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Abstract

I study how the breadth of venture capital (VC) partners' human capital in�uences

investment selection, startup performance, and innovation. Within VC �rms, partners with

broader backgrounds are more likely to lead novel, high-risk investments, which have a higher

likelihood of breakthrough success or failure. On average, these partners underperform, but

when leading novel deals, they signi�cantly increase the chances of major success. These

results are consistent with both selection�where broad-background partners are skilled at

screening novel �rms�and monitoring�where their involvement enhances �rm performance.

Exploiting plausibly exogenous variation in partner busyness as a shock to lead-partner

assignment, I provide causal evidence for these e�ects. To rationalize these �ndings, I

develop an exploration-exploitation portfolio choice model. Broad-background VCs explore

riskier sectors, experience early failures, and �nance exceptional startups, while narrow-

background VCs remain within their expertise. These results highlight the role of human

capital breadth in fostering exploration and �nancing novel projects.
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1 Introduction

Venture capital (VC) plays a critical role in fostering innovation and economic growth by �-

nancing high-risk, high-reward startups (Lerner, 2000; Samila and Sorenson, 2011; Kaplan and

Lerner, 2010; Gornall and Strebulaev, 2021). Beyond providing capital, venture capitalists (VCs)

engage in pre-investment screening, structure complex contracts, and actively monitor portfolio

companies post-investment (Kaplan and Strömberg, 2001; Gompers and Lerner, 2002; Kaplan

and Strömberg, 2004; Chemmanur et al., 2011; Bernstein et al., 2016; Gompers et al., 2020). The

success of this model hinges not only on �nancial resources but also on the human capital of VC

investors, who apply their expertise to select, support, and scale promising ventures (Sørensen,

2007; Ewens and Rhodes-Kropf, 2015).

The literature on VC human capital and investment performance reveals a fundamental ten-

sion regarding the optimal composition of investors' skill sets. On one hand, research in �nancial

intermediation in private markets underscores the bene�ts of specialization, arguing that deep

industry expertise allows VCs to leverage knowledge and networks for superior investment out-

comes (Gompers et al., 2009; Cressy et al., 2007; Spaenjers and Steiner, 2024). Conversely,

the literature in labor economics and �nance highlights bene�ts of breadth�often described

as a "jack of all trades" advantage�arguing that individuals with broad, diverse experience

are better equipped to identify novel opportunities, adapt to uncertainty, and facilitate innova-

tion (Lazear, 2004; Custódio et al., 2013, 2019; Murphy and Zabojnik, 2007). This tension is

especially pronounced in venture capital, given that VCs primarily invest in early-stage �rms

with uncertain prospects, sparse historical data, and radically novel business models that di�er

signi�cantly from previously �nanced startups. A key unresolved question is whether broader

human capital enhances the ability to identify and nurture novel investments or whether deeper

specialization consistently drives superior outcomes through targeted expertise. In this paper, I

address this question both empirically and theoretically.

Empirically, I �nd that within VC �rms, partners with broad human capital are more likely

to lead investments in novel startups with previously unexplored business models. I also �nd

evidence that, although these partners perform worse on average, they signi�cantly increase

the likelihood of IPO success and reduce the likelihood of failure when leading investments

in novel �rms. In all speci�cations, I include granular �xed e�ects for deal stage, year of �-
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nancing, deal industry, and VC �rm. Intuitively, I leverage variation in investment novelty

within the same VC �rm, year, deal stage, and industry sector, as partners with di�erent levels

of human capital breadth �nance ventures of varying novelty. To further address endogenous

partner-venture matching within VC �rms, I exploit plausibly exogenous variation in partners'

time-varying busyness (Abuzov, 2019), which serves as a probability shifter for partner assign-

ment to deals�akin to a Bartik (1991)-style instrument. Using this approach, I establish a

positive causal impact of human capital breadth on novel �rm performance. Moreover, I show

that these individual partner-level e�ects scale up to the VC fund and investor levels. To il-

luminate the underlying mechanism, I document that while investing outside a VC investor's

expertise generally deteriorates performance, backing truly novel ventures�those with previ-

ously unexplored business models�raises the likelihood of major success. These �ndings align

with an exploration-exploitation trade-o�: although investing beyond an investor's expertise re-

duces average performance, it can generate signi�cant upside when �nancing a truly promising

�rm.

To capture the portfolio allocation decisions of venture capitalists (VCs), I develop a dy-

namic portfolio choice model based on the multi-armed bandit framework, which allows me to

formalize the trade-o� between exploration and exploitation in venture capital investments. In

this model, each 'arm' represents a distinct sector with varying probabilities of yielding high,

intermediate, or low returns. At each instant, the VC chooses a sector to draw from, observes

a signal about startup quality, and updates their prior beliefs about the sectoral potential in

a Bayesian manner. I di�erentiate VCs by their human capital backgrounds�broad versus

narrow�which shape their approaches to risk and exploration. Broad-background VCs, with

diverse industry experience, start with a moderately informed understanding of multiple sectors,

encouraging them to explore novel, high-risk sectors that could yield exceptional returns. In con-

trast, narrow-background VCs, who specialize in a particular domain, hold stronger priors about

speci�c sectors and are more inclined to exploit known opportunities, focusing their investments

within familiar industries. This distinction is central to the model, as it in�uences which sectors

are sampled, the types of startups selected, and subsequent performance. Following the optimal

strategy, broad-background VCs hold sample the novel sector more frequently, experience early

failures, and are more likely to �nance exceptional, high-quality startups. Narrow-background

VCs, in contrast, tend to stick to sectors within their expertise and experience fewer failures.
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To study this question empirically, I combine three primary datasets: PitchBook, Crunch-

base, and USPTO. From PitchBook, I collect data on U.S.-based VC �rms' investments and

startup exits. I gather data on VC partners' human capital from Crunchbase. Additionally, to

study innovation among VC-backed startups, I collect data on patent applications and grants

and citations from the United States Patent and Trademark O�ce (USPTO). The central em-

pirical challenge lies in accurately measuring both startup novelty and the breadth of human

capital among VC partners.

To measure the extent to which a VC-�nanced startup is novel, I leverage recent advances in

the NLP literature and rely on business descriptions of VC-funded startups available in Pitch-

Book.1 Speci�cally, for each startup with an available business description, I �rst construct an

OpenAI LLM-based embedding vector from the startup's business description.2 This allows me

to compute the embedding-based distance between any two VC-funded startups using cosine

similarity. The novelty proxy for a given startup is then computed as the maximum cosine

similarity distance between the focal startup and all startups �nanced by the VC industry in the

�ve years before the focal startup receives its �rst VC �nancing.3 The novelty measure captures

how truly novel a given startup's business model is relative to the closest venture �nanced by

the VC industry in the past.

Using this measure, I �rst present several new stylized facts about novel �rms and aggregate

novelty trends in the VC industry. First, my novelty measure is strongly correlated with the

likelihood of achieving either major success or failure. Second, I document that startup novelty

correlates positively with both the number of forward patents granted and the number of for-

ward patent citations (after receiving VC �nancing), suggesting that the most novel �rms tend

to be the most innovative. In aggregate, I document a declining trend in the average novelty

of VC-�nanced startups over time. Importantly, I �nd that for startups at the very top of the

novelty distribution, novelty remains stable over time, suggesting that the observed downward

1One concern with using business text descriptions is that startups may pivot from their original business

plans. However, Kaplan et al. (2009) provide evidence that this is very rare, and business plans remain relatively

sticky from the time a company receives its �rst round of venture �nancing to its public listing.
2Duevski and Bazaliy (2025) compare the performance of di�erent embedding models and argue that OpenAI-

based embedding models achieve superior performance for VC data.
3This measure is related but distinct from Bonelli (2022)'s "backward similarity" measure, which is computed

as the average past similarity between a focal startup and what the VC industry has �nanced in the past. That

measure captures startup nicheness and the ability to predict future outcomes from past data.
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trend is not driven by the most novel �rms.

In the absence of comprehensive data on the complete educational and professional histories

of venture capital (VC) partners, I develop a text-based methodology for measuring the breadth

of human capital. Leveraging recent advancements in NLP, I �rst create textual prototypes

that capture broad and narrow human capital pro�les while intentionally abstracting from spe-

ci�c skills, industries, or investment knowledge. Using OpenAI-generated embeddings, I then

quantify each VC partner's similarity to these broad and narrow prototypes by computing the

textual similarity distance between these prototypes and the textual descriptions of their career

backgrounds. The resulting partner-level index of human capital breadth is the normalized dif-

ference between the partner's average distance to broad and narrow prototypes.4

I validate this human capital breadth measure by correlating it with observable partner char-

acteristics for a subset of individuals with detailed biographical data. I �nd that greater human

capital breadth is positively associated with having an MBA, immigrant status, and being fe-

male, while negatively associated with holding a PhD or an undergraduate degree in computer

science. Over time, I document a signi�cant decline in the average breadth of human capital

among VC partners. VC partnerships are typically heterogeneous, comprising both specialist

and generalist partners. However, newer partnerships are increasingly dominated by specialists,

underscoring a systematic shift toward specialization in the venture capital industry.

First, while not claiming to establish causality, I provide evidence that partners with broad

human capital are more likely to �nance novel �rms. Furthermore, I show that novel �rms led

by partners with broad backgrounds achieve better performance. Using investment-level data,

I document that within a VC �rm, partners with broad backgrounds are more likely to be lead

partners on novel deals. A one-standard-deviation increase in a partner's breadth index corre-

sponds to a 0.2-standard-deviation increase in deal novelty. I also �nd that the interaction of

startup novelty and lead partner breadth is positively associated with performance, speci�cally

in terms of a higher probability of major success and a lower probability of failure. However,

the baseline e�ect of human capital breadth is negative, suggesting that non-novel �rms perform

better when led by a partner with a narrower background. In these speci�cations, I control

4This normalization ensures the measure is not mechanically in�uenced by variations in the length of partners'

textual descriptions.
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for granular �xed e�ects at the deal stage, deal industry, deal year, and VC �rm levels. This

ensures that the observed association is not driven by VC �rm-speci�c quality, project deal

�ow, specialization in a particular sector or investment style, as well as systematic di�erences

in novelty trends across sectors and deal stages. Additionally, the granular �xed e�ects account

for time-varying macroeconomic and industry shocks that could in�uence performance outcomes.

To study the causal impact of human capital breadth on the performance of novel startups,

I �rst restructure the data following Ewens and Rhodes-Kropf (2015). Speci�cally, for each deal

made by a VC �rm, I construct a set of potential lead partners, de�ned as those employed by

the same �rm within a three-year window around the deal (-3 to +3 years). For each potential

lead, I incorporate a busyness proxy, following Abuzov (2019), which equals 1 if the partner is

involved in an exit event�either an acquisition or an IPO�within a 90-day window (-90 to +90

days) around the focal deal. This alternative data structure yields two key insights. First, it

provides an alternative way to demonstrate that partners with higher human capital breadth are

more likely to be selected as leads on novel deals. Speci�cally, I estimate a positive association

between deal novelty, human capital breadth, and the probability of a partner being chosen as

the lead.5 Second, I con�rm that when controlling for other partner characteristics, the busyness

proxy is negatively correlated with the likelihood of a partner leading an investment, reinforcing

its potential validity as an natural instrument.

I leverage this data structure to address a central empirical challenge: the endogenous as-

signment of VC partners to speci�c deals within the same �rm. Because partners and ventures

within a VC �rm are not randomly matched, estimating the causal e�ect of partner human

capital breadth on startup performance requires an exogenous source of variation in partner

assignment. To address this concern, I exploit idiosyncratic �uctuations in partner availability

at the time of investment, constructing an instrument based on time-varying busyness result-

ing from IPO or acquisition exits in a partner's existing portfolio. These exit events generate

plausibly exogenous variation in the set of available partners within a �rm at the time of deal-

making, thereby in�uencing the likelihood that a broad- or narrow-background partner is chosen

5A key advantage of this data structure is the ability to include deal �xed e�ects, ensuring that identi�cation

comes from variation in human capital breadth among potential leads within the same deal. This controls for

all venture-speci�c unobservable characteristics, while the interaction between novelty and breadth is identi�ed

through slope di�erences across deals.
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to lead a particular investment. Crucially, because partner exits are driven by factors unrelated

to the speci�c startups under consideration, the average available human capital breadth at the

time of a deal is plausibly exogenous to future startup performance, conditional on VC �rm,

industry, year, and deal-stage �xed e�ects. By exploiting this within-�rm variation, I mitigate

concerns about endogenous matching based on unobserved startup quality or partner-speci�c

characteristics. This conditional exogeneity assumption is reasonable because variations in part-

ner availability�driven by unrelated exit events�should in�uence startup performance only

through their e�ect on the selection of a broad- or narrow-background partner, rather than

through other omitted channels.

The intuition behind this instrument is that, within a given VC �rm, the probability of

assigning a broad-background (narrow-background) partner to a deal increases (decreases) with

the average availability of broad human capital. Importantly, because this variation is mea-

sured within VC �rms and deal years, it captures di�erences in partner availability across the

timing of deals rather than cross-sectional di�erences in human capital breadth between VC

�rms. I use average human capital breadth availability to instrument for the chosen partner's

human capital breadth and the interaction of average breadth availability and deal novelty to

instrument for the interaction of the chosen partner's breadth and deal novelty. The relevance

condition is strongly supported by the data, with FF-statistics exceeding 62, and is economically

meaningful: a one-standard-deviation increase in average breadth availability is associated with

a 0.3-standard-deviation increase in the human capital breadth of the selected partner, demon-

strating a strong �rst-stage relationship. The IV estimates imply that, at very low novelty, an

additional standard deviation of breadth reduces the probability of IPO by about 12.6 percent-

age points (p.p.), representing a negative baseline e�ect. Each one-standard-deviation increase

in novelty, however, raises the slope on breadth by roughly 3.9 percentage points, steadily o�-

setting and eventually reversing this e�ect. A one-standard-deviation increase in novelty above

its mean raises the marginal e�ect of breadth enough to yield a net positive 5.2 percentage point

increase in IPO likelihood. Thus, for deals below the median in novelty, human capital breadth

is harmful; but once the deal is novel enough, its e�ect becomes positive.

The partner-level analysis presented thus far demonstrates that within VC �rms, partners

with broader backgrounds are more likely to lead novel deals and enhance the likelihood of suc-

cessful exits for these innovative investments. These �ndings emphasize the role of individual
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lead partners in both the selection and monitoring of innovative investments.6 However, one

may argue that even if a single partner 'championing' an early-stage investment is su�cient

for selection, any positive impact on portfolio company outcomes post-investment may result

from the collective e�orts of several partners rather than solely the lead partner. Additionally,

compensation incentives within VC �rms are typically structured at the fund level rather than

being tied to individual partner-deal outcomes, meaning that all partners within a fund share

responsibility for overall investment performance. To address this issue, I document that the

investment-level results extend to the fund level. Speci�cally, I show that the average human

capital breadth index at the partnership level is positively associated with the average deal nov-

elty of the partnership's investments, controlling for granular fund-level characteristics such as

fund size, the sectoral and stage composition of investments, and vintage-year-by-country �xed

e�ects. Similar to the partner-level results, I also �nd a positive interaction between average

deal novelty, average human capital breadth at the partnership level, and fund performance.

To model the portfolio choice of venture capitalists and rationalize the empirical �ndings, I

build on the multi-armed bandit framework, which captures the dynamic trade-o� between ex-

ploration and exploitation.7 In this model, each 'arm' represents a distinct industry sector with

varying probabilities of yielding high (IPO-like), intermediate (M&A-like), and low (failure-like)

outcomes, represented by a multinomial distribution (Berry and Fristedt, 1985). Sectors in the

model are heterogeneous: established sectors o�er stable returns, while novel sectors are more

volatile, with a higher probability of both low and high outcomes. At each decision point, the

venture capitalist chooses a sector to invest in, receives a startup, and updates her prior about

the quality distribution of startups in that sector based on the observed quality of the drawn

startup, using Bayesian updating. The VC's objective is to maximize the likelihood of reaching

an exogenous threshold return within a �nite number of draws.8

To study the impact of human capital breadth, I di�erentiate VCs into broad and narrow

types in the model, based on their prior beliefs about the probability distribution of startup

6Malenko et al. (2024), for example, provide a theoretical argument and empirical evidence that a single

partner 'championing' an early-stage investment is optimal under the 'catching outliers' model in VC.
7For a survey of this literature in economics, see, e.g., (Bergemann and Valimaki, 2006). In this paper, I rely

on the literature studying discrete-time Dirichlet bandit problems; see, e.g., (Berry and Fristedt, 1985).
8The exogenous threshold can be thought of as the minimum return required for the VC to raise a subsequent

fund.
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quality across sectors. Narrow-background VCs start the investment process with a strong and

correct prior about the distribution of startup quality in a single sector�the one in which they

specialize. They hold a weak but correct prior about other sectors. Broad-background VCs have

a moderately strong and correct prior about all sectors of the economy.

I solve the model numerically using a standard value iteration algorithm and simulate the

optimal policy for each type of agent (broad- and narrow-background VCs). Following the op-

timal policy, I show that broad VCs are more likely to sample multiple sectors and to pick

novel ones. They experience more failures early in the investment process, which forces them to

explore sectors with skewed returns later on in order to reach the required threshold.9 In terms

of performance, this translates into more failures and more IPO outcomes. Narrow-background

VCs are more likely to stick to their sector of specialty, less likely to explore novel sectors, and

consequently more likely to achieve intermediate outcomes. Following the optimal policy, the

overall performance�measured as the likelihood of reaching the required threshold�of broad

and narrow VCs is the same. Broad VCs achieve the threshold with a few IPO exits and many

failures, whereas narrow VCs rely on intermediate outcomes.

Overall, my �ndings highlight the critical role of human capital breadth in fostering ex-

ploration and �nancing novel ventures. The observed decline in aggregate novelty among VC-

�nanced startups over time can be explained by two potential factors. One perspective, con-

sistent with Bloom et al. (2020), suggests that as startup business models become less novel,

VC �rms adapt by specializing, which leads to a decline in broad expertise among partners.

Alternatively, as Lerner and Nanda (2020) argues, the VC industry has increasingly focused on

narrower investment scopes, prioritizing ventures that align with institutional investors' pref-

erences and risk pro�les. This shift may constrain support for a broader range of innovative

opportunities and limit �nancing for novel business models. From this perspective, my �ndings

suggest that policy interventions supporting the development of human capital breadth could

be bene�cial. For example, investments in multidisciplinary education�integrating liberal arts,

entrepreneurship, and technology coursework into business and �nance curricula�could help

cultivate the diverse skill sets necessary for evaluating novel startups. Business schools and ex-

ecutive education programs could further reinforce this by promoting cross-disciplinary training

for aspiring venture capitalists.

