-level findings could be replicated
3-days later on the performance of the 40 randomly teams into which the participants were assigned. Similar
to our individual-level analysis, we regress measures of each team’s final project quality on team member
openness, the extroversion of team-members’ randomized peer’s during the individual empathy interviews,
and the interaction of these two variables. Table A15 presents our results. All models include evaluator
fixed effects and cluster standard errors at the team level.

[Table A15 about here.]

Column 1 in Table A15 regresses the project quality score on team-level measures of our key independent
variables. Our results provide some support for the prediction that teams with members higher in Openness
generate higher quality projects, with a point estimate of 0.124 (SE = 0.063, p < 0.10). It appears a team
with a one standard deviation higher openness average will generate projects that are about 0.58 standard
deviations higher in project quality. Column 2 in Table A15 regresses project quality on the average
extroversion of the 9 people each team member talked to during the second day brainstorming exercise.
We find little evidence for any effect, though the coefficient is positive. Column 3 includes the Openness
(Team) × Extroversion (Peers) term. We find evidence that there is path dependence in team-level
outcomes. The coefficient is 0.311 (SE = 0.162, p < 0.05), which is positive, significant, and meaningful in
magnitude, about 2.5 times larger in magnitude than the Openness (Team) measure.

Columns 4 and 5 in Table A15 test if these results are robust to the inclusion of additional personality
measures and ability measures. In Column 4, which includes the full set of extroversion and openness
interactions, we find that the results remain relatively unchanged, although the magnitude of the interaction
term increases in size. The model reported in Column 5 includes the team’s and peers’ average admission
score, pre-treatment idea quality, and if they have an engineering degree. While none of the ability
measures are significant, inclusion appears to increase our power: the coefficient on Extroversion (Peers)
increases in magnitude to 0.183 and becomes statistically significant (SE = 0.083, p < 0.05). In Column
6 we include all the variables from Columns 4 and 5. The results are largely consistent with the earlier
columns, although we again lose statistical significance for the Extroversion (Peers) main effect. That
said, in Appendix Table A16 we run the same models in Columns 16, but using evaluations from Indian
consumers. The results are remarkably consistent,and we again find a positive effect for Openness (Team)
X Extroversion (Peers) (p < 0.01) across all models and a positive effect for Extroversion (Peers), although
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the effect is only significant in Appendix Table A16 Columns 4 and 6. It does not appear that our idea
quality measures capture something idiosyncratic to the social setting in which the ideas were generated.

We report further robustness tests in the Appendix. In Appendix Table A17 we test if what matters for
project quality is having a mix of open and closed members in a team or talking to a mix of extroverts and
introverts. Our effects remain largely unchanged when including the standard deviation of team openness
or the standard deviation of peer extroversion. It does not appear that extroversion or openness diversity
drives differences in a team’s project quality.

16 Evaluations by Indian consumers at the team level

We replicate Table 5 using evaluations from web-savvy Indian consumers. We recruited the consumers on
Mechanical Turk, limiting participation to Indians with master status. Participants read the same prompt,
the same packet of materials, and rated projects on the same dimensions as described in main text. In the
end, the 34 participants completed 291 evaluations, an average of just over 8 evaluations per project. As
with Table 5, we find weak effects for the main extroversion peer effect; however, we again find a strong
and significant effect of peer extroversion when the team itself is high in openness.

[Table A16 about here.]

17 Testing for variance/diversity effects at the team

level

Table A17 tests if our results hold even when including controls for different types of team dynamics.
Column 1 tests if teams with more open and more extroverted members perform better. Column 2 tests
if what matters is having one very open individual or one member with very extroverted peers. Column 3
tests if having a team with a mix of open individuals leads to greater team performance. Across all three
models we find that teams with open individuals who conversed with extroverted peers perform the best.
While we have no doubt that team dynamics play a role, these early conversations appear to lead to ideas
that have a lasting impact on team outcomes.

[Table A17 about here.]

18 Setting description, participant recruitment and

participant characteristics

The program, Innovate Delhi, was a 3-week intensive startup boot camp and pre-accelerator that ran from
June 2 (Day 1) to June 22 (Day 21), 2014 on the campus of IIIT-Delhi. The program consisted of three
modules spread over three weeks. The bootcamp was held six days a week, Monday through Saturday,
from 9am until 5pm. The first week (on which this experiment is based) focused on design thinking,
feedback, and prototyping. Individuals worked in randomly assigned teams of three to develop a software
product concept for the Indian wedding industry. During this week, teams and individuals were required
to converse with three other participants about their experience with weddings. At the end of the week,
individuals submitted their final prototypes for peer evaluation.

Admission into the Innovate Delhi program required the completion of an extensive online application,
made public September 10, 2013, and with a completion deadline of February 1, 2014. Applicants had to
provide a detailed overview of their work history, education, and business skills. Furthermore, they were
strongly encouraged to write an essay explaining why they wanted to enter the program, and as part of the
application, we asked them to email people they thought might also be interested. We recruited applicants
through a number of different means including Facebook ads, social media posts, entrepreneurship orga-
nizations, and word-of-moth referrals. Over 1,247 people started the full application, 58 started a short
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version of the standard application we launched after the February 1st deadline, and 71 people completed
a wait-list Google Form application that was designed to attract last-minute applicants; a total of 1,376
applications were started. We received 508 fully completed applications, of which 437 were standard ap-
plications and 71 were from the last-minute Google Form applications (these applications did not allow
the user to save their work and submit at a later date, hence providing the perfect pass through rate).

From these applications we accepted 358 standard applicants and 18 last-minute applicants. From this
pool of accepted students, 178 enrolled by May 1st and signed our initial online IRB consent form. This
form clearly stated that the program was being conducted for research purposes and that digital, video, and
audio data would be collected. From this group we still had a sizable attrition rate: 135 formally paid the
registration fee, signed up for a Google Apps @innovatedelhi.com account, and completed a battery of pre-
program surveys. Of these 135 students who formally enrolled, 118 attended the first day of the program
and signed our second physical consent form. Of those who attended on the first day, 95 percent (112) of
these students continued on to the second day and completed the three-week program. Of the 112 program
graduates, 104 people completed the full standard application, 5 completed the the shorter standard
application, and 3 completed the last-minute application. From these 112 graduates of the program, 38
learned about Innovate Delhi through a friend, 24 heard about it from a Facebook ad campaign, 13 through
the university where we ran the program, 8 through Internet searches for entrepreneurship boot-camps
and accelerators, and the remainder through an assortment of social media and word-of-mouth means.

The age range of the 112 graduates was from 18 to 36, with a mean age of just over 22. Our program
had 25 women and everyone had, or was enrolled in, college, with 60 of the participants enrolled in a
college, master’s, or Ph.D. program. Our program was regionally diverse, with 62 of the participants from
the state of Delhi and the rest from across India. The class was primarily comprised of engineering and
computer science degree holders (78), followed by 18 business degrees, and the rest came from the arts and
sciences. A total of eight people were enrolled in or had graduated from advanced degree programs. The
participants came from a broad spectrum of universities including Delhi University, IIIT-Delhi, Jaypee
University, Delhi Technological University, and the IITs. It is important to note that universities in India
are composed of relatively independent colleges, and thus most of the participants in our program did not
know one another, even when they came from the same university. For example, of the 26 participants
from Delhi University, half are the only representative from their college, and the most popular college from
Delhi University supplied only three participants. Everyone in the program spoke English since proficiency
in English was an application requirement, and nearly all the participants were multi-lingual, with Hindi,
Urdu, Bengali, Punjabi, and Tamil being the most common other languages.

The participants’ professional experience and business skills were quite varied. Of the Innovate Delhi
graduates, 77 had formal work experience at companies ranging form multi-nationals to large Indian
businesses to new startups from across India. As expected, the group was quite entrepreneurial, with
37 of the participants having started a company, the majority of which were suspended or had folded
before the start of the program. In terms of having a prior connection to the Indian startup ecosystem,
36 had worked for a startup that was not their own and 28 could name a mentor they had in the Indian
StartUp ecosystem. Just over half, 65, have a very rough idea for a startup coming into the program.
In terms of skills, 63 had a background in web programming, 50 had experience in marketing, 38 had
experience in data analysis, 30 had experience in sales, and many were experienced in accounting, PR,
operations, and market analysis. Unsurprisingly for a program focused on software startups, the most
common industry the participants were interested in entering (58 people) was Internet and Technology.
Beyond this, the participants’ core interests were diverse, with 39 people interested in education, 35 in
financial services, 27 in advertising, 17 in media, 13 in health care, 12 in food and beverage, and others
interested in everything from manufacturing to agriculture to corporate social responsibility. The incoming
within-program networks of the participants were very sparse, with the average participant not knowing
98% of the other participants and not being friends with 99.5% of the other participants.

19 Empathy note-taking sheet

Note-taking sheet used by participants during each empathy interview. The participants used a new sheet
for each interview.
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[Figure A2 about here.]

20 Individual Ideas and evaluation

To provide context for the nature of the ideas generated during the individual idea generation process,
we, present examples of raw ideas generated immediately after the three randomized interviews that were
rated highly as well as poorly on the three dimensions of business potential, buy likelihood and novelty.