9This pattern is akin to �ndings in the mutual fund tournaments literature (e.g., Kempf and Ruenzi (2008)).
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2 Related Literature

My primary contribution is to the literature studying the drivers of portfolio choice by venture

capitalists and outcomes of funded startups. A substantial body of research underscores the

critical role that venture capitalists play in �nancing and nurturing innovative startups. Two

primary mechanisms of value creation recur throughout this literature: the ability to attract

or select high-potential ventures (Sørensen, 2007; Howell, 2020) and the monitoring that VCs

provide post-investment (Hellmann and Puri, 2000; Lindsey, 2008; Bernstein et al., 2016; Ewens

and Marx, 2018). While much of the early literature on venture capital focuses on �rm-level

attributes such as reputation, syndication networks, and overall fund size (Hochberg et al., 2007;

Gompers et al., 2008), recent research has begun to zero in on the partner-level drivers of perfor-

mance. Studies examining how individual venture capitalists' skills and backgrounds in�uence

deal success frequently emphasize the signi�cance of partner-level human capital. Ewens and

Rhodes-Kropf (2015), for example, show that di�erences among partners within the same VC

�rm have a substantial impact on investment outcomes. Likewise, Nahata (2008) links part-

ner experience to investment performance, suggesting that personal track records and industry

knowledge play a vital role in building VC reputation. My primary contribution to this literature

is to show that individual VC partners' human capital breadth is particularly important for the

selection and monitoring of startups with novel (previously unexplored) business models.

In addition to contributing to the literature on venture capital and portfolio choice, I also

build on research in labor economics and �nance by highlighting instances where a broad, gener-

alized skill set can be advantageous. Lazear (2004)'s "Jack of all trades" theory argues individ-

uals with more balanced skill set are more likely to become successful entrepreneurship. Lazear

(2012) argues that leaders are more likely to be generalists in both their innate characteristics

and in their pattern of skill acquisition. In the context of executive leadership, Murphy and

Zabojnik (2004) and Murphy and Zabojnik (2007) argue that the shift from �rm-speci�c to

general managerial skills has contributed to rising executive compensation and increased com-

petition for top talent. Similarly, Custódio et al. (2013) and Custódio et al. (2019) �nd that

generalist CEOs earn higher salaries, manage more complex �rms, and drive greater innovation.

I extend this literature by showing that venture capitalists with broader human capital are more

likely to identify and �nance novel startups and to facilitate their successful exits.
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I also contribute to the literature on performance heterogeneity between specialist and gener-

alist private equity and venture capital (VC) �rms. A strand of literature argues that specialist

private market intermediaries tend to outperform their diversi�ed counterparts (Cressy et al.,

2007; Spaenjers and Steiner, 2024), while Humphery-Jenner (2013) argue that there is a premium

for more diversi�ed PE funds. A seminal study by Gompers et al. (2009) �nds that industry

investment specialization at the partner level is positively associated with performance. I extend

this literature in two key ways. First, I introduce a critical distinction between two dimensions

of specialization: the breadth of human capital individual VC partners accumulate before en-

tering the VC industry�an inherent personal characteristic�and their investment focus after

becoming startup investors. Second, I demonstrate that while broad human capital does not

confer an advantage for the average VC-�nanced �rm, it plays a crucial role in supporting early

stage novel projects within a given sector. My �ndings re�ne the existing understanding of

specialization in venture capital by highlighting the nuanced role of human capital breadth in

fostering the �nancing of novel ventures.

3 Data sources, Measurement and Stylized Facts

3.1 Data Sources

This paper examines how the human capital breadth of Venture Capitalists (VCs) a�ects their

investment choices, performance, and innovation output of funded startups. To investigate this,

I employ detailed data on VC portfolio allocation, exits of startups founded by VCs, patent

applications and citations of VC-funded companies, and the human capital of VC investors.

Speci�cally, I integrate data from several data sources: PitchBook, which provides detailed

data on VC investments and the subsequent exit of funded startups; a combined dataset from

PitchBook and Crunchbase to measure the human capital of VC partners; and USPTO data to

evaluate innovation output through patents and citations of VC-funded startups.

3.1.1 PitchBook

I obtain information on VCs' portfolio choices and performance from PitchBook, obtained via

WRDS. The data vendor provides information on deals done by VC �rms and VC-�nanced

company characteristics, including textual descriptions, VC investor information, as well as exit

types of VC-�nanced companies. I restrict my main sample to the period between 2000 and

2021, where deal coverage in PitchBook is representative Retterath and Braun (2020). Since
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I focus on investments made by institutional venture capitalists (as opposed to angel investors

or corporate venture capital, for instance), I include in my sample deals with the DealClass

label "Venture Capital" in PitchBook and the following deal type labels: "Seed Round," "Early

Stage VC," "Later Stage VC," "Restart - Later VC," and "Restart - Early VC." To obtain a

representative sample of VC investors, I also restrict the sample to VC investors who have made

at least �ve investments in di�erent companies over the entire sample period (2000�2021).

For each �nanced startup, I classify the exit types using the data provided by PitchBook as

"IPO" exits, "M&A" exits, or "Failure." I classify a startup's exit as an "IPO" exit for a given

VC investor�portfolio company pair if the given VC �rm has exited the company via an IPO.

Similarly, I classify the VC investor�portfolio company pair as an "M&A" exit if the given VC

investor has exited the company via an M&A.10 I de�ne a startup exit as a "Failure" for a given

VC investor�portfolio company pair if the VC-funded company has not exited via an IPO or an

M&A and has not received any follow-up investment.

3.1.2 Crunchbase

I supplement the PitchBook dataset with Crunchbase. Unlike PitchBook accessed through

WRDS, Crunchbase provides extensive information on jobs and employees of VC �rms, as well as

background information and textual descriptions of VC partners' career trajectories. To obtain

background characteristics of VC �rm partners from PitchBook and Crunchbase, I �rst match

VC �rms from PitchBook to Crunchbase directly on investor names after removing punctuation

and converting the names to lowercase characters. If no exact match is found, I employ a

fuzzy matching algorithm, where I match investor names conditioned on the same investor

headquarters state or country, based on Levenshtein edit distance, similar to (González-Uribe,

2020). I only keep the top 10th percentile of matches based on the distance closeness metric and

manually verify the correctness of such matches. If I obtain a reliable match, I match the lead

partners recorded in PitchBook to partners recorded in Crunchbase within the same matched

investor, based on �rst and last name, keeping only exact matches to avoid false positives.

Whenever available, I collect other background partner-level characteristics from Crunchbase,

such as age, gender, and educational background.

10An exit is classi�ed as an M&A exit if the exit type is labeled as "Merger/Acquisition" or "Merger of Equals"

in the exit data provided by PitchBook. To focus on successful M&A exits, I remove exits labeled as "Corporate

Divestiture" or "Distressed Acquisition."
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3.1.3 USPTO

To measure innovation by VC-�nanced companies, I supplement the data with deal-level data on

patent applications and grants from the USPTO (United States Patent and Trademark O�ce).

The USPTO also includes patent applications that are still pending, as well as those that have

been abandoned, rejected, or canceled. It provides each patent's unique identi�er, as well as

information on its assignee, its technology class, its application year, and, when applicable, its

grant year. I match the VC-�nanced startups from PitchBook to USPTO data using fuzzy

matching, similar to Bernstein et al. (2016). Table 2 presents summary statistics for the main

deal-level sample.

3.2 Measurement and Stylized Facts

3.2.1 Measurement of Novelty

To measure the extent to which startups are novel, I rely on startups' business descriptions pro-

vided by PitchBook. I rely on recent advances in Natural Language Processing (NLP) and use

the business text description of a startup to construct an embedding vector using state-of-the-

art OpenAI embeddings. Embeddings generated by large language models (LLMs) possess the

property that similar texts are represented by vectors that are closest in vector space. OpenAI

embeddings are particularly suitable for analyzing VC data, as shown by Duevski and Bazaliy

(2025).

I proxy for the novelty of the startup in the following way. For each deal d for company c

made at time t, I de�ne the novelty of startup c at date t as:

Nc,t = 1−maxj∈(t−5,t)CosSim(Cc, Cj), (1)

where CosSim(Cc, Cj) is the cosine similarity between the embedding vector of focal company c

and company j, maxj∈(t−5,t)CosSim(Cc, Cj) speci�es that I take the maximum cosine similarity

of the focal company c to any other startup that has received venture �nancing in the past �ve

years prior to year t. In particular notice that according to this de�nition Nc,t = 0 if the

company c has received venture backed �nancing in the past �ve years. Intuitively, (1) captures

how distinct is the business model of company c to any other company which has received venture

�nancing in the past �ve years. This proxy evaluates the extent to which the focal company c

is novel relative to what the venture capital industry has �nanced in the past. This de�nition is
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related but di�erent from Bonelli (2022)'s "backward similarity measure," which captures how

similar a startup is, on average, to what the venture capital industry has �nanced in the past

�ve years. In particular the Nc,t captures how distinct the focal startup is from the �nanced

�rm with the closest business model and arguably it is better suited to identify the true novelty

of the business model as opposed to, for example whether the business model is niche. I term

the measure Nc,t, Novelty (Distance to Closest Firm).

3.2.2 Stylized Facts About Novel Startups

In this subsection I present several stylized facts about novel startups.

Figure 1 about here.

In Figure 1, in the left panel, I plot the distribution of the Novelty (Distance to Closest

Firm) measure conditional on Nc,t > 0 i.e. for startups receiving their �rst round of venture

�nancing. The median startup's novelty is 0.25. In the right panel of Figure 1, I plot the time

evolution of the mean of Novelty (Distance to Closest Firm) measure and document a decreasing

mean novelty over time. Notice that these plots are conditional on Nc,t > 0 so they capture the

evolution of novelty for startups receiving their �rst venture �nancing i.e. the pattern is not

driven by later �nancing rounds of the same venture.

Figure 2 about here.

To better understand the time evolution of novelty, in the left panel of Figure 2, I plot

the time evolution of the distribution of novelty during my sample period. In the right panel

of Figure 2, I plot the evolution of the mean novelty, computed using the top 10 most novel

startups in each year. The patterns suggest that even though the average and median novelty

have declined over time, the novelty of the most novel startups has remained roughly constant

over the sample period. In other words, in each year, there is a fraction of venture-backed

startups with very high novelty.

Figure 3 about here.
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Figure 4 about here.

In Figures 3 and 4, I split the time trend of mean novelty computed using the full sample,

and mean novelty across the most novel �rms by various regional classi�cations based on startup

location. First, I document a decline in mean novelty across all regions, and even though the

mean novelty of startups in EMEA, and notably the APAC region, is higher on average, the

most novel �rms seem to be created in North America.

Figure 5 about here.

In Figure 5, I plot the mean IPO rate and the mean M&A rate over time for di�erent quar-

tiles of novelty (Distance to Closest Firm). Most of the IPO exits in my sample period are

concentrated in the most novel �rms receiving �nancing each year, while most of the M&A exits

are concentrated among the least novel �rms.11

In a regression setting I document two stylized facts about novel startups. First, novel star-

tups are more likely to fail or achieve a major exit. Second, novel startups contribute more to

innovation output.

Novelty and Performance: I document that novel startups are more likely to fail or

achieve a major success. Speci�cally, I estimate the following model using a deal-level data

structure where each observation is a deal-investor-company:

Pd,i,t,s,k = α+ βNd + ηi×t×s×k + ϵd,i,t,s,k, (2)

where d denotes a deal, i the industry of the deal, t the year the deal is made, s the stage of

the deal and k the investor (VC Firm) �nancing the deal. Pd,i,t,s,k is a performance outcome

indicator which can be failure, major Success or IPO Exit. Nd the is novelty of the deal, ηi×t×s×k

denotes granular industry × time × deal Stage × investor �xed e�ects. The coe�cient of interest

β captures the association between deal novelty and deal performance.

Table 5 about here.

11The decreasing time trend of the IPO rate and M&A rate is, to a large extent, mechanical since �rms that

receive their �rst venture round in later periods need more time to exit.
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The results are presented in Table 5. More novel startups are signi�cantly more likely to

both fail and achieve a major success. Notice that the variation in columns (4)-(6) comes from

within an Industry × Time × Deal Stage × Investor; that is, we are comparing the performance

of more or less novel startups �nanced by the same investor in the same stage, deal year, and

industry. This suggests that the results of this stylized fact are not simply driven by certain

investor characteristics that have been shown to be associated with startup success (i.e., VC

�rm reputation, experience, deal �ow). Similarly, the performance is not merely driven by time-

varying industry or overall economic conditions (i.e., the hotness of the M&A and IPO market

in general or industry-speci�c shocks). In terms of economic magnitude, estimates in columns

(4) and (6) imply that a one standard deviation increase in novelty is associated with a 0.8%

increase in the probability of failure and a 5.6% increase in the probability of an IPO.12

Table 6 about here.

In Table 6, I estimate a similar model as in (2), but I split startups into yearly novelty

quartiles. The baseline is Novelty (Distance to Closest Firm) = 1, which represents the least

novel startups in each year. Estimates in columns (4)-(6) imply that the probability of failure

increases by 0.3% and the probability of an IPO exit increases by 11.4% when moving from

the bottom to the top quartile of novelty. Intuitively, in columns (4)-(6), I am evaluating the

performance of startups �nanced by the same investor in the same year, industry, and deal stage,

relying on variation in startup novelty.

Novelty and Innovation: To assess the association between novelty and the innovation

output of a given startup, I estimate the following model using a deal-level data structure where

each observation is a deal-investor-company:

Id,i,t,s,k = α+ βNd + ηi×t×s×k + ϵd,i,t,s,k, (3)

where Id,i,t,s,k is a forward innovation measure. Speci�cally, for each deal made, I count the num-

ber of forward patents (patents granted after the deal is made) and forward citations (citations

of patents granted after the deal is made).13

12Calculated as Point Estimate × SD in Novelty (Distance to Closest Firm Measure)
13I adjust the citation number by year and NBER subcategory, as is standard in the literature (e.g., Lerner

and Seru (2022)).
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Table 7 about here.

The results are shown in Table 7. I use (3) and estimate a Poisson count model (to avoid

well-known issues with using the log(1+) model Chen and Roth (2024)). Estimates in column

(5) imply that a one standard deviation increase in novelty is associated with a 20.8% increase

in expected forward citations.14

3.2.3 Measurement of Breadth of Human Capital and Stylized Facts

To construct a human capital breadth index at a VC partner level I rely on textual analysis.

Table 4 about here.

First, to systematically classify career trajectories as narrow or broad, I utilize a text-based

embedding approach. We de�ne two prototype sets: one representing narrow career trajectories

(specialized career paths within a single domain) and another representing broad career trajecto-

ries (experiences spanning multiple functions and industries). The sets of prototypes for narrow

and broad career trajectories are shown in Table 4. I then construct OpenAI embeddings of

each of these prototypes and compute a centroid for narrow and broad human capital, which is

simply the average of the embedding vectors of those prototypes, de�ned as:

cp =
1

5

∑
i∈p

ei, (4)

where p stands for a prototype, which can be "Narrow" (N) or "Broad" (B), and ei is the

embedding vector of a given prototype. I then compute the cosine similarity of the textual

description of the partner's career trajectory to each centroid. My �nal measure of the human

capital breadth index at the partner level is given by:

Bi =
CosSim(cB, vi)− CosSim(cN .vi)

CosSim(cB, vi) + CosSim(cN .vi)
, (5)

where i stands for a partner, Bi is the breadth index for partner i, and vi is the embedding

vector constructed from the textual description of partner i's background. CosSim(cB, vi) is the

cosine similarity between partner i's background and the broad centroid, and CosSim(cN , vi) is

the cosine similarity of partner i's background to the narrow centroid. Intuitively, the breadth

14Calculated as 2.7Ö0.07=0.189, e0.189 = 1.208.
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index measure de�ned by (5) captures how close a given partner's career trajectory is to a broad

prototype relative to a narrow prototype.

Figure 6 about here.

On the right panel of Figure 6, I plot the frequency distribution of the breadth index measure

(standardized to have a mean of 0 and a standard deviation of 1). On the left panel, I docu-

ment a decrease in the mean human capital breadth of partners leading deals in the VC industry.

Correlates of Breadth Index:

Figure 7 about here.

In Figure 7, I split the breadth index measure mean by four partner-level characteristics.

On average, PhD graduates have lower human capital breadth than non-PhD graduates (top

left). Partners with an MBA degree have a higher breadth index than partners without one.

Immigrant background partners have, on average, slightly higher human capital breadth (bottom

left), and female partners have higher human capital breadth (bottom right).

Table 8 about here.

In Table 8, I correlate my breadth index measure with various partner characteristics. The

breadth index is positively correlated with immigrant background, female gender, and having an

MBA degree, and negatively correlated with a PhD degree, age, and having a computer science

undergraduate degree. VC partners working for �rms based in California, Massachusetts, and

New York have a higher breadth index than VC partners working in VC �rms headquartered in

other U.S. states.

4 Empirical Results

In this section I present the main empirical �ndings of the paper.
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4.1 Partner level Human Capital Breadth and Novel Startups

First without claiming causality, I present two novel facts that link individual partner's human

capital breadth to selection and performance of novel startups.

4.1.1 Association between Lead Partner Breadth Index and Startup Novelty

First, I document an association between the breadth index of an individual lead partner on a

deal and the deal's novelty. To do so, I estimate the following empirical speci�cation at a deal

level:

Nj,k,p,t = α+ βBp +Xt,p + ηi×t×s + ρj + ϵj,k,p,t, (6)

where Nj,k,p,t is a deal level novelty of deal made by investor j in startup k with a lead partner p

in year t. Bp is a partner level human capital breadth index, Xt,p are time varying partner level

controls measured at the time the deal is made, ηi×t×s represents industry × time × deal stage

�xed e�ects and ρj is an investor �xed e�ect. The coe�cient of interest is β, which captures the

association between lead partner's breadth index and deal novelty. In all speci�cations in this

section standard errors are clustered at an investor level.

Table 9 about here.

The results are presented in Table 9. Across all speci�cations, the lead partner's breadth

index is positively associated with startup novelty. The granular �xed e�ects show that within

a VC �rm, partners with broader human capital lead more novel startups. Intuitively, the

coe�cient β is estimated by relying on variation in breadth across di�erent partners �nancing

startups of di�erent novelty within a given VC �rm.

4.1.2 Interaction between lead partner breadth and deal novelty and performance

Second, I document a positive interaction between the lead partner's human capital breadth and

deal novelty on performance. Speci�cally, I estimate the following model at the deal level:

Pj,k,p,t = α+ βBp + γNj,k,p,t + δBp ×Nj,k,p,t +Xt,p + ηi×t×s + ρj + ϵj,k,p,t, (7)

where Pj,k,p,t is a deal level performance measure for an investment made by �rm j in startup k

with lead partner p at time t. Nj,k,p,t is the deal novelty and Bp is a lead partner breadth index
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measure, Bp × Nj,k,p,t is an interaction term between lead partner breadth index and startup

novelty. Xt,p are time varying partner level controls measured at the time the deal is made,

ηi×t×s represents industry × time × deal stage �xed e�ects and ρj is an investor �xed e�ect.

Table 10 about here.