Examples of highly rated ideas include:

Feast on demand lets the wedding planners minimise food wastage during the feasts in the
events. Through this app, the wedding planners can generate a link and forward it to all the
guests. On opening that link, the guests are confronted with a set of choices of food items/dishes
they wish to consume during the event. After the guests give their preferences, the wedding
planner gets the data and can arrange the food according to these estimates. Also, the dishes
with low preference can be eliminated to the reduce wastage.

Behavioral analysis of bride and grooms online profiles on key social networks. This could
be done exclusively by a company which would give a detailed analysis by psychologists. This
would definitely aid the match-making process, making it more thorough.

Renting of Wedding Dresses. Most women don’t sell off jewelry bought, but dresses cannot be
re-worn. Since branding is all that matters when it comes to second hand, the dresses could be
dry washed and repacked in bags and delivered.

Examples of ideas that received low ratings include:

PERSONALISED CARDS. [my interviewee] said that it gets to be highly painful to write names
on cards and thus I propose that an agency that sends personalised cards and tracks whether
they have reached.

connectivity of app event and fb event is a nice way to spread info easily

Build an app that would give users a complete guide on personal grooming tips for weddings
(from deciding on what to wear to how to wear the make-up to how to carry yourself,etc)
customized according to the user’s built, complexion, and personality.

21 Project examples and evaluation

To provide reference points for how evaluators rated the final team submissions, we provide examples of
submissions in the top, middle, and bottom quartiles of submissions in terms of total score.

An example of a submission in the top quartile was a prototype for mobile app called “Snappily Wed.”
The team’s description of the product is as follows:

Your guests use smart phones to take photos at the wedding but don’t share them with you. For
you it’s a loss of precious memories. Our App solves the problem by allowing your Guests to
take pictures and directly saving them on the cloud. Don’t miss out on your wedding. Capture
and retain every photo taken by Everybody at your wedding (be it your uncle playing with your
nieces or your brother taking photos of the food served). The marrying couple (you or the
person maintaining your account) will have access to these pictures and will retain and share
the ones which are great, while discarding the rest, for your loved ones to view.

Their splash page depicted in figure A3, is clear and visually appealing:

[Figure A3 about here.]
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An example of a submission in near the 50th percentile is “Tender my Wedding.” The team describes
their idea as:

TenderMyWedding is a platform which turns the process of finding vendors for a wedding upside
down. Rather than the customer looking for vendors for their wedding needs, we let Vendors
look for them. All they do is simply post their requirements with budget and within no time,
top service providers from everywhere would be competing to get them as their customer. It’s
a win-win as you get multiple cost-effective quotes for the requirements without stepping out of
your home and Vendors get new business.

Their splash page submission, depicted in figure A4:

[Figure A4 about here.]

An example of a submission in the bottom quartile of the ratings is “Invite My Pals,” which is described
as:

Invite My Pals makes inviting people a much easier task with superb efficiency! Be it wedding
or any other occasion, using this app you can send invitations to people that will not just directly
reach them but also would let you keep track of how many people are going to join you on your
day. With the video invites and e-cards best suiting to your taste you send invitations in more
personalised way than ever before!!

Their splash page submission, depicted in figure A5:

[Figure A5 about here.]
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Figure A1: Visual summary of experimental procedure and data collection.

Figure A2: Note-taking sheet for each empathy interview.
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Figure A3: Splash page for submission in the top quartile—Snappily Wed.

Figure A4: Splash page for submission in the middle quartile—Tender my Wedding.
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Figure A5: Splash page for submission in the bottom quartile—Invite My Pals.
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Table A1: Correlations at the individual participant level.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1 Average Idea 1.00
Quality (Self)

2 Extroversion (Self) 0.01 1.00

3 Openness (Self) 0.04 0.30 1.00

4 Conscientious (Self) -0.09 0.24 0.19 1.00

5 Agreeableness (Self) 0.05 0.03 0.03 0.27 1.00

6 Neuroticism (Self) 0.05 -0.21 -0.34 -0.32 -0.21 1.00

7 Admission Score (Self) -0.02 0.02 0.16 0.16 -0.13 0.03 1.00

8 Engineer (Self) -0.13 0.01 -0.06 -0.03 -0.01 -0.10 -0.01 1.00

9 Pre-treatment 0.17 -0.00 -0.03 -0.30 0.00 -0.01 0.05 0.03 1.00
Idea Quality (Self)

10 Extroversion (Peers) 0.12 0.05 0.01 0.00 0.04 -0.00 -0.05 0.16 -0.05 1.00

11 Openness(Peers) -0.18 0.01 -0.19 -0.02 0.02 0.05 0.13 0.12 -0.08 0.40 1.00

12 Conscientious (Peers) -0.06 -0.04 -0.04 0.05 0.07 0.14 0.10 -0.01 -0.05 0.09 0.17 1.00

13 Agreeableness (Peers) -0.12 -0.03 -0.00 0.08 -0.08 0.06 0.02 -0.06 -0.05 0.05 0.04 0.20 1.00

14 Neuroticism (Peers) 0.16 0.01 0.06 0.13 0.07 -0.22 0.03 -0.27 -0.05 -0.31 -0.36 -0.31 -0.23 1.00

15 Admission Score (Peers) 0.14 -0.02 0.13 0.07 0.04 -0.01 -0.04 -0.08 -0.10 0.01 0.21 0.26 -0.19 0.08 1.00

16 Engineer (Peers) 0.09 0.12 0.13 0.04 -0.03 -0.23 -0.04 0.14 0.08 0.16 -0.04 0.01 -0.04 -0.07 -0.03 1.00

17 Pre-treatment 0.06 -0.01 -0.05 -0.10 -0.05 -0.07 -0.09 0.08 0.04 0.04 0.03 -0.36 0.00 0.09 -0.09 0.02 1.00
Idea Quality (Peers)

Table A2: Peer randomization are balanced at the individual level.

(1) (2) (3) (4) (5)
Openness Extroversion Conscientious Agreeableness Neuroticism

(Self) (Self) (Self) (Self) (Self)
Extroversion (Peers) 0.015 0.087 0.006 0.066 -0.002

(0.141) (0.150) (0.173) (0.203) (0.162)

Constant 0.018 -0.026 0.011 -0.008 0.018
(0.098) (0.097) (0.095) (0.096) (0.097)

Observations 108 108 108 108 108

Standard errors in parentheses
Linear Regression.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A3: Correlations at the team level.

(1)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1 Average Project Quality (Team) 1.00

2 Extroversion (Team) -0.01 1.00

3 Openness (Team) 0.22 0.07 1.00

4 Conscientious (Team) 0.09 0.11 0.02 1.00

5 Agreeableness (Team) -0.15 -0.08 -0.00 0.24 1.00

6 Neuroticism (Team) 0.12 -0.09 -0.29 -0.31 -0.23 1.00

7 Admission Score (Team) 0.17 -0.01 0.21 0.10 -0.25 0.10 1.00

8 Engineer (Team) -0.02 -0.05 -0.06 0.15 -0.07 -0.10 -0.08 1.00

9 Pre-treatment idea quality (Team) -0.02 0.01 -0.19 -0.07 0.13 -0.05 -0.14 -0.02 1.00

10 Extroversion (Peers) 0.13 0.02 0.08 0.10 -0.05 -0.06 -0.25 0.26 0.14 1.00

11 Openness (Peers) -0.14 -0.07 -0.22 -0.18 -0.02 -0.09 -0.02 0.16 0.02 0.35 1.00

12 Conscientious (Peers) -0.20 -0.20 -0.18 -0.01 0.04 0.33 0.04 0.01 0.08 0.04 0.12 1.00

13 Agreeableness (Peers) -0.18 -0.29 -0.31 0.05 -0.13 0.08 -0.20 -0.05 0.19 -0.02 -0.13 0.25 1.00

14 Neuroticism (Peers) -0.16 0.27 0.17 0.19 0.16 -0.13 0.28 -0.32 -0.32 -0.53 -0.37 -0.29 -0.29 1.00

15 Admission Score (Peers) 0.04 -0.05 0.25 0.12 0.21 -0.01 0.04 0.16 -0.35 -0.08 0.04 0.37 -0.19 0.14 1.00

16 Engineer (Peers) -0.15 0.06 0.29 -0.03 -0.04 -0.17 -0.16 -0.06 0.15 0.18 -0.12 -0.12 0.03 -0.01 0.17 1.00

17 Pre-treatment idea quality (Peers) 0.12 -0.02 -0.01 0.14 -0.08 0.12 0.19 0.20 -0.08 -0.01 0.29 -0.28 0.07 -0.07 -0.17 -0.01 1.00

Table A4: Peer randomizations are balanced at the team level.

(1) (2) (3) (4) (5)
Openness Extroversion Conscientious Agreeableness Neuroticism
(Team) (Team) (Team) (Team) (Team)

Extroversion (Peers) 0.118 0.027 0.162 -0.076 -0.095
(0.228) (0.316) (0.228) (0.260) (0.299)

Constant 0.016 0.008 0.004 -0.004 0.005
(0.091) (0.100) (0.088) (0.100) (0.101)

Observations 40 40 40 40 40

Standard errors in parentheses.
Linear Regression.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A5: The results in Table 3 hold when using evaluations from Indian consumers.
(1) (2) (3) (4) (5) (6)

Externally Evaluated Idea Quality

Openness (Self) -0.080 -0.084† -0.096† -0.073 -0.108∗

(0.052) (0.049) (0.051) (0.047) (0.049)