The results are presented in Table 10. Intuitively, in column (3), the coe�cients are esti-

mated by relying on variation in the partner breadth index and novelty across deals made by

the same VC �rm, in the same industry, deal stage, and year. The granular �xed e�ects rule

out a story where the e�ect is driven by any VC �rm-speci�c factors, such as VC �rms attract-

ing better deal �ow while simultaneously hiring better partners. The �xed e�ects also rule out

time-varying macroeconomic or industry-wide shocks that may in�uence certain performance

outcomes, making them more or less likely and thus driving up novelty. The economic magni-

tude of β in column (3) implies that non-novel deals �nanced by broad partners perform worse

than non-novel deals �nanced by narrow partners. At zero novelty, a one standard deviation

increase in the breadth index is associated with a 5% decrease in the probability of an IPO.

However, as novelty increases, the positive interaction term implies that the probability of an

IPO for deals led by broad partners increases with deal novelty. For each 0.1 increase in novelty,

the e�ect of the breadth index increases by 2%. These estimates, in particular, imply that the

association between the breadth index and IPO exit is negative for below-median novelty deals

(median of 0.24); however, it turns positive for above-median novelty �rms.

Robustness: I conduct several robustness tests. First, in Table A7, I re-estimate speci�ca-

tion (6) using an alternative novelty measure based on the average distance to the �ve closest

competitors�the conclusions remain unchanged. In Table A8, I re-estimate (6) by removing the

bottom decile of partner background descriptions, and the conclusions remain unchanged. In

Table A9, I re-estimate speci�cation (7) using an alternative measure of novelty. In Table A10,

I re-estimate (7) by excluding the bottom decile of partner background descriptions in terms of

length, and the conclusions remain unchanged. In Table A11, I re-estimate speci�cation (7) by

splitting the novelty measure into quartiles of novelty.
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4.2 Causal impact of Lead Partner Breadth on Performance of Novel Star-

tups

To study the causal impact of human capital breadth on the performance of novel startups, I

�rst restructure the dataset at the deal level in the following way. For each deal d made by VC

�rm j, I construct a set of potential partners who could have led this deal. As a baseline, I select

all partners who have led deals at the same VC �rm within a -3 to +3 year window around

the deal.15 For each partner I construct a busyness proxy at the time of the deal. My proxy

for busyness follows Abuzov (2019) and I de�ne a partner p to be busy at time t if the same

partner p is involved in an exit via an acquisition or an IPO for another deal in a (-90, +90)

days time window around the time of the focal deal t. Using this data structure, I �rst provide

an alternative way to show an association between lead partner breadth and the likelihood of

being a lead partner on a novel deal. I estimate the following speci�cation at the deal-investor

level:

PartnerChosend,j,p = α+ βBp + γBp ×Nd +Xp, t+ ηd + ρj + ϵd,j,p, (8)

where PartnerChosend,j,p is an indicator variable taking a value of 1 if partner p working for

investor j leads deal d and 0 otherwise. Xp, t is a set of partner level controls measured at

the time the deal is made. Bp denotes the partner breadth index measure Nd denotes the deal

novelty and Bp × Nd is an interaction term between the deal's novelty and the lead partner's

breadth index, ηd is a deal �xed e�ect and ρj is a partner �xed e�ect. Notice that in speci�cation

(8) the deal novelty is not included as it is absorbed by the deal �xed e�ect.

Table 11 about here.

The results are shown in Table 11. The advantage of this data structure is that it allows for

the inclusion of a deal �xed e�ect, which absorbs all underlying deal-level characteristics (size,

syndication, year of �nancing, quality). Estimates in column (4) for the control variables have

the expected sign and signi�cance. Partners with more experience are more likely to lead deals,

while older partners (controlling for experience) and busy partners are less likely to lead deals.

The base coe�cient on the breadth index indicates that partners are less likely to lead less novel

deals. The interaction terms between breadth and novelty indicate that the higher the novelty

of the deal, the higher the likelihood that a broad partner is chosen to lead the deal. Intuitively,

15I run several robustness tests varying the timing around the deal; e.g., see Table A14.
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the interaction speci�es the change in the slope of the breadth index across deals of di�erent

novelty levels.

The estimate for the base breadth index coe�cient (β) implies that for non-novel deals 1

standard deviation increase of breadth index leads to a 2.5 % decrease in the probability that a

partner leads a deal. The interaction term (γ) implies that for high novelty deals - with novelty

above 0.3 the coe�cient on human capital breadth becomes positive and partners with high

human capital breadth are more likely to lead novel deals.16

4.2.1 The causal impact of human capital breadth on Novel Startup's performance

In Section 4.1.2, we presented a positive association between the interaction of human capital

breadth and deal novelty with performance. Even though speci�cation (7) includes granular VC

�rm �xed e�ects and various �xed e�ects related to startup characteristics (Industry × Year ×

Deal Stage), the assignment or selection of startups, even within a VC �rm, is non-random. For

example, if deal quality and partner quality within a VC �rm are heterogeneous, one may worry

that the interaction e�ect captures a pure quality-matching story�i.e., better-suited partners

for novel �rms are matched with the highest-quality novel �rms, which drives the increase in the

probability of an IPO. To capture the causal e�ect, one would need an instrument that randomly

shifts the assignment of a given partner to a deal within a VC �rm. In other words, one would

like to compare how the same novel deal would perform given that it is randomly assigned to a

broad versus a narrow partner and then compare the outcome.

In this section, I propose an instrument that relies on the time-varying availability of partners

within a VC �rm. Intuitively, when a given deal is made, some partners will be more available

than others, providing a natural shifter in the probability of a deal being assigned to speci�c

partners. The results presented in Table 11 suggest that, controlling for other partner charac-

teristics, busy partners are less likely to be assigned to lead a deal. Hence, a natural instrument

for partner assignment is the busyness of the partner. To shift the probability of a partner with

high (low) human capital breadth being assigned to a given deal, I propose an instrument that

relies on time variation in human capital breadth availability within a given VC �rm, called the

average available breadth index.

16Calculated as Novelty cut-o� = 0.025
0.084
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I de�ne the average available breadth index at time t in VC �rm j as the sum of breadth

indices of non-busy partners employed by VC �rm j scaled by the number of non-busy partners

employed by �rm j at time t. Speci�cally, I de�ne the average available breadth index of a VC

�rm j at time t as :

AvgBj,t =

∑
p∈j Bp × Ip,t∑

p∈j Ip,t
, (9)

where j denotes a VC �rm, p denotes a partner. The sum p ∈ j is taken over partners who work

at VC �rm j at time t, Bp is a breadth index measure at a partner level, Ip,t is an indicator

variable taking a value of 1 if the partner is non-busy at time t. Intuitively, at times when broad

partners are busy the measure decreases, but at times when broad partners are more available

relative to narrow partners the measure increases. A hypothesis is that at the time a deal is

made a high average breadth availability should increase the probability a high breadth index

partner being assigned to a deal and vice versa. So the average available breadth index is a

natural candidate for an instrument of the chosen partner's breadth. To study the e�ect of the

interaction between breadth and novelty we need another instrument for the breadth × novelty

interaction which will be the average available breadth index × deal novelty. Given these two

instruments, I estimate the following model via a 2SLS:

First Stage: Bd,p,j,t = α+AvgBj,t +AvgBj,t ×Nd,t +Xp,t + ηi×t×s + ρj + ϵd,p,j,t (10)

First Stage: Nd,t ×Bd,p,j,t = α+AvgBj,t +AvgBj,t ×Nd,t +Xp,t + ηi×t×s + ρj + ud,p,j,t (11)

Second Stage: Pd,p,j,t = α+Nd,t + B̂j,t + ̂Bj,t ×Nd,t +Xp,t + ηi×t×s + ρj + sd,p,j,t, (12)

where in Bd,p,j,t is the breadth index partner p chosen for deal d made by investor j at time t.

AvgBj,t is the average available breadth at investor j at time t,AvgBj,t ×Nd,t is the interaction

between deal novelty and the average available breadth, Xp,t is a set of time varying chosen

partner level controls, ηi×t×s are industry × year × deal stage �xed e�ects and ρj is an investor

�xed e�ect. Pd,p,j,t is a performance outcome of a deal which is either IPO exit or failure.

Table 12 about here.

The results are presented in Table 12. Columns (1) and (2) present the �rst-stage estimates

from speci�cations (10) and (11). In column (1), the Avg. Available Breadth is a strong predictor

of the Breadth Index of the chosen partner, and in column (2) the interaction between the Avg.
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Available Breadth and Novelty is a strong predictor of the interaction between the Breadth

Index and Novelty. The �rst-stage estimate in column (1) implies that a one standard deviation

increase in the average availability of breadth at a given VC �rm is associated with an increase

of 0.3 standard deviations in the Breadth Index of the partner actually chosen to lead the deal.

Columns (3) and (5) present the IV estimates from speci�cation (12), where the performance

outcome is either an IPO Exit or a Failure. First, the F statistic for the instrument passes the

weak instrument threshold (as also seen in columns (1) and (2)). In column (3), the coe�cient on

the Breadth Index is negative and signi�cant, whereas the coe�cient on the interaction between

the Breadth Index and Novelty is positive and signi�cant.

4.3 Fund Level and Investor Level Results

The partner-level analysis presented thus far demonstrates that, within VC �rms, partners with

broader backgrounds are more likely to lead novel deals and enhance the likelihood of successful

exits for these innovative investments. However, investment decisions within VC �rms are rarely

made by individual partners acting in isolation; instead, these decisions often require approval

by multiple partners.17 Similarly, any positive impact on portfolio company outcomes post-

investment may result from the collective e�orts of several partners, not solely the lead partner.

Additionally, compensation incentives within VC �rms are usually structured at the fund level

rather than being tied to individual partner-deal outcomes, meaning that all partners within a

fund share responsibility for overall investment performance.

In this section, we examine whether these individual partner-level e�ects extend to the fund

and investor levels. Speci�cally, we investigate whether funds and investors characterized by

higher average human capital breadth are systematically more inclined to �nance novel deals

and whether the average fund or investor human capital breadth enhances performance of novel

�rms.

Figure 8 about here.

First, in Figure 8, I document several novel stylized facts about the generalist and specialist

composition of venture capital partnerships. The top-right panel plots the distribution of the

17Malenko et al. (2024) provide a theoretical argument and empirical evidence that shows the importance of

individual partners 'championing' a given deal especially in the context of early stage investment.
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fraction of specialist partners (partners with a negative Breadth Index) within a fund, comparing

funds that made their last investment before 2015 with those that made their �rst investment

after 2015. First, as seen in the �gure, very few funds are composed entirely of either specialists

or generalists; the median fund has a mixed composition. Second, the distribution of specialists

in newly created funds is much higher than in funds that made their last investment before 2015,

which aligns with the downward trend in the average human capital breadth in the VC industry,

as shown in the right panel of Figure 6. This pattern also holds at the investor level, as shown

in the bottom panels of Figure 8.

To test whether average human capital breadth is associated with the average novelty of a

deal in the partnership we estimate the following speci�cation at a fund level.

AvgNi = α+AvgBi+Fund Controlsi+Industry Compositioni+Stage Compositioni+ηt×v×c+ϵi,

(13)

where AvgNi is the average novelty of deals made by the fund i, AvgBi is the average human

capital of partners leading deals in the fund. Industry Compositioni is a set of controls for the

industry composition of investments for fund i, Stage Compositioni is a set of controls for the

composition of stages in deals of fund i.ηt×v×c are Vintage Year × Fund Type × Fund Country

�xed e�ects.

Table 13 about here.

The results are presented in Table 13. In columns (1) and (2), on the left-hand side, I use

the average novelty of the deal (two distinct measures). In column (3), the outcome variable is

the fraction of deals that fall in the top quartile of novelty in a given deal year. Across columns

(1) and (2), the average breadth index across partners is positively associated with average deal

novelty. Furthermore, funds with a higher average breadth �nance more deals in the top quartile

of novelty.

Table 14 about here.

In Table 14, I show that a similar pattern holds for newly created VC �rms. I estimate a

similar speci�cation as in (13), but now I average partner breadth and deal novelty over the �rst
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six years of investment by newly created VC �rms. The signi�cance and economic magnitude

of the e�ect remain similar.

Next, I estimate a model similar to (7) with the variables of interest aggregated at a fund or

investor level. Speci�cally I estimate,

Perfi = α+AvgBi +AvgNi +AvgNi ×AvgBi + Controlsi + ηt×v×c + ϵi, (14)

, where Perfi is a fund level performance measure which is either the fraction of fund's i deals

that have exited via an IPO or have failed. The other variables are de�ned as in (13) and I use

the same set of controls.

Table 15 about here.

The results are presented in Table 15. In columns (1) and (2), for both the base level and

interaction, I use the average deal novelty, whereas in columns (3) and (4), I use the fraction

of a fund's deals in the top novelty quartile. Across all columns, the baseline coe�cient on the

average human capital partnership breadth is negative and signi�cant. This shows that funds

with high average human capital breadth but low-novelty deals are less likely to achieve IPO

exits and more likely to fail. The interaction term between novelty and human capital breadth

is positive and signi�cant in columns (1) and (3) (Fraction of IPO Exits) and negative and

signi�cant in columns (2) and (4) (Fraction of Failed Exits), implying that the performance

of high-average human capital breadth funds improves with average deal novelty (beyond the

baseline novelty term).

Table 16 about here.

In Table 16, I present similar �ndings when I aggregate outcomes at an investor level for

early investors.

5 Theoretical Framework

The empirical results documented thus far can be rationalized by the exploration-exploitation

trade-o� formalized in the theoretical model developed in this section. In particular, the em-

pirical �nding that broader-background VC partners are more likely to lead investments in
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novel, high-risk ventures and to achieve superior performance outcomes in these cases aligns

with the model's prediction that broader-background investors optimally explore novel sectors.

The model characterizes broader-background investors as agents who hold moderately strong

priors across multiple sectors, prompting them to incur early failures but ultimately enabling

the identi�cation of highly successful startups. However, it is important to emphasize that this

theoretical interpretation represents just one plausible explanation among several for the empir-

ical patterns observed.

To model the portfolio choice of venture capitalists and rationalize the empirical �ndings,

I draw on the multi-armed bandit framework, which captures the dynamic trade-o� between

exploration and exploitation (Bergemann and Valimaki, 2006). In this model, each "arm" repre-

sents a distinct industry sector with varying probabilities of yielding high, intermediate, or low

returns. The model assumes that sectors are heterogeneous: established sectors o�er stable but

limited returns, while novel sectors are more volatile, with a higher probability of both excep-

tional successes and failures. At each decision point, the VC must choose the sector in which

to invest, balancing between sectors with high expected returns (exploitation) and those with

greater uncertainty but higher potential payo�s (exploration). After each investment, the VC

can observe a signal about the quality of the startup drawn from that sector and update their

belief about sectoral potential, re�ecting a Bayesian learning process.

In the model, I di�erentiate VCs by their human capital backgrounds�broad versus nar-

row�which impacts their approach to risk and exploration. Broad-background VCs, with di-

verse industry experience, start with a moderately informed understanding of multiple sectors,

encouraging them to explore novel, high-risk sectors that could yield exceptional returns. In

contrast, narrow-background VCs, who are specialized in a particular domain, hold stronger pri-

ors about speci�c sectors and are more inclined to exploit known opportunities, focusing their

investments within familiar industries. This distinction is central to the model, as it in�uences

both the breadth of portfolio diversi�cation, the types of startups selected, and the subsequent

performance.

In this section, I present the model in detail. I begin by describing the venture supply

framework, outlining the distribution and quality of ventures across sectors. Next, I de�ne the

VC's objective function and solve the model under the assumption of full information, where
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the VC knows the quality distribution of ventures in each sector. Following this, I introduce the

distinction between VC types based on their human capital background: narrow-background

VCs are modeled as starting with a strong prior in their area of specialization, whereas broad-

background VCs begin with weaker priors across multiple sectors. Finally, I solve for the optimal

investment strategy for each VC type, highlighting how these di�erences in prior knowledge

shape their approach to sectoral allocation, likelihood of �nancing novel projects, and subsequent

performance.

5.1 Supply of Ventures

I model the supply of available ventures in the following way. There are N available sectors in

the economy indexed with i. In each sector Ni, there are startups of high quality, intermediate

quality or low quality to be �nanced. If the startup is of low quality and is �nanced it yields

a payo� of xlow to the investor. A startup of intermediate quality yields a payo� of xint >

xlow and a startup of good quality yields a payo� of xhigh > xint.
18 Each sector is described

by a multinomial distribution which speci�es the probability of high, intermediate and low

quality startups inside that sector. A draw from sector Ni yields a high quality startup with

a probability Pi(xhigh), an intermediate quality startup with a probability Pi(xint) and a low

quality startup with a probability Pi(xlow), where Pi(xlow)+Pi(xint)+Pi(xhigh) = 1. The sectors

are heterogeneous with respect to the distribution of startup quality but not with respect to the

payo�s given a high, intermediate and low quality startups. One of the N sectors is a "novel"

sector (i.e. a sector of the economy that has not yet been �nanced - cite papers to justify

this assumption ). The novel sector, has a highly skewed distribution of startup quality i.e.

sampling from this sector yields a higher chance of encountering a low quality startup than any

other sector, but also a higher change of encountering a startup that is of high quality. We label

this sector with a special index e and based on the discussion above I assume, Pe(xlow) > Pi(xlow)

and Pe(xhigh) > Pi(xhigh)∀i ̸= e.

Figure 9 about here.

18In venture capital investments, a low quality startup is a startup that fails. An intermediate quality startup

is a startup that can be exited via an acquisition and a high quality startup is a startup that can be exited via

an IPO.
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5.2 Investor's objective function and Benchmark strategy

The agent, venture capital investor is assumed to maximize the probability of reaching an exoge-

nous threshold of returns T after n draws. For simplicity I assume that the agent is risk-neutral

and has a discount factor of 1. In each draw the choice set of the agent is which urn to draw

from. In the baseline problem we assume that the agent is fully informed about the distribu-

tion of ventures in each sector and once an agent selects a venture the quality of the venture

is observed immediately before the agent takes the next action.19 This is a recursive dynamic

programming problem and at each step we de�ne the value function as follows. Let V ∗(d,R)

denote the maximum probability of reaching or exceeding a the threshold T where the state

variable d denotes the number of draws left and the state variable R denotes the cumulative

rewards of the agent in the past n−d draws. The Bellman equation at each state (d,R) is given

by:

V ∗(d,R) = maxi∈[1,N ]

(∑
x

Pi(x)V
∗(d− 1, R+ x)

)
, (15)

where:

� V (d,R) is the maximum probability of reaching or exceeding the threshold T with d draws

remaining and accumulated returns R,

� Pi(x) is the probability of receiving payo� x from drawing from urn i,

� i ∈ [1, N ] denotes the choice between sectors.

� x represents the possible payo� outcomes from sector i, where x ∈ xlow, xint, xhigh

� V (d − 1, R + x) is the continuation value with d − 1 draws left and accumulated returns

R+ x.

The boundary condition for the value function is:

V (0, R) =


1, if R ≥ T,

0, if R < T.

Figure 10 about here.