Extroversion (Peers) 0.128 0.156 0.241∗∗ 0.167† 0.275∗∗

(0.112) (0.097) (0.091) (0.096) (0.092)

Openness (Self) × Extroversion (Peers) 0.229∗ 0.208† 0.248∗ 0.221∗

(0.102) (0.110) (0.105) (0.107)

Extroversion (Self) -0.022 0.000
(0.047) (0.041)

Openness(Peers) -0.230∗ -0.297∗∗

(0.093) (0.094)

Openness (Self) × Openness (Peers) 0.024 0.032
(0.123) (0.116)

Extroversion (Self) × Openness (Peers) -0.021 -0.013
(0.110) (0.101)

Extroversion (Self) × Extroversion (Peers) -0.138 -0.244∗

(0.130) (0.109)

Pre-treatment Idea Quality (Self) 0.229† 0.288†

(0.128) (0.158)

Pre-treatment Idea Quality (Peers) 0.247 0.432
(0.277) (0.275)

Admission Score (Self) -0.025 0.042
(0.047) (0.044)

Admission Score (Peers) 0.061 0.130
(0.085) (0.081)

Engineer (Self) 0.063 0.150
(0.109) (0.099)

Engineer (Peers) -0.053 -0.084
(0.209) (0.174)

Observations 1839 1839 1839 1839 1823 1823

Standard errors in parentheses
Ordered Logistic Regression with fixed effects for the 45 Indian Mechanical Turk evaluators.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A6: The results in Table 3 hold when using ordinary linear regression.
(1) (2) (3) (4) (5) (6)

Idea Idea Idea Idea Idea Idea
Quality Quality Quality Quality Quality Quality

Openness (Self) -0.088 -0.099 -0.087 -0.122 -0.140†

(0.085) (0.081) (0.082) (0.075) (0.076)

Extroversion (Peers) 0.363∗ 0.383∗∗ 0.499∗∗ 0.470∗∗ 0.621∗∗

(0.161) (0.142) (0.156) (0.137) (0.149)

Openness (Self) × Extroversion (Peers) 0.418∗ 0.408∗ 0.445∗ 0.412∗

(0.193) (0.205) (0.184) (0.201)

Extroversion (Self) -0.088 -0.050
(0.091) (0.090)

Openness(Peers) -0.305∗ -0.408∗∗

(0.145) (0.153)

Openness (Self) × Openness (Peers) 0.095 0.147
(0.186) (0.167)

Extroversion (Self) × Openness (Peers) -0.165 -0.163
(0.201) (0.180)

Extroversion (Self) × Extroversion (Peers) -0.239 -0.412†

(0.192) (0.210)

Pre-treatment Idea Quality (Self) 0.576∗ 0.653∗

(0.282) (0.271)

Pre-treatment Idea Quality (Peers) 0.554 0.868†

(0.491) (0.505)

Admission Score (Self) 0.032 0.117
(0.077) (0.084)

Admission Score (Peers) 0.244† 0.341∗

(0.137) (0.135)

Engineer (Self) -0.270 -0.131
(0.210) (0.211)

Engineer (Peers) -0.141 -0.181
(0.351) (0.326)

Observations 1150 1150 1150 1150 1141 1141

Standard errors in parentheses
Linear Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A7: The results in Table 2 are robust to the inclusion of alternative peer-personality interactions.
(1) (2) (3) (4)

Idea Quality Idea Quality Idea Quality Idea Quality
Openness (Self) -0.096 -0.104 -0.056 -0.098

(0.081) (0.079) (0.084) (0.082)

Extroversion (Peers) 0.480∗∗ 0.359∗ 0.390∗∗ 0.379∗∗

(0.145) (0.140) (0.142) (0.138)

Openness (Self) × Extroversion (Peers) 0.495∗ 0.397∗ 0.338† 0.411∗

(0.220) (0.197) (0.195) (0.194)

Neuroticism (Peers) 0.352∗

(0.162)

Openness (Self) × Neuroticism (Peers) 0.049
(0.183)

Conscientious (Peers) -0.245†

(0.143)

Openness (Self) × Conscientious (Peers) -0.238†

(0.142)

Agreeableness (Peers) -0.067
(0.149)

Openness (Self) × Agreeableness (Peers) 0.204†

(0.109)

Self Monitoring (Peers) 0.042
(0.125)

Openness (Self) X Self Monitoring (Peers) 0.028
(0.102)

Observations 1150 1150 1150 1150

Standard errors in parentheses
Linear Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A8: The results in Table 2 are robust to the inclusion of variables that reflect experience at
weddings and intelligence.