19The results do not change if the agent observes a signal about the startup quality once the startup is drawn

as long as this signal is informative.
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I illustrate the decision process of the venture capitalist in the complete information case in

�gure 10. Notice that this is a Markov process as the future decisions of the agent depend only

on the current state realized state. In general, we cannot obtain an explicit analytical solution

for the decision process described by equation (15). In the following subsection I solve the model

numerically using value function iteration and provide intuition for the optimal policy as well

as comparative statics results.

5.2.1 Benchmark strategy results

To solve the model numerically, we need to have the distribution of payo�s of all N sectors of

the economy. To highlight the main intuition behind the model, the optimal policy followed

and the comparative statics results I solve the model numerically under the simplest possible

distributional assumptions that highlights the main-trade-o� the agent faces. To do so, I will

assume that the economy is composed of three sectors and that the probability distribution in

each sector is given by table 1. I have assumed that the payo�s of low, intermediate and high

outcome are 0, 1 and 4 respectively. Sector 1 is a sector, with the highest expected value and

the highest probability of achieving an intermediate outcome, sector 2 is a dominated sector

which should never be chosen and sector 3 is a novel sector that has a lower expected value than

sector 1, but a higher probability of achieving a high reward. Following optimal policy under

full information the agent will choose which of these 3 sectors to draw from each time. To solve

the Bellman equation numerically I use a standard value iteration algorithm and then I simulate

the optimal policy and average over the number of simulations.

In �gure 11, I plot the likelihood of reaching the required threshold under the optimal policy

as a function of the threshold value for di�erent number of draws (n). First, as expected across

all threshold values the likelhood of reaching the threshold is higher if the agent draws more

times. Second, the likelihood of reaching the required threshold return drops faster for smaller

values of n the number of draws.

Figure 11 about here.

Comparative statics with respect to Threshold required on Frequency of Sector

Selection under optimal policy The main insight of the benchmark strategy is that keeping

payo�s and probabilities of outcomes across each sector �xed, increasing the threshold required

incentivizes the agent to take more risk and draw more often from the novel sector where the
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Table 1: Reward Distributions for Each Sector

Sector Payo� Probability

1 (High Likelihood of Intermediate Outcome)

0 0.7

1 0.25

4 0.05

2 (Dominated Sector)

0 0.8

1 0.2

4 0.0

3 (Novel Sector)

0 0.8

1 0.1

4 0.1

probability of achieving a good outcome is higher. In �gure 12, I plot the frequency of selection

for each sector when the agent follows the optimal policy. As expected the Dominated sector is

never chosen, since the agent can always do better by picking the sector with a high likelihood

of an intermediate outcome. For very low values of the threshold the agent chooses to only draw

from the high likelihood of intermediate outcome sector. In this case the threshold is low enough

and the agent can safely reach the threshold by achieving multiple intermediate successes. As

the threshold value increases the agent picks the novel sector more frequently and after a certain

threshold prefers to draw more frequently from the novel sector. As shown in �gure 12, the

cut-o� point at which it becomes optimal to draw from the novel sector more frequently is lower

as the number of draws decreases. Having less draws means that the agent needs to reach the

threshold quicker and this incentivizes the agent to draw more from the novel sector.

Figure 12 about here.

5.3 Investor's objective function under incomplete information

In the previous subsection we considered the benchmark problem where the agent knows the

distribution in each sector perfectly. When allocation capital and deciding which startups to

�nance VC investors do not have access to full information about the potential quality and
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distribution of rewards within all sectors. The incomplete information setting allows us to clearly

draw a distinction between broad vs. narrow human capital VCs. At the start of the investment

process, these two VC types will di�er regarding their prior beliefs about the distribution of

startups across sectors. Speci�city, we assume that narrow background VC have a strong and

correct prior about the distribution of startup quality in one sector - the sector where they are

specialized in. They will have a correct, but very weak prior regarding the distribution of startup

quality across other sectors. Broad VCs in turn will have a moderately strong and correct prior

across all sectors in the economy. Each VC type will follow her optimal investment strategy and

update their beliefs about the distirbution of quality in a Bayesian way after drawing from a

speci�c sector.

5.3.1 Description of the incomplete information setting

Agent's prior and updating rules. Since the outcomes in each sector are assumed discrete the

agent will have a Dirichlet prior over sector i described by a vector αi = (αi(xlow), αi(xint), αi(xhigh)).
20

Intuitively, the α parameters capture the past experience of the agent in the following way. An

αi = (αi(xlow), αi(xint), αi(xhigh)) vector for sector i would mean that the agent has drawn

αi(xlow) + αi(xint) + αi(xhigh) times from sector i and among those draws the agent has gotten

αi(xlow),αi(xint) and αi(xhigh) intermediate outcomes. Given Dirichlet priors the prior belief

for getting a startup of quality x when drawing from sector i startup for the agent who samples

sector i will be given by:

Pi(x) =
αi(x)

αi(xlow) + αi(xint) + αi(xhigh)
(16)

Suppose the agent draws from sector i and an outcome xhigh is observed. The posterior

belief over the distribution in sector i follows a simple updating rule and is now given by

(αi(xlow), αi(xint), αi(xhigh) + 1). 21

Let α0 be an N dimensional vector, where each component is a vector of the agent's prior

about the quality distribution in a given sector.

Similarly to the complete information case, the agent's value function V (d,R,αn−d) rep-

resents the maximum probability of reaching or exceeding the threshold T with d steps left,

20Dirichlet distributions are conjugate priors of the multinomial distribution and follow very simple updating

rules. I describe and provide an introduction of dirichlet distributions in the appendix B
21Proof in appendix B
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given an accumulated reward R and the agent's posterior αn−d after n−d draws. The Bellman

Equation new reads:

V ∗(d,R,αn−d) = max
i∈{1,...,N}

(E [V ∗(d− 1, R+ xi,αn−d+1) | αn−d]) (17)

where xi represents the potential payo�s from sector i (xi ∈ {xlow, xint, xhigh}) and αn−d+1

is the dirichet posterior in with d− 1 steps remaining after observing the outcome in step n− d

in the optimally chosen sector.

The expected value of the function if sector i is chosen can be expressed explicitly as:

E [V (d− 1, R+ xi,αn−d+1) | αn−d] =
αn−d,i(xlow)

αn−d,i(xlow) + αn−d,i(xint) + αn−d,i(xhigh)
V (d−1, R+xlow,αn−d+1)

+
αn−d,i(xint)

αn−d,i(xlow) + αn−d,i(xint) + αn−d,i(xhigh)
V (d− 1, R+ xint,αn−d+1)

+
αn−d,i(xhigh)

αn−d,i(xlow) + αn−d,i(xint) + αn−d,i(xhigh)
V (d− 1, R+ xhigh,αn−d+1)

where :

αn−d+1,i =


(αn−d,i(xlow) + 1, αn−d,i(xint), αn−d,i(xhigh)) if failure (payo� xlow)

(αn−d,i(xlow), αn−d,i(xint) + 1, αn−d,i(xhigh)) if intermediate quality (payo� xint)

(αn−d,i(xlow), αn−d,i(xint), αn−d,i(xhigh) + 1) if high quality (payo� xhigh)

Figure 13 about here.

The investment process under incomplete information is depicted in �gure 13. In the be-

ginning the VC starts with (d,R,α) = (n, 0,α0). Then following optimal policy, which is a

solution equation (17), the agent picks a sector to invest in, observes the outcome, updates her

prior belief about the distribution of startup quality and follows optimal policy thereafter.

Agent's types: Agents can be of two types, broad or a narrow agent. Intuitively, we would

like to capture the fact that a narrow agent is a "specialist" in a given sector, but does not

know much about anything outside of this sector, whereas a broad agent knows a "little" bit
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about all of the sectors in the economy. To capture this we assume that the agents are endowed

with a di�erent starting prior α before they start the sector selection process. Both the broad

the narrow agent start with a correct prior about the distribution of quality of startups in each

sector. The broad and the narrow agent will defer with respect to the strength of those priors.

Given a sector i ̸= e, a specialist in sector i is assumed to have a strong and correct prior over the

distribution of outcomes in sector i. He has a very weak and correct prior for all other sectors in

the economy. The broad agent has a correct and intermediately strong prior over the distribution

of quality over all of the sectors in the economy. The construction of these priors re�ect the

fact that the specialist has had extensive experience in a given sector prior to becoming a VC

founder whereas a generalist has had moderate experience across multiple sectors. We formalize

these concepts as follows. Suppose we have a narrow background agent who is a specialist in

sector i. Their prior, just before starting becoming a VC fonder and allocating capital will be

given by:

αn
0 =


α0,i = k(Pi(xlow), Pi(xint), Pi(xhigh))

α0,j = (Pj(xlow), Pj(xint), Pj(xhigh)),

where αn
0 denotes the initial prior for the narrow agent, Pj(x) denotes the probability of outcome

x in sector j. k >> 1 and describes the strength of the prior of the specialist in his own sector

relative to the other sectors in which he does not specialize. The strength of the prior will re�ect

how much the agent updates his prior about startup distribution after observing an outcome in

that sector. The assumption k >> 1 captures the fact that any signal received after drawing

from sector i has a much lower impact on the specialist agents' posterior beliefs in sector i (where

the agent is specialized), then receiving the same signal in any other sector.

The prior of the broad background VC will be the same across all sectors and it will be given

by:

αb
0,j = m(Pj(xlow), Pj(xint), Pj(xhigh)),

where αb
0,j is the broad agent's prior over sector j andm > 1. The ratio k

m > 1 is to be interpreted

as the relative strength of the prior a narrow background VC specialized in sector i has over a

broad background VC. m > 1 is to be interpreted as the relative strength a broad background

VC has over a narrow background VC in all other sectors except sector i. To clearly understand

the di�erence between the types of agents it is useful to compute the updated probabilities for

the narrow agent and the broad agent in sector i (the sector where the narrow agent is specialized

in) after drawing from sector i and observing a startup of for example low quality. The posterior
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after drawing from sector i and observing a startup of low quality for the narrow agent n is

given by:

p̂ni (xlow) =
kPi(xlow) + 1

k(Pi(xlow) + Pi(xint) + Pi(xlow)) + 1
=

kPi(xlow) + 1

k + 1
(18)

The posterior for the broad agent after the same action and observing a startup of low quality

is:

p̂bi(xlow) =
mPi(xlow) + 1

m(Pi(xlow) + Pi(xint) + Pi(xlow)) + 1
=

mPi(xlow) + 1

m+ 1
(19)

Now the di�erence between the posterior for low quality outcome for the narrow agent in

sector i will be:

p̂ni (xlow)− Pi(xlow) =
1− Pi(xlow)

k + 1
(20)

For the broad agent:

p̂bi(xlow)− Pi(xlow) =
1− Pi(xlow)

m+ 1
(21)

Clearly, since k > m we have p̂ni (xlow) − Pi(xlow) < p̂bi(xlow) − Pi(xlow) which means that the

narrow agent's posterior di�ers less than the broad agent's posterior after observing additional

signals in the sector where the narrow agent specializes.

5.3.2 Results for each VC type under incomplete information

In the following subsection, I solve for the optimal policy followed by each type of agent (narrow

vs. broad) under the same simple distributional assumptions as in the benchmark search strategy

section given in table 1. I will consider the behaviour of three types of agents under their optimal

policy: (i) Narrow background agent specialized in Sector 1 - the high likelhood of intermediate

outcome sector, (ii) Narrow background agent specialized in Sector 2 - the dominated sector, (iii)

Broad Background agent. This setting will fully rationalize the three main empirical �ndings

(1) Broad agents are on average more likely to explore and try out more sectors which results in

them holding more diversi�ed portfolios (2) broad agents are on average more likely to choose

the novel sector (3) Broad agents on average have a higher likelihood of achieving both a high

outcome (IPO) and failure.

Figure 14 about here.

In Figure 14, I plot the likelihood of reaching the required threshold under the optimal policy

for di�erent agent types and di�erent number of draws (n). First, compared to the benchmark
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strategy of full information, the likelihood of reaching the threshold is lower for each agent.

This is because with limited number of draws the agents cannot learn the exact distribution

across all sectors. The top left and right panel depict the success rates for the narrow agent

who is a specialist in the sector with high likelihood of intermediate outcome and the narrow

agent who is a specialist in the dominated sector. The specialist in the dominated sector has

a lower performance on average, since after a failure in the other sectors he updates his prior

very strongly and chooses to avoid those sectors and sticks to his dominated sector. The overall

performance of the broad agent is shown in the bottom panel in �gure 14. The performance of the

broad agent is similar to the narrow agent who specializes in the high likelihood of intermediate

exit sector, they will however reach the threshold return following their optimal policy through

di�erent actions.

Figure 15 about here.

In Figure 15, I plot the sector selection frequency for each type of agent for various values

of the return threshold required. The top left panel plots the selection frequency for the narrow

agent specializing in the high likelihood of intermediate outcome sector. Since this agent is

narrow, but specializes in a good enough sector, the agent decides to stick to his speciality

and samples predominately the sector with a high likelhood of intermediate outcome. For larger

threshold return required the agent chooses to sometimes explore the novel sector. The top right

panel plots the selection frequency for the narrow agent that specializes in the dominant sector.

At very low thresholds, this agent chooses to stick to his speciality since this is enough for this

agent to reach the threshold. As soon as the threshold increases, this agent becomes aware that

it won't be possible to reach the threshold by sticking to his dominated sector so the agent will

start exploring other sectors. This agent however updates the probability of outcomes in the

other sectors very strongly and is therefore much more likely to switch between sector 1 and

sector 3 sampling them at roughly the same frequency. The bottom panel depicts the sampling

behaviour of the broad agent. The broad agent updates her probability about statup quality

moderately after each draw and following her optimal policy decided to explore the novel sector

much more at high values of the threshold. The results of this �gure rationalize two of the main

empirical �ndings (1) broad agents hold more diversi�ed portfolios on average (2) broad agents

are more likely to explore novel sectors.
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Figure 16 about here.

In Figure 16, I show that the sampling sectoral choice under the optimal policy shown in

�gure 15 translates into outcomes. In the left panel I plot the likelihood of getting an IPO (high

reward) outcome for each type of agent following optimal policy. Higher rate of sampling from

the novel sector translates into higher likelihood of getting an IPO outcome for the broad agent

across all threshold values. Similarly it translates into a higher failure rate as shown in the

bottom graph. This �nding rationalizes the third main empirical results, the fact that broad

human capital VCs have a higher failure rate and a higher IPO rate than narrow human capital

VCs.

The incomplete information setting demonstrates how human capital broadness impacts ven-

ture capitalists' strategic decisions under incomplete information, o�ering a detailed mechanism

for the observed empirical outcomes. Broad-background VCs, characterized by moderate priors

across multiple sectors, are shown to explore more sectors and this results in higher portfolio di-

versi�cation and a greater likelihood of �nancing novel, high-risk startups. This approach leads

to a higher probability of both high-reward exits (e.g., IPOs) and failures, consistent with their

propensity to invest in sectors with uncertain yet high-potential returns. Conversely, narrow-

background VCs, with strong priors limited to their domain of expertise, exhibit conservative

investment patterns, focusing on familiar sectors with stable, lower-risk outcomes. This special-

ization reduces their likelihood of exploration, resulting in less diversi�ed portfolios and fewer

extreme outcomes, whether successes or failures. These results highlight a fundamental trade-o�:

broad-background VCs prioritize exploration and �nancing novelty at the cost of higher vari-

ance in outcomes, while narrow-background VCs emphasize exploitation of existing knowledge,

achieving more stable outcomes.

6 Conclusion

This paper examines the role of venture capital (VC) partners' human capital breadth in invest-

ment selection, startup performance, and innovation outcomes. Empirically, I �nd that within

VC �rms, partners with broader backgrounds are more likely to lead investments in novel, high-

risk startups. While these partners tend to underperform on average, their involvement in novel

ventures signi�cantly increases the likelihood of major success. These patterns are consistent

37



with both selection�where broad-background partners excel at screening novel �rms�and po-

tential monitoring�where their engagement enhances �rm performance. Exploiting plausibly

exogenous variation in partner busyness as a shock to lead-partner assignment, I provide a plau-

sibly causal evidence for these e�ects.

To rationalize these �ndings, I develop a dynamic multi-armed bandit portfolio choice model,

demonstrating that broad-background VCs engage in greater exploration, experience more early

failures, and �nance exceptional startups, whereas narrow-background VCs focus on their es-

tablished domains. The model shows that, despite di�ering investment strategies, both types

of VCs achieve similar overall performance, with broad VCs relying on a few highly successful

exits and narrow VCs favoring stable, intermediate outcomes.

These results highlight the critical role of human capital breadth in fostering exploration

and �nancing novel business ventures and support the role for public policies fostering the

development of broad human capital.
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Figures

Figure 1: Distribution of Novelty (Distance to Closest Firm) and time trend of Novelty (Distance to Closest

Firm) Left panel: This �gure plots the distribution of the Novelty (Distance to Closest Firm) measure. Right Panel: Time

trend of the mean of Novelty (Distance to Closest Firm) measure.

Figure 2: Evolution of Novelty Distribution over time and the time trend of the mean Novelty for the top

10 most Novel Firm Left panel: This �gure plots the time tend of distribution of Novelty. Left panel: This �gure plots

the time trend of mean Novelty for the top 10 most novel �rms in each year.
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Figure 3: Evolution of Mean Novelty over time based on region: by startup location Top - Left panel: This

�gure plots the time trend of mean Novelty for North America and EMEA regions. Top - Right panel: This �gure plots

the time trend of mean Novelty of top 10 most novel startups for North America and EMEA regions. Bottom - Left panel:

This �gure plots the time trend of mean Novelty for North America and APAC regions. Bottom - Right panel: This �gure

plots the time trend of mean Novelty of top 10 most novel startups for North America and APAC regions.
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Figure 4: Evolution of Mean Novelty over time based on region US data: by startup location Left panel: This

�gure plots the time trend of mean Novelty for Top 3 US States (California, New York, Massachusetts) and Other US

states. Right panel: This �gure plots the time trend of mean Novelty of top 10 most novel startups for Top 3 US States

(California, New York, Massachusetts) and Other US states.

Figure 5: IPO and M&A rates split by Novelty Quartile Left panel: This �gure plots the time trend of IPO rates

for each quartile of Novelty (constructed by splitting the deals in each year by novelty quartile). Right panel: This �gure

plots the time trend of M&A rates for each quartile of Novelty (constructed by splitting the deals in each year by novelty

quartile).

41



Figure 6: Distribution of Breadth Index and time trend of Breadth Index Left panel: This �gure plots the

distribution of the Breadth Index measure. Right Panel: Time trend of the mean of Breadth Index measure.

Figure 7: Split of Breadth Index Mean by Subcategories This �gure plots the split of Mean Breadth Index by

various subcategories Top Left: Split by PhD Degree Status. Top Right: Split by MBA Degree status. Bottom left: Split

by Immigrant status. Bottom right: Split by gender.
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Figure 8: Distribution of human capital breadth across funds and investors This �gure plots the distribution

of human capital breadth across investors and funds. Top right: This �gure is a distributional plot of the fraction of

partners classi�ed as specialists in each fund for funds that have made their �rst investment after 2015 (red) and funds

that have made their last investment before 2015 (blue). Top left: human capital composition within a fund, blue - funds

with last investment made prior to 2015, red - funds with �rst investment made after 2015. Bottom right: This �gure

is a distributional plot of the fraction of early partners (partners who have joined the VC �rms within 6 years of �rst

investment) classi�ed as specialists in each investor for investors who have made their �rst investment prior to 2009 (blue)

and for investors who have made their �rst investment after 2015. Bottom left: human capital composition within investor

for early partners - blue investors who have started investing before 2009, red-investors who have started investing after

2015.
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Figure 9: Supply of Ventures in each of the N sectors: This �gure depicts the supply of ventures in each of the N

sectors. Pi(xlow) denotes the probability of drawing a low quality venture given that the agent draws in sector i. Pi(xint)

denotes the probability of drawing an intermediate quality venture given that the agent draws in sector i. Pi(xhigh)

denotes the probability of drawing an high quality venture given that the agent draws in sector i. For each sector i,

Pi(xlow) + Pi(xint) + Pi(xhigh) = 1. e indexes the novel sector. The distribution of startups in the novel sector satis�es

Pe(xlow) > Pi(xlow) and Pe(xhigh) > Pi(xhigh) for all other sectors i ̸= e.

Figure 10: Value function iteration under complete information: This �gure depicts the sequential draws and value

function update for the VC in the complete information case. The VC starts in a (d,R) = (n, 0) state and observes the

distribution of startups in each sector. The VC then decides which sector to draw from. The VC draws and observes the

outcome moving to a state (d,R) = (n− 1, x) and follows optimal policy thereafter. After all n draws are executed the VC

either reaches the required threshold, T or does not.
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Figure 11: Likelihood of reaching the required return threshold in the benchmark case for di�erent number

of draws. This �gure depicts the likelihood of reaching the threshold as a function of the threshold value for di�erent

number of draws. The x-axis depicts the threshold value. They y-axis depicts the number of times the threshold is reached

relative to the number of simulations conducted. Simulation parameters: 1000 simulations under optimal policy, sectoral

distribution given by table 1. Threshold values ranging from 3-20.
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Figure 12: Frequency of Selection of each sector for di�erent threshold values This �gure depicts the frequency

each sector is chosen under the optimal policy as a function of the threshold return required. The x-axis plots the threshold

return required. The y-axis plots the number of times a speci�c sector is chosen under the optimal policy averaged across

the number of simulations. Simulation parameters: 1000 simulations under optimal policy, sectoral distribution given by

table 1. Threshold values ranging from 3-20.

Figure 13: Investment under incomplete information: This �gure depicts the sequential draws and value function

update for the VC in the incomplete information case. The VC starts in a (d,R, α) = (n, 0, α0) where α0 denotes the VCs'

initial belief for the distribution on quality in each sector i. The VC then decides which sector to draw from. The VC

draws and observes x, based on the observed outcome the VC updates the belief α0 to α1 the outcome moving to a state

(d,R, α) = (n − 1, x, α1) and follows optimal policy thereafter. After all n draws are executed the VC either reaches the

required threshold or does not.
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Figure 14: Likelihood of reaching the required return threshold in the incomplete information case for

di�erent types of agents. This �gure depicts the likelihood of reaching the threshold as a function of the threshold

value for di�erent number of draws. The x-axis depicts the threshold value. They y-axis depicts the number of times the

threshold is reached relative to the number of simulations conducted. Top left depicts the graph for the agent specialized in

Sector 1, top right depicts the graph for the agent specialized in sector 2 and bottom graph depicts the graph for the broad

agent. Simulation parameters: 1000 simulations under optimal policy, sectoral distribution given by table 1. Threshold

values 4, 8, 12, 16, k = 10. m = 5.

47



Figure 15: Number of times each sector is sampled for di�erent agents at di�erent thresholds following

optimal policy This �gure plots the number of times each sector is sampled by each agent. Top left depicts the sector

sampling under optimal policy for the agent specialized in Sector 1, top right depicts the sector sampling under optimal

policy for the agent specialized in sector 2 and bottom graph depicts sector sampling under optimal policy for the broad

agent. 1000 simulations under optimal policy, sectoral distribution given by table 1. Threshold values 4, 8, 12, 16� k = 10.

m = 5.

Figure 16: Likelihood of reaching the required return threshold in the incomplete information case for

di�erent types of agents. This �gure depicts the likelihood of reaching the threshold as a function of the threshold

value for di�erent number of draws. The x-axis depicts the threshold value. They y-axis depicts the number of times the

threshold is reached relative to the number of simulations conducted. Top left depicts the graph for the agent specialized in

Sector 1, top right depicts the graph for the agent specialized in sector 2 and bottom graph depicts the graph for the broad

agent. Simulation parameters: 1000 simulations under optimal policy, sectoral distribution given by table 1. Threshold

values 4, 8, 12, 16, k = 10. m = 5.
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Tables

Variable Obs Mean Std. Dev. 1% 5% 25% 50% 75% 95% 99%

Novelty (Distance to Closest Firm) 241,936 0.25 0.07 0.11 0.15 0.20 0.24 0.29 0.39 0.46

Novelty (Avg. Distance to Closest Firm) 241,936 0.28 0.07 0.15 0.18 0.23 0.27 0.32 0.41 0.48

IPO Exit 241,936 0.04 0.19 0.00 0.00 0.00 0.00 0.00 0.00 1.00

Failure 241,936 0.37 0.48 0.00 0.00 0.00 0.00 1.00 1.00 1.00

Number of Forward Patents 241,936 0.23 2.27 0.00 0.00 0.00 0.00 0.00 0.00 6.00

Number of Forward Citations 241,936 2.94 42.98 0.00 0.00 0.00 0.00 0.00 0.00 52.15

Sum of Forward Claims 241,936 1.62 18.81 0.00 0.00 0.00 0.00 0.00 0.00 36.64

Breadth Index 42,317 0.00 1.01 -1.99 -1.42 -0.68 -0.11 0.57 1.70 3.08

Partner VC Experience 83,637 1.87 1.30 0.00 0.00 0.69 1.79 2.83 4.08 4.91

Female 47,810 0.11 0.31 0.00 0.00 0.00 0.00 0.00 1.00 1.00

Partner has Computer Science Undergraduate 25,801 0.04 0.21 0.00 0.00 0.00 0.00 0.00 0.00 1.00

Partner has MBA 25,801 0.42 0.49 0.00 0.00 0.00 0.00 1.00 1.00 1.00

Partner has PhD 25,801 0.12 0.32 0.00 0.00 0.00 0.00 0.00 1.00 1.00

Partner has Top Degree 25,801 0.35 0.48 0.00 0.00 0.00 0.00 1.00 1.00 1.00

Partner is Immigrant 19,067 0.22 0.41 0.00 0.00 0.00 0.00 0.00 1.00 1.00

Table 2: Summary Statistics of Deal Level Sample This table presents summary statistics for the deal level sample

Variable Obs Mean Std. Dev. 1% 5% 25% 50% 75% 95% 99%

Novelty (Distance to Closest Firm) 207,768 0.24 0.07 0.12 0.15 0.19 0.24 0.28 0.38 0.45

Novelty (Avg. Distance to Closest Firm) 207,768 0.27 0.07 0.15 0.17 0.22 0.26 0.31 0.41 0.47

IPO Exit 207,768 0.05 0.21 0.00 0.00 0.00 0.00 0.00 0.00 1.00

Failure 207,768 0.25 0.43 0.00 0.00 0.00 0.00 0.00 1.00 1.00

Number of Partners 207,768 14.47 12.22 1.00 2.00 5.00 11.00 20.00 38.00 53.00

Number of Available Partners 207,768 11.98 11.06 0.00 0.00 4.00 8.00 17.00 34.00 47.00

Partner Leads a Deal 207,768 0.20 0.40 0.00 0.00 0.00 0.00 0.00 1.00 1.00

Busy Partner 207,768 0.08 0.27 0.00 0.00 0.00 0.00 0.00 1.00 1.00

Breadth Index 207,768 0.01 1.02 -1.88 -1.37 -0.68 -0.11 0.57 1.78 3.16

Table 3: Summary Statistics of Choice Model Sample This table presents summary statistics for the choice model

sample. A deal is included if at least 1 partner who could have been a lead partner on the focal deal has a textual description

of his or her background.
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Category Prototype Sentences

Narrow Throughout their professional journey, they have remained dedicated to a single discipline, investing years of study and

practice in one area of expertise. Their track record shows minimal shifts in focus or responsibility.

Narrow This individual's career path re�ects a strong focus on mastering one domain, with repeated involvement in projects

that reinforce a speci�c skill set. They rarely venture beyond this established specialty.

Narrow Over time, they have held roles that closely resemble one another, honing an in-depth approach to a single function.

Their résumé reveals a tight concentration on a particular kind of work.

Narrow From the beginning of their career, this person has operated within a narrowly de�ned scope. They excel in one niche

and show little interest in branching into other roles or disciplines.

Narrow They built their expertise by continuously re�ning the same techniques and principles, rarely adopting new methods.

Their progression shows incremental specialization rather than expansion into di�erent �elds.

Broad Their professional history spans multiple functions, re�ecting a pattern of moving between di�erent responsibilities and

challenges. Each step adds another dimension to their growing toolbox of skills.

Broad By actively seeking roles in distinct areas, this individual has cultivated a broad outlook. Their experience includes

learning diverse processes, collaborating with varied teams, and adapting to new contexts.

Broad Over the course of their career, they've tackled a wide array of problems. Their track record demonstrates an ability to

switch between di�erent methodologies, showing breadth in both approach and expertise.

Broad They are accustomed to pivoting whenever a new opportunity arises, accumulating a mix of experiences that cross

traditional boundaries. Their background hints at comfort in tackling varied objectives.

Broad Their career progression cuts across a range of roles, from technical to strategic. This breadth gives them an expansive

viewpoint, enabling them to integrate knowledge from multiple professional domains.

Table 4: Prototypes of Narrow and Broad Human Capital Backgrounds This �gure describes the prototype

sentences used to construct the breadth index measure. Category refers to the category of the prototype which can be

Narrow or Broad.

(1) (2) (3) (4) (5) (6)
Failure Major Success IPO Exit Failure Major Success IPO Exit

Novelty (Distance to Closest Firm) 0.288∗∗∗ 0.726∗∗∗ 0.792∗∗∗ 0.121∗∗∗ 0.750∗∗∗ 0.802∗∗∗
(0.019) (0.024) (0.025) (0.024) (0.037) (0.039)

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

R2 0.18 0.13 0.17 0.53 0.47 0.52

Table 5: Association between startup novelty and likelihood of Failure, Major Success and IPO Exit. This

table reports the results of a deal - level regression of Failure, Major Success and IPO Exit on the deal's novelty. The

independent variable Novelty (Distance to Closest Firm) is a deal level measure of novelty de�ned as one - maximum of

the cosine similarity of the textual description of the startup �nanced in the deal and all startups receiving venture capital

�nancing within �ve years before the deal in the same deal stage. IPO Exit is an indicator variable taking a value of 1

if the �rm exits via an IPO. Major Success is an indicator variable taking a value of 1 if the �rm exits via an IPO or is

acquired at a valuation at least �ve times greater than the total �nancing received. Failure is an indicator taking a value

of 1 if the �rm does not exit via an IPO, is not Acquired or does not receive any follow-up �nancing. Columns (1) - (3)

include Industry × Deal Year × Deal Type FE. Columns (4) - (6) include Industry × Deal Year × Deal Type × Investor

FE. Standard errors reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
Failure Major Success IPO Exit Failure Major Success IPO Exit

Novelty Quartile (Distance to Closest Firm)=2 0.020∗∗∗ -0.002∗ -0.001 0.020∗∗∗ 0.001 0.002∗
(0.003) (0.001) (0.001) (0.004) (0.002) (0.001)

Novelty Quartile (Distance to Closest Firm)=3 0.043∗∗∗ 0.002 0.006∗∗∗ 0.028∗∗∗ 0.006∗∗∗ 0.008∗∗∗
(0.003) (0.001) (0.001) (0.004) (0.002) (0.001)

Novelty Quartile (Distance to Closest Firm)=4 0.062∗∗∗ 0.101∗∗∗ 0.110∗∗∗ 0.032∗∗∗ 0.107∗∗∗ 0.114∗∗∗
(0.003) (0.004) (0.004) (0.004) (0.006) (0.006)

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

R2 0.18 0.12 0.14 0.53 0.47 0.50

Table 6: Association between startup novelty quartile and likelihood of Failure, Major Success and IPO

Exit. This table reports the results of a deal - level regression of Failure, Major Success and IPO Exit on the deal's

novelty quartile. The independent variables are novelty quartile dummies indicating whether a startup belongs to the i

the novelty quartile within a given year and deal stage based on the Novelty (Distance to Closest Firm) measure which is

a deal level measure of novelty de�ned as one - maximum of the cosine similarity of the textual description of the startup

�nanced in the deal and all startups receiving venture capital �nancing within �ve years before the deal in the same deal

stage. The omitted category is Novelty Quartile (Distance to Closest Firm) = 1. IPO Exit is an indicator variable taking

a value of 1 if the �rm exits via an IPO. Major Success is an indicator variable taking a value of 1 if the �rm exits via an

IPO or is acquired at a valuation at least �ve times greater than the total �nancing received. Failure is an indicator taking

a value of 1 if the �rm does not exit via an IPO, is not Acquired or does not receive any follow-up �nancing. Columns

(1) - (3) include Industry × Deal Year × Deal Type FE. Columns (4) - (6) include Industry × Deal Year × Deal Type ×

Investor FE. Standard errors reported in parenthesis are clustered at an investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.

(1) (2) (3) (4) (5) (6)
Number of Patents Number Citations Number of Claims Number of Patents Number Citations Number of Claims

Novelty (Distance to Closest Firm) 1.239∗∗∗ 2.136∗∗∗ 1.648∗∗∗ 1.175 2.787∗∗∗ 1.591∗
(0.401) (0.482) (0.468) (0.793) (0.994) (0.880)

Exit Type Controls ✓ ✓ ✓ ✓ ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

Table 7: Association between startup novelty and innovation outcomes - Poisson count model This table

reports the results of a deal - level regression of innovation outcomes on the deal's novelty. The independent variable

Novelty (Distance to Closest Firm) is a deal level measure of novelty de�ned as one - maximum of the cosine similarity of

the textual description of the startup �nanced in the deal and all startups receiving venture capital �nancing within �ve

years before the deal in the same deal stage. Number of Patents is the total number of patents granted to the �rm after

the deal date. Number Citations is the total number of adjusted citations (by grant year and NBER subcategory) that

patents of the �nanced �rm have received after the deal date. Number of Claims is total claims in all granted patents after

the deal date of the �nanced �rm. All columns include Exit Type controls which are separate controls specifying whether

the startup goes public is acquired or receives follow-up �nancing. Columns (1) - (3) include Industry × Deal Year ×

Deal Type FE. Columns (4) - (6) include Industry × Deal Year × Deal Type × Investor FE. Standard errors reported in

parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5)
Breadth Index Breadth Index Breadth Index Breadth Index Breadth Index

Top Degree -0.009 -0.023 -0.053∗∗ -0.037∗ -0.095∗∗∗
(0.020) (0.020) (0.022) (0.023) (0.033)

PhD -0.292∗∗∗ -0.284∗∗∗ -0.233∗∗∗ -0.215∗∗∗ -0.211∗∗∗
(0.045) (0.044) (0.042) (0.050) (0.050)

MBA 0.074∗∗∗ 0.092∗∗∗ 0.090∗∗∗ 0.112∗∗∗ 0.058∗∗
(0.019) (0.019) (0.022) (0.021) (0.030)

Immigrant 0.070∗∗∗ 0.020 0.062∗∗ 0.081∗∗ 0.079∗∗
(0.027) (0.025) (0.032) (0.033) (0.033)

Age -0.003∗∗ -0.003∗∗ 0.000 -0.002∗ -0.002∗
(0.001) (0.001) (0.001) (0.001) (0.001)

Female=1 0.425∗∗∗ 0.431∗∗∗ 0.482∗∗∗ 0.475∗∗∗ 0.477∗∗∗
(0.032) (0.032) (0.036) (0.035) (0.035)

United States=1 -0.083∗∗∗
(0.025)

Computer Science -0.125∗∗∗ -0.135∗∗ -0.139∗∗
(0.047) (0.060) (0.060)

Massachusetts 0.130∗∗∗ 0.132∗∗∗
(0.042) (0.042)

California 0.107∗∗∗ 0.106∗∗∗
(0.025) (0.025)

New York 0.197∗∗∗ 0.199∗∗∗
(0.041) (0.041)

Top Degree × MBA 0.115∗∗∗
(0.043)

Country FE ✓

State FE ✓

Observations 8867.00 8867.00 6949.00 6949.00 6949.00

R2 0.07 0.03 0.08 0.04 0.04

Table 8: Correlates of Human Capital Breadth Index This �gure describes the results of an OLS regression of

Breadth Index on partner level correlates. The dependent variable Breadth Index is a measure of human capital breadth

de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity to a broad human capital partner

prototype and Sn is the lead partner's textual similarity to a narrow human capital partner prototype. Top Degree is an

indicator taking a value of 1 if the partner has obtained any degree from a top institution. PhD is an indicator taking a

value of 1 if the partner has completed a PhD degree. MBA is an indicator taking a value of 1 if the partner has completed

an MBA degree. Age is the Partner's age at entry in the VC industry. Female is an indicator taking a value of 1 if the

partner's gender is female. Immigrant is an indicator taking a value of 1 if the partner has immigrant background.Columns

(1) and (2) use the full sample, while columns (3)-(6) use the US sample. In column (1) I include Country FE. In column

(3) I include US State FE. Heteroscedasticity robust standard errors are in parenthesis. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Novelty (Distance to Closest Firm) Novelty (Distance to Closest Firm) Novelty (Distance to Closest Firm) Novelty (Distance to Closest Firm)

Breadth Index 0.002∗∗∗ 0.002∗∗∗ 0.002∗∗ 0.003∗∗
(0.000) (0.001) (0.001) (0.001)

VC Experience -0.000 0.001 0.001 0.001
(0.000) (0.000) (0.001) (0.001)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓

Observations 42317.00 42317.00 12372.00 12372.00

R2 0.19 0.30 0.19 0.30

Table 9: Association between lead partner's human capital breadth index and startup novelty This table

reports the results of an OLS regression of deal novelty and lead partner's human capital breadth. The dependent variable

Novelty (Distance to Closest Firm) is a deal level measure of novelty de�ned as one minus the maximum of the cosine

similarity of the textual description of the startup �nanced in the deal and all startups receiving venture capital �nancing

within �ve years before the deal in the same deal stage. The main independent variable Breadth Index is a measure of

human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity to a broad human

capital partner prototype and Sn is the lead partner's textual similarity to a narrow human capital partner prototype.