(1) (2) (3)
Idea Quality Idea Quality Idea Quality

Openness (Self) -0.078 -0.095 -0.111†

(0.061) (0.061) (0.058)

Extroversion (Peers) 0.360∗∗ 0.290∗∗ 0.325∗∗

(0.120) (0.110) (0.106)

Openness (Self) × Extroversion (Peers) 0.306∗ 0.337∗ 0.287∗

(0.142) (0.155) (0.134)

Self-Monitoring (Self) 0.023
(0.064)

Self-Monitoring (Peers) 0.004
(0.105)

Self-Monitoring (Self) X Self-Monitoring (Peers) -0.117
(0.110)

Age (Self) 0.085
(0.176)

Age (Peers) 0.147
(0.171)

Age (Self) X Age (Peers) -0.005
(0.008)

Female (Self) 0.034
(0.152)

Female (Peers) 0.408
(0.356)

Female (Self) X Female (Peers) -0.053
(0.683)

Admission Score (Self) 0.011
(0.059)

Admission Score (Peers) 0.159
(0.114)

Admission Score (Self) X Extroversion (Peers) 0.213
(0.217)

Observations 1150 1150 1150

Standard errors in parentheses
Ordered Logistic Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A9: The results in Table 2 are largely robust to the inclusion of the full set of ego-alter personality
interactions. Joint tests reveal that even in Column 4 pairing an open innovator with an extrovert
(introvert) will improve (decrease) estimated idea quality; for a closed innovator the extroversion barely
matters.

(1) (2) (3) (4)
Idea Quality Idea Quality Idea Quality Idea Quality

Openness (Self) -0.092 -0.064 -0.044 -0.079
Extroversion (Peers) 0.323∗∗ 0.458∗∗ 0.538∗∗ 0.606∗∗

Openness (Self) X Extroversion (Peers) 0.300∗ 0.271∗ 0.235 0.255
Conscientious (Self) -0.128∗ -0.161∗ -0.116
Extroversion (Self) -0.051 0.005 0.065
Agreeableness (Self) -0.022 0.091 0.127∗

Neuroticism (Self) 0.029 0.034 0.080
Openness (Peers) -0.165 -0.214∗ -0.319∗∗

Conscientious (Peers) -0.141 -0.129 -0.224∗

Agreeableness (Peers) -0.016 0.018 0.103
Neuroticism (Peers) 0.188 0.162 0.112
Openness (Self) X Openness (Peers) 0.126 0.162
Extroversion (Self) X Openness (Peers) -0.285† -0.328∗

Extroversion (Self) X Extroversion (Peers) -0.035 -0.123
Openness (Self) X Conscientious (Peers) -0.079 -0.151
Openness (Self) X Agreeableness (Peers) 0.066 0.092
Openness (Self) X Neuroticism (Peers) 0.037 0.045
Conscientious (Self) X Openness (Peers) -0.128 -0.106
Conscientious (Self) X Openness (Peers) 0.074 0.306
Conscientious (Self) X Extroversion (Peers) 0.142 0.103
Conscientious (Self) X Agreeableness (Peers) 0.208 0.105
Conscientious (Self) X Neuroticism (Peers) 0.209 0.213
Agreeableness (Self) X Openness (Peers) 0.038 0.038
Agreeableness (Self) X Openness (Peers) 0.279∗ 0.175
Agreeableness (Self) X Extroversion (Peers) 0.180 0.154
Agreeableness (Self) X Openness (Peers) -0.163 0.062
Agreeableness (Self) X Neuroticism (Peers) 0.263 0.288†

Extroversion (Self) X Conscientious (Peers) -0.231† -0.221†

Extroversion (Self) X Agreeableness (Peers) 0.295∗ 0.430∗∗

Extroversion (Self) X Neuroticism (Peers) 0.183 0.231†

Neuroticism (Self) X Openness (Peers) -0.139 -0.186
Neuroticism (Self) X Conscientious (Peers) 0.123 0.029
Neuroticism (Self) X Extroversion (Peers) 0.109 0.062
Neuroticism (Self) X Agreeableness (Peers) 0.084 0.073
Neuroticism (Self) X Neuroticism (Peers) 0.127 0.104
Pre-treatment Idea Quality (Self) 0.449
Pre-treatment Idea Quality (Peers) 0.157
Admission Score (Self) 0.105
Admission Score (Peers) 0.401∗∗

Engineer (Self) 0.184
Engineer (Peers) 0.075
Observations 1150 1150 1150 1141

Ordered Logistic Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01
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Table A10: Does peer extroversion and innovator openness explain the number of ideas generated?
(1)

Number of Ideas
Openness (Self) 0.113†

(0.068)
Extroversion (Peers) -0.184

(0.118)
Openness (Self) × Extroversion (Peers) -0.098

(0.152)
Extroversion (Self) -0.060

(0.061)
Openness(Peers) 0.049

(0.125)
Openness (Self) × Openness (Peers) 0.140

(0.138)
Extroversion (Self) × Openness (Peers) 0.035

(0.141)
Extroversion (Self) × Extroversion (Peers) 0.257

(0.158)
Pre-treatment Idea Quality (Self) -0.113

(0.191)
Pre-treatment Idea Quality (Peers) -0.296

(0.346)
Admission Score (Self) 0.103

(0.064)
Admission Score (Peers) 0.079

(0.109)
Engineer (Self) 0.270†

(0.141)
Engineer (Peers) -0.112

(0.231)
Constant 2.015∗

(1.001)
lnalpha
Constant -3.464∗∗

(1.299)
Observations 107

Standard errors in parentheses
Negative Binomial Regression at the innovator-level.
All tests are two tailed.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A11: Individuals who talk with a mix of extroverts and introverts do not appear to generate
higher quality ideas. Furthermore, the order of who an individual converses with does not appear to
have a significant impact on idea quality.

(1) (2)
Idea Quality Idea Quality

Openness (Self) -0.133 -0.067
(0.197) (0.084)

Extroversion (Peers) 0.477∗∗

(0.132)

Openness (Self) × Extroversion (Peers) 0.351†

(0.185)

Extroversion S.D. (Peers) 0.227
(0.172)

Openness (Self) × Extroversion S.D. (Peers) 0.021
(0.190)

Extroversion (First Peer) 0.135†

(0.071)

Extroversion (Second Peer) 0.299∗∗

(0.074)

Extroversion (Third Peer) 0.096
(0.067)

Extroversion (First Peer) × Openness (Self) 0.014
(0.070)

Extroversion (Second Peer) × Openness (Self) 0.336∗∗

(0.097)

Extroversion (Third Peer) × Openness (Self) 0.157†

(0.083)

Observations 1144 1150

Standard errors in parentheses
Linear Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A12: The randomized conversations appear to impact the business, buy, and novelty dimensions
of an individual’s idea quality equally.

(1) (2) (3)
Business Rating Buy Rating Novelty Rating

Openness (Self) -0.047 -0.059 -0.105†

(0.058) (0.058) (0.055)

Extroversion (Peers) 0.234∗ 0.272∗∗ 0.264∗

(0.109) (0.093) (0.122)

Openness (Self) × Extroversion (Peers) 0.320∗ 0.334∗∗ 0.336∗∗

(0.154) (0.115) (0.130)
Observations 1203 1352 1765

Standard errors in parentheses
Ordered Logistic Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01

Table A13: Our results are robust when controlling for the presence of a innovator-evaluator relation-
ship.

(1) (2) (3)
Idea Quality Idea Quality Idea Quality

Openness (Self) -0.104 -0.105† -0.105†

(0.063) (0.063) (0.063)

Extroversion (Peers) 0.333∗∗ 0.334∗∗ 0.334∗∗

(0.115) (0.115) (0.114)

Openness (Self) × Extroversion (Peers) 0.296∗ 0.296∗ 0.296∗

(0.143) (0.143) (0.143)

Evaluator knows innovator 0.062
(0.319)

Evaluator is friends with innovator -0.000
(0.504)

Innovator sought advice from evaluator 0.021
(0.412)

Observations 1132 1132 1132

Standard errors in parentheses
Ordered Logistic Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the individual innovator level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A14: Summary statistics at the team level.

count mean sd min max
Average Project Quality (Team) 40 2.791 0.205 2.439 3.294
Extroversion (Team) 40 0.008 0.624 -1.267 1.144
Openness (Team) 40 0.015 0.567 -1.142 1.368
Conscientious (Team) 40 0.004 0.550 -1.103 1.321
Agreeableness (Team) 40 -0.004 0.626 -1.300 1.168
Neuroticism (Team) 40 0.005 0.631 -1.201 1.361
Admission Score (Team) 40 -0.009 0.534 -1.124 1.051
Engineer (Team) 40 0.702 0.275 0.000 1.000
Pre-treatment idea quality (Team) 40 2.544 0.156 2.191 2.919
Extroversion (Peers) 40 -0.002 0.355 -0.846 0.838
Openness (Peers) 40 0.021 0.361 -0.731 0.806
Conscientious (Peers) 40 -0.009 0.399 -1.048 0.717
Agreeableness (Peers) 40 -0.002 0.389 -0.839 0.894
Neuroticism (Peers) 40 -0.046 0.328 -1.178 0.507
Admission Score (Peers) 40 0.005 0.413 -0.931 0.939
Engineer (Peers) 40 0.700 0.158 0.389 1.000
Pre-treatment idea quality (Peers) 40 2.532 0.099 2.282 2.766
Observations 40
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Table A15: Do teams with open members that conversed with extroverted peers generate higher quality
projects?