VC experience is a variable de�ned as the logarithm of one plus the number of deals �nanced by the lead partner prior to

current deal. Columns (1) and (2) include Industry × Deal Year × Deal Type FE. Columns (2) and (4) include Industry

× Deal Year × Deal Type × Investor FE. Columns (3) and (4) include additional partner level controls. Standard errors

reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
IPO Exit IPO Exit IPO Exit Failure Failure Failure

Breadth Index -0.060∗∗∗ -0.058∗∗∗ -0.050∗∗∗ 0.035∗∗∗ 0.021∗∗ 0.010
(0.007) (0.008) (0.019) (0.009) (0.009) (0.020)

Novelty (Distance to Closest Firm) 0.933∗∗∗ 0.958∗∗∗ 1.009∗∗∗ 0.221∗∗∗ 0.139∗∗∗ 0.162∗∗
(0.035) (0.037) (0.075) (0.034) (0.036) (0.065)

Breadth Index × Novelty (Distance to Closest Firm) 0.262∗∗∗ 0.244∗∗∗ 0.197∗∗ -0.101∗∗∗ -0.062∗ -0.001
(0.034) (0.035) (0.078) (0.031) (0.032) (0.073)

VC Experience 0.004∗∗∗ 0.002 0.005∗ -0.043∗∗∗ -0.019∗∗∗ -0.023∗∗∗
(0.001) (0.001) (0.003) (0.003) (0.003) (0.006)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓ ✓

Observations 42317.00 42317.00 12372.00 42317.00 42317.00 12372.00

R2 0.21 0.30 0.35 0.20 0.34 0.34

Table 10: Association between the interaction of lead partner's human capital breadth and deal novelty and

startup outcome. This table reports the results of an OLS regression of startup outcome on the interaction between

deal's novelty and lead partner's human capital breadth. The independent variable Novelty (Distance to Closest Firm) is

a deal level measure of novelty de�ned as one minus the maximum of the cosine similarity of the textual description of the

startup �nanced in the deal and all startups receiving venture capital �nancing within �ve years before the deal in the same

deal stage. The independent variable Breadth Index is a measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb

is the lead partner's textual description similarity to a broad human capital partner prototype and Sn is the lead partner's

textual similarity to a narrow human capital partner prototype. Breadth Index × Novelty (Distance to Closest Firm) is

the interaction between the deal's novelty and the lead partner's human capital breadth index. In columns (1)-(3) the

dependent variable IPO Exit is an indicator that equals 1 if the startup goes public. VC Experience is a variable de�ned

as the logarithm of one plus the number of deals �nanced by the lead partner prior to current deal. Columns (1) and (2)

include Industry × Deal Year × Deal Type FE. In columns (1)-(3) the dependent variable IPO Exit is an indicator that

equals 1 if the startup goes public. In columns (4)-(6) the dependent variable Failure is an indicator taking a value 1 if the

startup does not go public is not acquired or does not receive follow - up - �nancing. Columns (1) and (4) include Industry

× Deal Year × Deal Type FE. Columns (2), (3), (5) and (6) include Industry × Deal Year × Deal Type × Investor FE.

Columns (3) and (6) include additional partner level controls. Standard errors reported in parenthesis are clustered at an

Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Partner Leads a Deal Partner Leads a Deal Partner Leads a Deal Partner Leads a Deal

Breadth Index -0.008∗∗ -0.011∗∗∗ -0.014∗ -0.021∗∗∗
(0.004) (0.003) (0.008) (0.008)

Breadth Index × Novelty (Distance to Closest Firm) 0.052∗∗∗ 0.054∗∗∗ 0.061∗∗ 0.077∗∗
(0.014) (0.014) (0.031) (0.031)

Partner Age -0.002∗∗∗ -0.003∗∗∗
(0.000) (0.000)

Female=1 0.010∗ 0.011∗
(0.006) (0.006)

VC Experience 0.058∗∗∗ 0.061∗∗∗
(0.002) (0.002)

Busy Partner -0.016∗∗ -0.018∗∗∗
(0.007) (0.006)

Deal FE ✓ ✓ ✓ ✓

Investor FE ✓ ✓

Observations 207768.00 207768.00 64221.00 64221.00

R2 0.14 0.17 0.27 0.31

Table 11: Association between the interaction of lead partner's human capital breadth and deal novelty

and the likelihood of a partner leading a deal. This table reports the results of a regression of the likelihood of

leading a deal on partner's human capital breadth and the interaction between deal novelty and partner's human capital

breadth. Each observation is a partner-deal-investor. The dependent variable Partner Leads a Deal is an indicator equal

to 1 if a partner leads a deal and 0 otherwise. The independent variable Novelty (Distance to Closest Firm) is a deal level

measure of novelty de�ned as one minus the maximum of the cosine similarity of the textual description of the startup

�nanced in the deal and all startups receiving venture capital �nancing within �ve years before the deal in the same deal

stage. The independent variable Breadth Index is a measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is

the lead partner's textual description similarity to a broad human capital partner prototype and Sn is the lead partner's

textual similarity to a narrow human capital partner prototype. Breadth Index × Novelty (Distance to Closest Firm) is

the interaction between the deal's novelty and the lead partner's human capital breadth index. In columns (3) and (4)

Partner Age is the age of the partner at the time of the deal. Female is an indicator variable equal to 1 if the partner is

female and 0 otherwise. VC Experience is a variable de�ned as the logarithm of one plus the number of deals �nanced by

the lead partner prior to current deal. Busy Partner is an indicator equal to 1 if the partner leads a di�erent deal that is

at the time of the current deal undergoing a public listing (IPO) or acquisition. In columns (1) and (3) we include a Deal

FE, in columns (2) and (3) an Deal FE and an Investor FE. Standard errors reported in parenthesis are clustered at a Deal

level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(IV First stage) (IV �rst stage) (IV) (OLS) (IV) (OLS)
Breadth Index Breadth Index × Novelty (Distance to Closest Firm) IPO Exit IPO Exit Failure Failure

Avg. Available Breadth 0.308∗∗∗ -0.144∗∗∗
(0.053) (0.016)

Avg. Available Breadth × Novelty (Distance to Closest Firm) -0.209 0.857∗∗∗
(0.169) (0.063)

Breadth Index -0.126∗∗∗ -0.054∗∗ 0.003 -0.007
(0.035) (0.022) (0.080) (0.025)

Breadth Index × Novelty (Distance to Closest Firm) 0.556∗∗∗ 0.217∗∗ -0.221 0.087
(0.123) (0.094) (0.151) (0.094)

Novelty (Distance to Closest Firm) 0.913∗∗∗ 0.897∗∗∗ 0.152∗ 0.156∗
(0.083) (0.082) (0.083) (0.081)

Controls FE ✓ ✓ ✓ ✓ ✓ ✓

Investor FE ✓ ✓ ✓ ✓ ✓ ✓

Deal Stage × Industry × Year FE ✓ ✓ ✓ ✓ ✓ ✓

Observations 8324.00 8324.00 8324.00 8324.00 8324.00 8324.00

R2 0.71 0.69 0.09 0.33 -0.01 0.36

F-statistic of Instrument 62.57 62.57

Table 12: E�ect of the interaction of lead partner's human capital breadth and deal novelty on startup

outcomes. This table presents the results of a instrumental variable regression of deal performance on the interaction

between lead partner breadth and deal novelty. Column (1) presents the �rst stage regressions of the �rst instrumented

variable Breadth Index on the two instruments Avg. Available Breadth and Avg. Available Breadth × Novelty, where

Avg. Available Breadth is the average breadth index at a VC �rm level across the �rm's available partners. Column (2)

presents the �rst stage regression of the second instrumented variable Breadth Index × Novelty on the two instruments

Avg. Available Breadth and Avg. Available Breadth × Novelty. Columns (3) and (5) present the IV regression where

the dependent variables are IPO Exit and Failure Respectively. Columns (4) and (6) present the OLS estimates of an

equivalent model.

(1) (2) (3)
Novelty (Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm) Fraction of Top Quartile Novelty Firms

Average Fund Level Breadth Index 0.002∗∗ 0.002∗∗ 0.009∗∗
(0.001) (0.001) (0.004)

Fund Size -0.000∗ -0.000∗ -0.000∗∗∗
(0.000) (0.000) (0.000)

First Fund=1 0.002 0.003∗∗ 0.005
(0.001) (0.001) (0.007)

Industry Controls ✓ ✓ ✓

Stage Controls ✓ ✓ ✓

Vintage Year × Country × FundType FE ✓ ✓ ✓

Observations 7364.00 7364.00 7364.00

R2 0.63 0.68 0.28

Table 13: Fund Level Association Between Average Human Capital Breadth and Average Novelty. This

table present the results of a regression of the average novelty of a �nanced �rm by a fund and the average human breadth

index within a fund partnership. The dependent variable in column (1) is the average of Novelty (Distance to Closest

Firm) for all �nanced �rms by the fund. The dependent variable in column (2) is the average of Novelty (Avg. Distance

to Closest Firm) for all �nanced �rms by the fund. The dependent variable in column (3) is the Fraction of Deals that are

made in a Top Quartile Novelty Firms. The main independent variable Average Fund Level Breadth Index is an average

of the breadth index across all partners that made a deal in the fund. Fund Size is the size of the fund. First Fund is an

indicator taking a value of 1 if the Fund is a First Fund raised by a given VC �rm. In all columns we include Industry

Controls, which are separate controls for the fund's industry composition, Stage Controls which are separate controls for

the fund's stage of investment composition. In all columns we include Vintage Year × Country × Fund Type FE. Standard

errors reported in parenthesis are clustered at an Investor level ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3)
Novelty (Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm) Fraction of Top Quartile Novelty Firms

Average Investor Level Breadth Index 0.001∗∗ 0.002∗∗∗ 0.008∗∗
(0.001) (0.001) (0.003)

VC Experience -0.001∗ -0.001 -0.007∗
(0.001) (0.001) (0.004)

Industry Controls ✓ ✓ ✓

Stage Controls ✓ ✓ ✓

Investor Founding Year × Country FE ✓ ✓ ✓

Observations 2932.00 2932.00 2932.00

R2 0.55 0.60 0.23

Table 14: Investor Level Association Between Average Human Capital Breadth and Average Novelty in the

yearly years of investor's existence This table present the results of a regression of the average novelty of a �nanced

�rm by an investor within the �rst 6 years of the investor's existence and the average human breadth index, averaged

across partners who have made deals in the �rst 6 years of the investor's existence. The dependent variable in column

(1) is the average of Novelty (Distance to Closest Firm) for all �nanced �rms by the fund. The dependent variable in

column (2) is the average of Novelty (Avg. Distance to Closest Firm) for all �nanced �rms by the fund. The dependent

variable in column (3) is the Fraction of Deals that are made in a Top Quartile Novelty Firms. The main independent

variable Average Investor Level Breadth Index is an average of the breadth index across all partners that made a deals in

the investor's �rst six years of existence. VC experience is the average VC experience across partners in the investor. In

all columns we include Industry Controls, which are separate controls for the investor's deal industry composition, Stage

Controls which are separate controls for the investor's stage of investment composition. In all columns we include Investor

Founding Year × Country FE. Standard errors reported in parenthesis are clustered at a country × Founding Year level ∗

p<.10; ∗∗ p<.05; ∗∗∗ p<.01.

(1) (2) (3) (4)
Fraction of IPO Exits Fraction of Failed Exits Fraction of IPO Exits Fraction of Failed Exits

Average Fund Level Breadth Index -0.101∗∗∗ 0.096∗∗∗ -0.011∗∗ 0.016∗∗
(0.023) (0.029) (0.005) (0.007)

Novelty (Distance to Closest Firm) 1.182∗∗∗ 0.099
(0.117) (0.158)

Average Fund Level Breadth Index × Novelty (Distance to Closest Firm) 0.453∗∗∗ -0.386∗∗∗
(0.096) (0.112)

Fraction of Top Quartile Novelty Firms 0.175∗∗∗ 0.030
(0.018) (0.028)

Average Fund Level Breadth Index × Fraction of Top Quartile Novelty Firms 0.115∗∗∗ -0.084∗∗∗
(0.026) (0.028)

Fund Size 0.000∗∗∗ -0.000 0.000∗∗∗ -0.000
(0.000) (0.000) (0.000) (0.000)

First Fund=1 -0.014∗∗∗ 0.008 -0.015∗∗∗ 0.009
(0.004) (0.009) (0.004) (0.008)

Industry Controls ✓ ✓ ✓ ✓

Stage Controls ✓ ✓ ✓ ✓

Vintage Year × Country × FundType FE ✓ ✓ ✓ ✓

Observations 7364.00 7364.00 7364.00 7364.00

R2 0.54 0.61 0.52 0.61

Table 15: Human Capital Breadth, Firm Novelty and Fund Performance This table reports the results of a

regression of fund performance measures on the interaction between the average novelty of a �nanced �rm and the average

human capital breadth in a fund partnership. The dependent variable in columns (1) and (3) Fraction of IPO Exits is the

fraction of IPO exited deals relative to the total number of deals made by the fund. The dependent variable in columns (2)

and (4) Fraction of Failed Exits of deals who have failed (have not received follow up �nancing or have not exited via an

IPO or an Acquisition ) relative to the total number of deals made by the fund. In columns (1) and (2) Novelty (Distance

to Closest) �rm is the average novelty across all deals �nanced by the fund. In columns (3) and (4) Fraction of Top Quartile

Novelty Firms the fraction of deals that are in top quartile of novelty. In columns (1)-(4) Average Fund Level Breadth

Index is the average breadth index, averaged across partners who have made deals in the fund. Fund Size is the size of the

fund. First Fund is an indicator taking a value of 1 if the Fund is a First Fund raised by a given VC �rm. In all columns

we include Industry Controls, which are separate controls for the fund's industry composition, Stage Controls which are

separate controls for the fund's stage of investment composition. In all columns we include Vintage Year × Country ×

Fund Type FE. Standard errors reported in parenthesis are clustered at an Investor level ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Fraction of IPO Exits Fraction of Failed Exits Fraction of IPO Exits Fraction of Failed Exits

Average Fund Level Breadth Index -0.016∗ -0.020 -0.006∗∗∗ -0.002
(0.010) (0.027) (0.002) (0.007)

Novelty (Distance to Closest Firm) 0.664∗∗∗ 0.602∗∗∗
(0.050) (0.143)

Average Fund Level Breadth Index × Novelty (Distance to Closest Firm) 0.072∗ 0.082
(0.037) (0.106)

Fraction of Top Quartile Novelty Firms 0.110∗∗∗ 0.100∗∗∗
(0.009) (0.025)

Average Fund Level Breadth Index × Fraction of Top Quartile Novelty Firms 0.033∗∗∗ 0.010
(0.008) (0.023)

log_exp 0.002 -0.032∗∗∗ 0.002 -0.033∗∗∗

(0.002) (0.004) (0.002) (0.004)

Industry Controls ✓ ✓ ✓ ✓

Stage Controls ✓ ✓ ✓ ✓

Vintage Year × Country × FundType FE ✓ ✓ ✓ ✓

Observations 2932.00 2932.00 2932.00 2932.00

R2 0.34 0.53 0.34 0.53

Table 16: Human Capital Breadth, Firm Novelty and Investor Performance in the yearly years of investor's

existence This table reports the results of a regression of investor performance measures on the interaction between the

average novelty of a �nanced �rm and the average human capital breadth in the �rst six years of investor's existence. The

dependent variable in columns (1) and (3) Fraction of IPO Exits is the fraction of IPO exited deals relative to the total

number of deals made by the investor. The dependent variable in columns (2) and (4) Fraction of Failed Exits of deals

who have failed (have not received follow up �nancing or have not exited via an IPO or an Acquisition ) relative to the

total number of deals made by the investor. In columns (1) and (2) Novelty (Distance to Closest) �rm is the average

novelty across all deals �nanced by the investor in the �rst six years of the investor's existence. In columns (3) and (4)

Fraction of Top Quartile Novelty Firms the fraction of deals that are in top quartile of novelty for deals made in the �rst six

years of investor's existence. In columns (1)-(4) Average Fund Level Breadth Index is the average breadth index, averaged

across partners in the investor who have made deals in the �rst six years of the investor's existence. In all columns we

include Industry Controls, which are separate controls for the investor's deal industry composition, Stage Controls which

are separate controls for the investor's stage of investment composition. In all columns we include Investor Founding Year

× Country FE. Standard errors reported in parenthesis are clustered at a country × Founding Year level ∗ p<.10; ∗∗ p<.05;

∗∗∗ p<.01.
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Figure A1: Distribution of Novelty (Avg. Distance to Closest Firm) and time trend of Novelty (Avg.

Distance to Closest Firm) Left panel: This �gure plots the distribution of the Novelty (Avg. Distance to Closest Firm)

measure. Right Panel: Time trend of the mean of Novelty (Avg. Distance to Closest Firm) measure.

(1) (2) (3) (4) (5) (6)
Failure Major Success IPO Exit Failure Major Success IPO Exit

Novelty (Avg. Distance to Closest Firms) 0.358∗∗∗ 0.753∗∗∗ 0.824∗∗∗ 0.141∗∗∗ 0.794∗∗∗ 0.846∗∗∗
(0.021) (0.026) (0.027) (0.026) (0.040) (0.042)

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

R2 0.18 0.13 0.16 0.53 0.47 0.52

Table A2: Association between startup novelty and likelihood of Failure, Major Success and IPO Exit -

robustness to an alternative novelty measure This table reports the results of a deal - level regression of Failure,

Major Success and IPO Exit on the deal's novelty. The independent variable Novelty (Avg. Distance to Closest Firm) is

a deal level measure of novelty de�ned as one - average of the cosine similarity of the textual description of the startup

�nanced in the deal and top �ve closest startups receiving venture capital �nancing within �ve years before the deal in the

same deal stage. IPO Exit is an indicator variable taking a value of 1 if the �rm exits via an IPO. Major Success is an

indicator variable taking a value of 1 if the �rm exits via an IPO or is acquired at a valuation at least �ve times greater

than the total �nancing received. Failure is an indicator taking a value of 1 if the �rm does not exit via an IPO, is not

Acquired or does not receive any follow-up �nancing. Columns (1) - (3) include Industry × Deal Year × Deal Type FE.

Columns (4) - (6) include Industry × Deal Year × Deal Type × Investor FE. Standard errors reported in parenthesis are

clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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Startup Novelty Measure Closest Startup Novelty Percentile

Tesla 0.522353 Community Energy 99.875748

Facebook 0.507300 Mode Media 99.790265

Square 0.484537 Softgate Systems 99.571380

SpaceX 0.482793 Zero-G 99.529481

Slack 0.476927 Octopz 99.437496

Airbnb 0.454158 Dopplr 99.029344

Skype 0.448180 Arrival Communications 98.861507

SpaceX 0.445580 Blasto�! 98.801790

Dropbox 0.373166 Omnidrive 94.215553

Napster 0.266652 Deezer 64.103052

Revolut 0.195093 Wise (Application) 22.929740

Instagram 0.187039 Pixable 18.819387

Stripe 0.132001 Moip 2.470587

Table A1: Example of novel and non-novel startups and previously VC funded startups closest to their

business model. This table presents the Novelty (Distance to Closest Firm) of well-known startups and the startup with

closest business model them previously �nanced by the VC industry. Column (1) is the name of the startup. Column (2)

is the raw novelty measure. Column (3) is the name of the closest startup and column (4) is a percentile ranking of novelty

constructed using the full sample of �rms.