(1) (2) (3) (4) (5) (6)
Project Project Project Project Project Project
Quality Quality Quality Quality Quality Quality

Openness (Team) 0.124† 0.133† 0.130∗ 0.138∗ 0.146∗

(0.063) (0.067) (0.064) (0.062) (0.058)

Extroversion (Peers) 0.107 0.124 0.095 0.183∗ 0.149
(0.093) (0.085) (0.087) (0.083) (0.091)

Openness (Team) × Extroversion (Peers) 0.331∗ 0.825∗∗ 0.335∗ 0.848∗∗

(0.162) (0.197) (0.149) (0.174)

Extroversion (Team) -0.120∗ -0.116∗

(0.052) (0.047)

Openness (Peers) -0.022 -0.045
(0.095) (0.105)

Openness (Team) × Openness (Peers) -0.463∗∗ -0.503∗∗

(0.170) (0.159)

Extroversion (Team) × Openness (Peers) 0.043 0.020
(0.123) (0.135)

Extroversion (Team) × Extroversion (Peers) 0.113 0.102
(0.140) (0.157)

Pre-treatment idea quality (Team) 0.325 0.306
(0.254) (0.243)

Pre-treatment idea quality (Peers) 0.146 0.179
(0.326) (0.322)

Admission Score (Team) 0.103 0.088
(0.074) (0.058)

Admission Score (Peers) 0.024 -0.027
(0.095) (0.114)

Engineer (Team) -0.111 -0.115
(0.099) (0.109)

Engineer (Peers) -0.188 -0.184
(0.221) (0.234)

Observations 556 556 556 556 556 556

Standard errors in parentheses
Linear Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at theteam level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A16: The results in Table 5 hold when using evaluations from Indian consumers.
(1) (2) (3) (4) (5) (6)

Externally Evaluated Project Quality
Openness (Team) 0.107 0.124† 0.071 0.088 0.049

(0.073) (0.073) (0.084) (0.067) (0.080)

Extroversion (Peers) 0.090 0.115 0.158∗ 0.131 0.191†

(0.090) (0.078) (0.069) (0.092) (0.103)

Openness (Team) × Extroversion (Peers) 0.430∗∗ 0.510∗∗ 0.454∗∗ 0.485∗

(0.143) (0.186) (0.158) (0.206)

Extroversion (Team) -0.034 -0.038
(0.068) (0.062)

Openness (Peers) -0.172† -0.170
(0.101) (0.122)

Openness (Team) × Openness (Peers) -0.185 -0.140
(0.153) (0.159)

Extroversion (Team) × Openness (Peers) -0.016 -0.033
(0.102) (0.132)

Extroversion (Team) × Extroversion (Peers) 0.180 0.186
(0.146) (0.173)

Pre-treatment idea quality (Team) -0.137 -0.099
(0.219) (0.240)

Pre-treatment idea quality (Peers) -0.388 -0.215
(0.408) (0.437)

Admission Score (Team) 0.088 0.072
(0.053) (0.055)

Admission Score (Peers) -0.009 0.020
(0.103) (0.132)

Engineer (Team) 0.059 0.038
(0.114) (0.115)

Engineer (Peers) 0.188 0.011
(0.231) (0.277)

Observations 291 291 291 291 291 291

Standard errors in parentheses
Linear Regression with fixed effects for the 34 Indian Mechanical Turk evaluators.
All tests are two tailed. Standard errors clustered at theteam level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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Table A17: Teams with open individuals who were paired with extroverts have higher quality projects,
even when controlling for within-team openness-extroversion matching, the maximum openness of team
members, and the diversity of team member openness.

(1) (2) (3)
Project Quality Project Quality Project Quality

Openness (Team) 0.147∗ 0.203† 0.115†

(0.061) (0.100) (0.067)

Extroversion (Peers) 0.133 0.148 0.317∗

(0.096) (0.225) (0.129)

Openness (Team) × Extroversion (Peers) 0.465∗ 0.510∗ 0.302†

(0.173) (0.250) (0.166)

Extroversion (Team) -0.112∗

(0.046)

Openness (Team) X Extroversion (Team) 0.024
(0.122)

Max Openness (Team) 0.043
(0.130)

Max Openness (Team) X Extroversion (Peers) -0.117
(0.274)

Max Openness (Peers) 0.397
(0.357)

Max Openness (Team) X Max Extroversion (Peers) -0.333
(0.349)

Std. Dev. Openness (Team) -0.041
(0.052)

Std. Dev. Openness (Team) × Extroversion (Peers) -0.223∗

(0.098)

Constant 2.796∗∗ 2.708∗∗ 2.840∗∗

(0.028) (0.145) (0.064)
Observations 556 556 556

Standard errors in parentheses
Linear Regression with evaluator fixed effects.
All tests are two tailed. Standard errors clustered at the team level.
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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