(1) (2) (3) (4) (5) (6)
Failure Major Success IPO Exit Failure Major Success IPO Exit

Novelty Quartile (Avg. Distance to Closest Firms)=2 0.029∗∗∗ -0.004∗∗∗ -0.000 0.020∗∗∗ -0.002 0.002
(0.003) (0.001) (0.001) (0.004) (0.002) (0.001)

Novelty Quartile (Avg. Distance to Closest Firms)=3 0.052∗∗∗ 0.001 0.007∗∗∗ 0.032∗∗∗ 0.006∗∗∗ 0.009∗∗∗
(0.003) (0.001) (0.001) (0.004) (0.002) (0.001)

Novelty Quartile (Avg. Distance to Closest Firms)=4 0.074∗∗∗ 0.105∗∗∗ 0.116∗∗∗ 0.036∗∗∗ 0.113∗∗∗ 0.121∗∗∗
(0.004) (0.004) (0.004) (0.005) (0.006) (0.007)

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

R2 0.18 0.12 0.15 0.53 0.47 0.51

Table A3: Association between startup novelty quartile and likelihood of Failure, Major Success and IPO

Exit - robustness to an alternative novelty measure This table reports the results of a deal - level regression of

Failure, Major Success and IPO Exit on the deal's novelty quartile. The independent variables are novelty quartile dummies

indicating whether a startup belongs to the i the novelty quartile within a given year and deal stage based on the Novelty

(Avg. Distance to Closest Firm) which is a deal level measure of novelty de�ned as one - average of the cosine similarity of

the textual description of the startup �nanced in the deal and top �ve closest startups receiving venture capital �nancing

within �ve years before the deal in the same deal stage. The omitted category is Novelty Quartile (Distance to Closest

Firm) = 1. IPO Exit is an indicator variable taking a value of 1 if the �rm exits via an IPO. Major Success is an indicator

variable taking a value of 1 if the �rm exits via an IPO or is acquired at a valuation at least �ve times greater than the

total �nancing received. Failure is an indicator taking a value of 1 if the �rm does not exit via an IPO, is not Acquired or

does not receive any follow-up �nancing. Columns (1) - (3) include Industry × Deal Year × Deal Type FE. Columns (4) -

(6) include Industry × Deal Year × Deal Type × Investor FE. Standard errors reported in parenthesis are clustered at an

investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
Number of Patents Number Citations Number of Claims Number of Patents Number Citations Number of Claims

Novelty (Avg. Distance to Closest Firms) 1.667∗∗∗ 2.908∗∗∗ 2.060∗∗∗ 1.398 3.096∗∗∗ 1.664∗
(0.439) (0.506) (0.530) (0.877) (1.081) (0.998)

Exit Type Controls ✓ ✓ ✓ ✓ ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

Table A4: Association between startup novelty and innovation outcomes - Poisson count model - robustness

to an alternative novelty measure This table reports the results of a deal - level regression of innovation outcomes

on the deal's novelty. The independent variable Novelty (Avg. Distance to Closest Firm) is a deal level measure of novelty

de�ned as one - average of the cosine similarity of the textual description of the startup �nanced in the deal and top �ve

closest startups receiving venture capital �nancing within �ve years before the deal in the same deal stage. Number of

Patents is the total number of patents granted to the �rm after the deal date. Number Citations is the total number of

adjusted citations (by grant year and NBER subcategory) that patents of the �nanced �rm have received after the deal

date. Number of Claims is total claims in all granted patents after the deal date of the �nanced �rm. All columns include

Exit Type controls which are separate controls specifying whether the startup goes public is acquired or receives follow-up

�nancing. Columns (1) - (3) include Industry × Deal Year × Deal Type FE. Columns (4) - (6) include Industry × Deal

Year × Deal Type × Investor FE. Standard errors reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗

p<.05; ∗∗∗ p<.01.

(1) (2) (3) (4) (5) (6)
Log(1+Number of Patents) Log(1+Number of Citations) Log(1+ Number of Claims) Log(1+Number of Patents) Log(1+Number of Citations) Log(1+ Number of Claims)

Novelty (Distance to Closest Firm) 0.052∗∗∗ 0.098∗∗∗ 0.198∗∗∗ 0.072∗∗∗ 0.145∗∗∗ 0.262∗∗∗
(0.013) (0.024) (0.039) (0.023) (0.042) (0.065)

Exit Type Controls ✓ ✓ ✓ ✓ ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

R2 0.17 0.17 0.20 0.47 0.47 0.49

Table A5: Association between startup novelty and innovation outcomes - Logarithmic model This table

reports the results of a deal - level regression of innovation outcomes on the deal's novelty. The independent variable

Novelty (Distance to Closest Firm) is a deal level measure of novelty de�ned as one - maximum of the cosine similarity

of the textual description of the startup �nanced in the deal and all startups receiving venture capital �nancing within

�ve years before the deal in the same deal stage. log(1+Number of Patents) is logarithm of one plus the total number of

patents granted to the �rm after the deal date. log(1+Number of Citations) is the logarithm of one plus the total number

of adjusted citations (by grant year and NBER subcategory) that patents of the �nanced �rm have received after the deal

date. log(1+Number of Claims) is the logarithm of one plus the total claims in all granted patents after the deal date

of the �nanced �rm. All columns include Exit Type controls which are separate controls specifying whether the startup

goes public is acquired or receives follow-up �nancing. Columns (1) - (3) include Industry × Deal Year × Deal Type FE.

Columns (4) - (6) include Industry × Deal Year × Deal Type × Investor FE. Standard errors reported in parenthesis are

clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
Log(1+Number of Patents) Log(1+Number of Citations) Log(1+ Number of Claims) Log(1+Number of Patents) Log(1+Number of Citations) Log(1+ Number of Claims)

Novelty (Avg. Distance to Closest Firms) 0.064∗∗∗ 0.121∗∗∗ 0.220∗∗∗ 0.078∗∗∗ 0.156∗∗∗ 0.269∗∗∗
(0.014) (0.026) (0.041) (0.024) (0.044) (0.069)

Exit Type Controls ✓ ✓ ✓ ✓ ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓

Observations 241916.00 241916.00 241916.00 241916.00 241916.00 241916.00

R2 0.17 0.17 0.20 0.47 0.47 0.49

Table A6: Association between startup novelty and innovation outcomes - Logarithmic model - robustness

to an alternative novelty measure This table reports the results of a deal - level regression of innovation outcomes

on the deal's novelty. The independent variable Novelty (Avg. Distance to Closest Firm) is a deal level measure of novelty

de�ned as one - average of the cosine similarity of the textual description of the startup �nanced in the deal and top �ve

closest startups receiving venture capital �nancing within �ve years before the deal in the same deal stage. log(1+Number

of Patents) is logarithm of one plus the total number of patents granted to the �rm after the deal date. log(1+Number of

Citations) is the logarithm of one plus the total number of adjusted citations (by grant year and NBER subcategory) that

patents of the �nanced �rm have received after the deal date. log(1+Number of Claims) is the logarithm of one plus the

total claims in all granted patents after the deal date of the �nanced �rm. All columns include Exit Type controls which

are separate controls specifying whether the startup goes public is acquired or receives follow-up �nancing. Columns (1)

- (3) include Industry × Deal Year × Deal Type FE. Columns (4) - (6) include Industry × Deal Year × Deal Type ×

Investor FE. Standard errors reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.

(1) (2) (3) (4)
Novelty (Avg. Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm)

Breadth Index 0.002∗∗∗ 0.002∗∗∗ 0.002∗∗ 0.003∗∗
(0.000) (0.001) (0.001) (0.001)

VC Experience -0.001∗ 0.000 0.000 0.000
(0.000) (0.000) (0.001) (0.001)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓

Observations 42317.00 42317.00 12372.00 12372.00

R2 0.24 0.35 0.24 0.34

Table A7: Association between lead partner's human capital breadth index and startup novelty - robustness

to an alternative novelty measure This table reports the results of an OLS regression of deal novelty and lead partner's

human capital breadth. The dependent variable Novelty (Avg. Distance to Closest Firm) is a deal level measure of novelty

de�ned as one - average of the cosine similarity of the textual description of the startup �nanced in the deal and top �ve

closest startups receiving venture capital �nancing within �ve years before the deal in the same deal stage. The main

independent variable Breadth Index is a measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead

partner's textual description similarity to a broad human capital partner prototype and Sn is the lead partner's textual

similarity to a narrow human capital partner prototype. VC experience is a variable de�ned as the logarithm of one plus

the number of deals �nanced by the lead partner prior to current deal. Columns (1) and (2) include Industry × Deal

Year × Deal Type FE. Columns (2) and (4) include Industry × Deal Year × Deal Type × Investor FE. Columns (3) and

(4) include additional partner level controls. Standard errors reported in parenthesis are clustered at an Investor level. ∗

p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Novelty (Avg. Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm) Novelty (Avg. Distance to Closest Firm)

Breadth Index 0.002∗∗∗ 0.002∗∗∗ 0.002∗ 0.003∗∗
(0.000) (0.001) (0.001) (0.002)

VC Experience -0.001 0.000 0.000 0.001
(0.000) (0.000) (0.001) (0.001)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓

Observations 37896.00 37896.00 11270.00 11270.00

R2 0.25 0.35 0.24 0.35

Table A8: Association between lead partner's human capital breadth index and startup novelty - robustness

to an alternative novelty measure & robustness to removing bottom decile of textual description lengths

This table reports the results of an OLS regression of deal novelty and lead partner's human capital breadth in the

estimation we drop the bottom decile of length partner's background textual descriptions. The dependent variable Novelty

(Avg. Distance to Closest Firm) is a deal level measure of novelty de�ned as one - average of the cosine similarity of

the textual description of the startup �nanced in the deal and top �ve closest startups receiving venture capital �nancing

within �ve years before the deal in the same deal stage. The main independent variable Breadth Index is a measure of

human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity to a broad human

capital partner prototype and Sn is the lead partner's textual similarity to a narrow human capital partner prototype.

VC experience is a variable de�ned as the logarithm of one plus the number of deals �nanced by the lead partner prior to

current deal. Columns (1) and (2) include Industry × Deal Year × Deal Type FE. Columns (2) and (4) include Industry

× Deal Year × Deal Type × Investor FE. Columns (3) and (4) include additional partner level controls. Standard errors

reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
IPO Exit IPO Exit IPO Exit Failure Failure Failure

Breadth Index -0.067∗∗∗ -0.066∗∗∗ -0.054∗∗ 0.043∗∗∗ 0.026∗∗ 0.016
(0.009) (0.009) (0.021) (0.010) (0.010) (0.022)

Novelty (Avg. Distance to Closest Firm) 0.973∗∗∗ 1.013∗∗∗ 1.072∗∗∗ 0.260∗∗∗ 0.168∗∗∗ 0.194∗∗∗
(0.037) (0.039) (0.080) (0.037) (0.038) (0.070)

Breadth Index × Novelty (Avg. Distance to Closest Firm) 0.262∗∗∗ 0.247∗∗∗ 0.193∗∗ -0.118∗∗∗ -0.072∗∗ -0.026
(0.034) (0.036) (0.080) (0.033) (0.033) (0.075)

VC Experience 0.005∗∗∗ 0.002 0.005∗ -0.043∗∗∗ -0.019∗∗∗ -0.023∗∗∗
(0.001) (0.001) (0.003) (0.003) (0.003) (0.006)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓ ✓

Observations 42317.00 42317.00 12372.00 42317.00 42317.00 12372.00

R2 0.20 0.30 0.35 0.21 0.34 0.34

Table A9: Association between the interaction of lead partner's human capital breadth and deal novelty

and startup outcome - robustness to an alternative novelty measure. This table reports the results of an OLS

regression of startup outcome on the interaction between deal's novelty and lead partner's human capital breadth. The

independent variable Avg. Novelty (Distance to Closest Firm) is a deal level measure of novelty de�ned as one minus

the average of the cosine similarity of the textual description of the startup �nanced in the deal and top �ve closest

startups receiving venture capital �nancing within �ve years before the deal in the same deal stage. The independent

variable Breadth Index is a measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual

description similarity to a broad human capital partner prototype and Sn is the lead partner's textual similarity to a

narrow human capital partner prototype. Breadth Index × Novelty (Distance to Closest Firm) is the interaction between

the deal's novelty and the lead partner's human capital breadth index. In columns (1)-(3) the dependent variable IPO

Exit is an indicator that equals 1 if the startup goes public. VC Experience is a variable de�ned as the logarithm of one

plus the number of deals �nanced by the lead partner prior to current deal. Columns (1) and (2) include Industry × Deal

Year × Deal Type FE. In columns (1)-(3) the dependent variable IPO Exit is an indicator that equals 1 if the startup goes

public. In columns (4)-(6) the dependent variable Failure is an indicator taking a value 1 if the startup does not go public

is not acquired or does not receive follow - up - �nancing. Columns (1) and (4) include Industry × Deal Year × Deal Type

FE. Columns (2), (3), (5) and (6) include Industry × Deal Year × Deal Type × Investor FE. Columns (3) and (6) include

additional partner level controls. Standard errors reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗

p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
IPO Exit IPO Exit IPO Exit Failure Failure Failure

Breadth Index -0.067∗∗∗ -0.065∗∗∗ -0.064∗∗∗ 0.038∗∗∗ 0.028∗∗∗ 0.014
(0.008) (0.009) (0.021) (0.009) (0.010) (0.022)

Novelty (Distance to Closest Firm) 0.956∗∗∗ 0.980∗∗∗ 1.029∗∗∗ 0.207∗∗∗ 0.131∗∗∗ 0.137∗
(0.038) (0.040) (0.081) (0.036) (0.038) (0.071)

Breadth Index × Novelty (Distance to Closest Firm) 0.293∗∗∗ 0.275∗∗∗ 0.283∗∗∗ -0.114∗∗∗ -0.076∗∗ -0.024
(0.037) (0.038) (0.087) (0.033) (0.034) (0.081)

VC Experience 0.004∗∗∗ 0.002 0.005∗ -0.040∗∗∗ -0.017∗∗∗ -0.024∗∗∗
(0.001) (0.001) (0.003) (0.003) (0.003) (0.007)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓ ✓

Observations 37896.00 37896.00 11270.00 37896.00 37896.00 11270.00

R2 0.21 0.31 0.36 0.20 0.33 0.35

Table A10: Association between the interaction of lead partner's human capital breadth and deal novelty

and startup outcome - split by novelty quartile. This table reports the results of an OLS regression of startup

outcome on the interaction between deal's novelty and lead partner's human capital breadth. The independent variables

are novelty quartile dummies indicating whether a startup belongs to the i the novelty quartile within a given year and

deal stage based on the Novelty (Distance to Closest Firm) measure which is a deal level measure of novelty de�ned as one

- maximum of the cosine similarity of the textual description of the startup �nanced in the deal and all startups receiving

venture capital �nancing within �ve years before the deal in the same deal stage. The independent variable Breadth Index

is a measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity

to a broad human capital partner prototype and Sn is the lead partner's textual similarity to a narrow human capital

partner prototype. Breadth Index × Novelty Quartile (Distance to Closest Firm) is the interaction between the deal's

novelty quartile and the lead partner's human capital breadth index. In columns (1)-(3) the dependent variable IPO Exit

is an indicator that equals 1 if the startup goes public. VC Experience is a variable de�ned as the logarithm of one plus

the number of deals �nanced by the lead partner prior to current deal. Columns (1) and (2) include Industry × Deal Year

× Deal Type FE. In columns (1)-(3) the dependent variable IPO Exit is an indicator that equals 1 if the startup goes

public. In columns (4)-(6) the dependent variable Failure is an indicator taking a value 1 if the startup does not go public

is not acquired or does not receive follow - up - �nancing. Columns (1) and (4) include Industry × Deal Year × Deal Type

FE. Columns (2), (3), (5) and (6) include Industry × Deal Year × Deal Type × Investor FE. Columns (3) and (6) include

additional partner level controls. Standard errors reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗

p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
IPO Exit IPO Exit IPO Exit Failure Failure Failure

Breadth Index -0.005∗∗∗ -0.008∗∗∗ -0.009 0.012∗∗ 0.005 0.005
(0.002) (0.002) (0.006) (0.005) (0.005) (0.010)

Novelty Quartile (Distance to Closest Firm)=2 -0.000 0.001 -0.005 0.027∗∗∗ 0.021∗∗∗ 0.004
(0.001) (0.002) (0.004) (0.006) (0.006) (0.010)

Novelty Quartile (Distance to Closest Firm)=3 0.006∗∗∗ 0.010∗∗∗ 0.007 0.037∗∗∗ 0.029∗∗∗ 0.029∗∗∗
(0.002) (0.002) (0.004) (0.006) (0.006) (0.011)

Novelty Quartile (Distance to Closest Firm)=4 0.136∗∗∗ 0.140∗∗∗ 0.151∗∗∗ 0.047∗∗∗ 0.031∗∗∗ 0.026∗∗
(0.006) (0.006) (0.013) (0.007) (0.007) (0.013)

Novelty Quartile (Distance to Closest Firm)=2 × Breadth Index 0.001 0.003 0.004 0.003 0.003 -0.001
(0.002) (0.002) (0.005) (0.006) (0.006) (0.011)

Novelty Quartile (Distance to Closest Firm)=3 × Breadth Index 0.006∗∗∗ 0.007∗∗∗ 0.004 0.001 0.006 0.018
(0.002) (0.003) (0.005) (0.006) (0.006) (0.013)

Novelty Quartile (Distance to Closest Firm)=4 × Breadth Index 0.044∗∗∗ 0.042∗∗∗ 0.036∗∗∗ -0.012∗ -0.006 -0.002
(0.006) (0.006) (0.014) (0.006) (0.007) (0.014)

VC Experience 0.005∗∗∗ 0.002∗ 0.006∗∗ -0.043∗∗∗ -0.019∗∗∗ -0.023∗∗∗
(0.001) (0.001) (0.003) (0.003) (0.003) (0.006)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓ ✓

Observations 42317.00 42317.00 12372.00 42317.00 42317.00 12372.00

R2 0.18 0.28 0.33 0.21 0.34 0.35

Table A11: Association between the interaction of lead partner's human capital breadth and deal novelty

and startup outcome - split by novelty quartile. This table reports the results of an OLS regression of deal novelty

and lead partner's human capital breadth. The dependent variable Novelty (Distance to Closest Firm) is a deal level

measure of novelty de�ned as one minus the maximum of the cosine similarity of the textual description of the startup

�nanced in the deal and all startups receiving venture capital �nancing within �ve years before the deal in the same deal

stage. The main independent variable Breadth Index is a measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb

is the lead partner's textual description similarity to a broad human capital partner prototype and Sn is the lead partner's

textual similarity to a narrow human capital partner prototype. VC experience is a variable de�ned as the logarithm of

one plus the number of deals �nanced by the lead partner prior to current deal. Columns (1) and (2) include Industry ×

Deal Year × Deal Type FE. Columns (2) and (4) include Industry × Deal Year × Deal Type × Investor FE. Columns (3)

and (4) include additional partner level controls. Standard errors reported in parenthesis are clustered at an Investor level.

∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
IPO Exit IPO Exit IPO Exit Failure Failure Failure

Breadth Index -0.005∗∗∗ -0.008∗∗∗ -0.009 0.012∗∗ 0.005 0.005
(0.002) (0.002) (0.006) (0.005) (0.005) (0.010)

Novelty Quartile (Distance to Closest Firm)=2 -0.000 0.001 -0.005 0.027∗∗∗ 0.021∗∗∗ 0.004
(0.001) (0.002) (0.004) (0.006) (0.006) (0.010)

Novelty Quartile (Distance to Closest Firm)=3 0.006∗∗∗ 0.010∗∗∗ 0.007 0.037∗∗∗ 0.029∗∗∗ 0.029∗∗∗
(0.002) (0.002) (0.004) (0.006) (0.006) (0.011)

Novelty Quartile (Distance to Closest Firm)=4 0.136∗∗∗ 0.140∗∗∗ 0.151∗∗∗ 0.047∗∗∗ 0.031∗∗∗ 0.026∗∗
(0.006) (0.006) (0.013) (0.007) (0.007) (0.013)

Novelty Quartile (Distance to Closest Firm)=2 × Breadth Index 0.001 0.003 0.004 0.003 0.003 -0.001
(0.002) (0.002) (0.005) (0.006) (0.006) (0.011)

Novelty Quartile (Distance to Closest Firm)=3 × Breadth Index 0.006∗∗∗ 0.007∗∗∗ 0.004 0.001 0.006 0.018
(0.002) (0.003) (0.005) (0.006) (0.006) (0.013)

Novelty Quartile (Distance to Closest Firm)=4 × Breadth Index 0.044∗∗∗ 0.042∗∗∗ 0.036∗∗∗ -0.012∗ -0.006 -0.002
(0.006) (0.006) (0.014) (0.006) (0.007) (0.014)

VC Experience 0.005∗∗∗ 0.002∗ 0.006∗∗ -0.043∗∗∗ -0.019∗∗∗ -0.023∗∗∗
(0.001) (0.001) (0.003) (0.003) (0.003) (0.006)

Controls ✓ ✓

Industry × Deal Year × Deal Type FE ✓ ✓

Industry × Deal Year × Deal Type × Investor FE ✓ ✓ ✓ ✓

Observations 42317.00 42317.00 12372.00 42317.00 42317.00 12372.00

R2 0.18 0.28 0.33 0.21 0.34 0.35

Table A12: Association between lead partner's human capital breadth index and startup novelty This table

reports the results of an OLS regression of deal novelty and lead partner's human capital breadth. The dependent variable

Novelty (Distance to Closest Firm) is a deal level measure of novelty de�ned as one minus the maximum of the cosine

similarity of the textual description of the startup �nanced in the deal and all startups receiving venture capital �nancing

within �ve years before the deal in the same deal stage. The main independent variable Breadth Index is a measure of

human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity to a broad human

capital partner prototype and Sn is the lead partner's textual similarity to a narrow human capital partner prototype.

VC experience is a variable de�ned as the logarithm of one plus the number of deals �nanced by the lead partner prior to

current deal. Columns (1) and (2) include Industry × Deal Year × Deal Type FE. Columns (2) and (4) include Industry

× Deal Year × Deal Type × Investor FE. Columns (3) and (4) include additional partner level controls. Standard errors

reported in parenthesis are clustered at an Investor level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Partner Leads a Deal Partner Leads a Deal Partner Leads a Deal Partner Leads a Deal

Breadth Index -0.010∗∗ -0.012∗∗∗ -0.019∗∗ -0.025∗∗∗
(0.004) (0.004) (0.009) (0.009)

Breadth Index × Novelty (Avg. Distance to Closest Firm) 0.053∗∗∗ 0.055∗∗∗ 0.073∗∗ 0.084∗∗∗
(0.014) (0.014) (0.032) (0.031)

Partner Age -0.002∗∗∗ -0.003∗∗∗
(0.000) (0.000)

Female=1 0.010 0.011∗
(0.006) (0.006)

VC Experience 0.058∗∗∗ 0.061∗∗∗
(0.002) (0.002)

Busy Partner -0.016∗∗ -0.018∗∗∗
(0.007) (0.006)

Deal FE ✓ ✓ ✓ ✓

Investor FE ✓ ✓

Observations 207768.00 207768.00 64221.00 64221.00

R2 0.14 0.17 0.27 0.31

Table A13: Association between the interaction of lead partner's human capital breadth and deal novelty

and the likelihood of a partner leading a deal - robustness to alternative novelty measure. This table reports

the results of a regression of the likelihood of leading a deal on partner's human capital breadth and the interaction between

deal novelty and partner's human capital breadth. Each observation is a partner-deal-investor. The dependent variable

Partner Leads a Deal is an indicator equal to 1 if a partner leads a deal and 0 otherwise. The independent variable Novelty

(Avg. Distance to Closest Firm) is a deal level measure of novelty de�ned as one minus the average of the cosine similarity

of the textual description of the startup �nanced in the deal and top �ve closest startups receiving venture capital �nancing

within �ve years before the deal in the same deal stage. The independent variable Breadth Index is a measure of human

capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity to a broad human capital

partner prototype and Sn is the lead partner's textual similarity to a narrow human capital partner prototype. Breadth

Index × Novelty (Avg. Distance to Closest Firm) is the interaction between the deal's novelty and the lead partner's human

capital breadth index. In columns (3) and (4) Partner Age is the age of the partner at the time of the deal. Female is an

indicator variable equal to 1 if the partner is female and 0 otherwise. VC Experience is a variable de�ned as the logarithm

of one plus the number of deals �nanced by the lead partner prior to current deal. Busy Partner is an indicator equal to 1

if the partner leads a di�erent deal that is at the time of the current deal undergoing a public listing (IPO) or acquisition.

In columns (1) and (3) we include a Deal FE, in columns (2) and (3) an Deal FE and an Investor FE. Standard errors

reported in parenthesis are clustered at a Deal level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Partner Leads a Deal Partner Leads a Deal Partner Leads a Deal Partner Leads a Deal

Breadth Index -0.009∗∗ -0.012∗∗∗ -0.011 -0.020∗∗
(0.004) (0.004) (0.009) (0.009)

Breadth Index × Novelty (Distance to Closest Firm) 0.050∗∗∗ 0.054∗∗∗ 0.054 0.077∗∗
(0.017) (0.016) (0.036) (0.036)

Partner Age -0.003∗∗∗ -0.003∗∗∗
(0.000) (0.000)

Female=1 0.004 0.003
(0.008) (0.008)

VC Experience 0.047∗∗∗ 0.052∗∗∗
(0.002) (0.002)

Busy Partner -0.012∗ -0.015∗∗
(0.007) (0.007)

Deal FE ✓ ✓ ✓ ✓

Investor FE ✓ ✓

Observations 179910.00 179910.00 56924.00 56924.00

R2 0.15 0.18 0.27 0.32

Table A14: Association between the interaction of lead partner's human capital breadth and deal novelty

and the likelihood of a partner leading a deal - robustness to alternative horizon around a deal (-3, 1) This

table reports the results of a regression of the likelihood of leading a deal on partner's human capital breadth and the

interaction between deal novelty and partner's human capital breadth. Each observation is a partner-deal-investor. The

dependent variable Partner Leads a Deal is an indicator equal to 1 if a partner leads a deal and 0 otherwise. The independent

variable Novelty (Avg. Distance to Closest Firm) is a deal level measure of novelty de�ned as one minus the average of the

cosine similarity of the textual description of the startup �nanced in the deal and top �ve closest startups receiving venture

capital �nancing within �ve years before the deal in the same deal stage. The independent variable Breadth Index is a

measure of human capital breadth de�ned as the Sb−Sn
Sb+Sn

where Sb is the lead partner's textual description similarity to a

broad human capital partner prototype and Sn is the lead partner's textual similarity to a narrow human capital partner

prototype. Breadth Index × Novelty (Avg. Distance to Closest Firm) is the interaction between the deal's novelty and the

lead partner's human capital breadth index. In columns (3) and (4) Partner Age is the age of the partner at the time of

the deal. Female is an indicator variable equal to 1 if the partner is female and 0 otherwise. VC Experience is a variable

de�ned as the logarithm of one plus the number of deals �nanced by the lead partner prior to current deal. Busy Partner

is an indicator equal to 1 if the partner leads a di�erent deal that is at the time of the current deal undergoing a public

listing (IPO) or acquisition. In columns (1) and (3) we include a Deal FE, in columns (2) and (3) an Deal FE and an

Investor FE. Standard errors reported in parenthesis are clustered at a Deal level. ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4) (5) (6)
Breadth Index Breadth Index × Novelty (Avg. Distance to Closest Firm) IPO Exit IPO Exit Failure Failure

Avg. Available Breadth 0.313∗∗∗ -0.157∗∗∗
(0.061) (0.020)

Avg. Available Breadth × Novelty (Avg. Distance to Closest Firm) -0.216 0.836∗∗∗
(0.185) (0.069)

Breadth Index -0.196∗∗∗ -0.068∗∗∗ 0.090 -0.006
(0.039) (0.024) (0.083) (0.028)

Breadth Index × Novelty (Avg. Distance to Closest Firm) 0.582∗∗∗ 0.248∗∗∗ -0.253 0.074
(0.124) (0.092) (0.159) (0.094)

Novelty (Avg. Distance to Closest Firm) 0.978∗∗∗ 0.951∗∗∗ 0.202∗∗ 0.220∗∗
(0.088) (0.086) (0.092) (0.087)

Controls FE ✓ ✓ ✓ ✓ ✓ ✓

Investor FE ✓ ✓ ✓ ✓ ✓ ✓

Deal Stage × Industry × Year FE ✓ ✓ ✓ ✓ ✓ ✓

Observations 8371.00 8371.00 8371.00 8371.00 8371.00 8371.00

R2 0.71 0.70 0.09 0.33 0.00 0.37

F-statistic of Instrument 61.32 61.32

Table A15: E�ect of the interaction of lead partner's human capital breadth and deal novelty on startup

outcomes. - Robustness to an Alternative Novelty Measure This table presents the results of a instrumental

variable regression of deal performance on the interaction between lead partner breadth and deal novelty. Column (1)

presents the �rst stage regressions of the �rst instrumented variable Breadth Index on the two instruments Avg. Available

Breadth and Avg. Available Breadth × Novelty, where Avg. Available Breadth is the average breadth index at a VC �rm

level across the �rm's available partners. Column (2) presents the �rst stage regression of the second instrumented variable

Breadth Index × Novelty on the two instruments Avg. Available Breadth and Avg. Available Breadth × Novelty. Columns

(3) and (5) present the IV regression where the dependent variables are IPO Exit and Failure Respectively. Columns (4)

and (6) present the OLS estimates of an equivalent model.
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(1) (2) (3) (4) (5) (6)
Net Multiple Net Multiple Net Multiple Net Multiple Net Multiple Net Multiple

Fraction of IPO Exits 3.404∗ 4.468∗∗
(1.907) (2.129)

Fraction of Failed Exits -0.818∗∗ -0.776
(0.367) (0.491)

Fraction of Acquisition Exits -0.481 -1.193
(1.036) (1.448)

Fund Size -0.001 -0.001 -0.001 -0.001 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

First Fund=1 0.302 0.228 0.246 -0.273 -0.313 -0.415
(0.246) (0.244) (0.243) (0.427) (0.426) (0.475)

Industry Controls ✓ ✓ ✓ ✓ ✓ ✓

Stage Controls ✓ ✓ ✓ ✓ ✓ ✓

Vintage Year FE ✓ ✓ ✓

Country FE ✓ ✓ ✓

Fund Type FE ✓ ✓ ✓

Vintage Year × Country × FundType FE ✓ ✓ ✓

Observations 690.00 690.00 690.00 690.00 690.00 690.00

R2 0.26 0.24 0.24 0.48 0.46 0.46

Table A16: Validation of Exit Measure Used: Pitchbook VC Funds with Performance Measure in Preqin

This table reports the results of a regression of realized fund performance on the Fraction of IPO, Failed and Acquisition

Exits. The dependent variable in columns (1)-(6) is the Net Multiple of a fund de�ned as the total value of distributions

and unrealized gains to investors relative to the total value invested. In columns (1) and (4) Fraction of IPO Exits is the

fraction of IPO exited deals relative to the total number of deals made by the fund. In columns (2) and (5) Fraction of

Failed Exits of deals who have failed (have not received follow up �nancing or have not exited via an IPO or an Acquisition

) relative to the total number of deals made by the fund. In columns (3) and (6) Fraction of Acquisition Exits is the

fraction of Acquisition exited deals relative to the total number of deals made by the fund. Fund Size is the size of the

fund. First Fund is an indicator taking a value of 1 if the Fund is a First Fund raised by a given VC �rm. In all columns

we include Industry Controls, which are separate controls for the fund's industry composition, Stage Controls which are

separate controls for the fund's stage of investment composition. In columns (1) - (3) we include Vintage Year FE, Country

FE and Fund Type FE. In columns (4)-(6) we include Vintage Year × Country × Fund Type FE. Standard errors reported

in parenthesis are clustered at an Investor level ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Fraction of IPO Exits Fraction of Failed Exits Fraction of IPO Exits Fraction of Failed Exits

Average Fund Level Breadth Index -0.100∗∗∗ 0.101∗∗∗ -0.010∗∗ 0.015∗∗
(0.023) (0.031) (0.005) (0.007)

Novelty (Avg. Distance to Closest Firm) 1.175∗∗∗ 0.044
(0.123) (0.162)

Average Fund Level Breadth Index × Novelty (Avg. Distance to Closest Firm) 0.402∗∗∗ -0.366∗∗∗
(0.088) (0.104)

Novelty3_emb1_Quartile_Q4_Fraction 0.174∗∗∗ 0.047∗

(0.018) (0.027)

Average Fund Level Breadth Index × Novelty3_emb1_Quartile_Q4_Fraction 0.111∗∗∗ -0.083∗∗∗

(0.025) (0.027)

Fund Size 0.000∗∗∗ -0.000 0.000∗∗∗ -0.000
(0.000) (0.000) (0.000) (0.000)

First Fund=1 -0.015∗∗∗ 0.008 -0.015∗∗∗ 0.009
(0.004) (0.009) (0.004) (0.009)

Industry Controls ✓ ✓ ✓ ✓

Stage Controls ✓ ✓ ✓ ✓

Vintage Year × Country × FundType FE ✓ ✓ ✓ ✓

Observations 7364.00 7364.00 7364.00 7364.00

R2 0.53 0.61 0.52 0.61

Table A17: Human Capital Breadth, Firm Novelty and Fund Performance - Robustness to Alternative

Novelty MeasureThis table reports the results of a regression of fund performance measures on the interaction between

the average novelty of a �nanced �rm and the average human capital breadth in a fund partnership. The dependent variable

in columns (1) and (3) Fraction of IPO Exits is the fraction of IPO exited deals relative to the total number of deals made

by the fund. The dependent variable in columns (2) and (4) Fraction of Failed Exits of deals who have failed (have not

received follow up �nancing or have not exited via an IPO or an Acquisition ) relative to the total number of deals made

by the fund. In columns (1) and (2) Novelty (Distance to Closest) �rm is the average novelty across all deals �nanced by

the fund. In columns (3) and (4) Fraction of Top Quartile Novelty Firms the fraction of deals that are in top quartile of

novelty. In columns (1)-(4) Average Fund Level Breadth Index is the average breadth index, averaged across partners who

have made deals in the fund. Fund Size is the size of the fund. First Fund is an indicator taking a value of 1 if the Fund is

a First Fund raised by a given VC �rm. In all columns we include Industry Controls, which are separate controls for the

fund's industry composition, Stage Controls which are separate controls for the fund's stage of investment composition. In

all columns we include Vintage Year × Country × Fund Type FE. Standard errors reported in parenthesis are clustered

at an Investor level ∗ p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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(1) (2) (3) (4)
Fraction of IPO Exits Fraction of Failed Exits Fraction of IPO Exits Fraction of Failed Exits

Average Fund Level Breadth Index -0.017∗ -0.019 -0.005∗∗ -0.004
(0.010) (0.028) (0.002) (0.007)

Novelty (Avg. Distance to Closest Firm) 0.636∗∗∗ 0.569∗∗∗
(0.050) (0.142)

Average Fund Level Breadth Index × Novelty (Avg. Distance to Closest Firm) 0.065∗ 0.068
(0.035) (0.099)

Fraction of Top Quartile Novelty Firms 0.100∗∗∗ 0.092∗∗∗
(0.009) (0.024)

Average Fund Level Breadth Index × Fraction of Top Quartile Novelty Firms 0.028∗∗∗ 0.019
(0.008) (0.022)

log_exp 0.002 -0.033∗∗∗ 0.002 -0.033∗∗∗

(0.002) (0.004) (0.002) (0.004)

Industry Controls ✓ ✓ ✓ ✓

Stage Controls ✓ ✓ ✓ ✓

Vintage Year × Country × FundType FE ✓ ✓ ✓ ✓

Observations 2932.00 2932.00 2932.00 2932.00

R2 0.33 0.53 0.33 0.53

Table A18: Human Capital Breadth, Firm Novelty and Investor Performance - Robustness to Alternative

Novelty Measure This table reports the results of a regression of investor performance measures on the interaction

between the average novelty of a �nanced �rm and the average human capital breadth in the �rst six years of investor's

existence. The dependent variable in columns (1) and (3) Fraction of IPO Exits is the fraction of IPO exited deals relative

to the total number of deals made by the investor. The dependent variable in columns (2) and (4) Fraction of Failed

Exits of deals who have failed (have not received follow up �nancing or have not exited via an IPO or an Acquisition )

relative to the total number of deals made by the investor. In columns (1) and (2) Novelty (Distance to Closest) �rm is

the average novelty across all deals �nanced by the investor in the �rst six years of the investor's existence. In columns

(3) and (4) Fraction of Top Quartile Novelty Firms the fraction of deals that are in top quartile of novelty for deals made

in the �rst six years of investor's existence. In columns (1)-(4) Average Fund Level Breadth Index is the average breadth

index, averaged across partners in the investor who have made deals in the �rst six years of the investor's existence. In

all columns we include Industry Controls, which are separate controls for the investor's deal industry composition, Stage

Controls which are separate controls for the investor's stage of investment composition. In all columns we include Investor

Founding Year × Country FE. Standard errors reported in parenthesis are clustered at a country × Founding Year level ∗

p<.10; ∗∗ p<.05; ∗∗∗ p<.01.
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A Optimal Strategy Benchmark Case Example

We study a two-sector decision model where an agent aims to maximize the probability of

reaching a threshold T over d draws (steps). At each step, the agent can choose between:

� Sector 1 (Safe): Provides a higher probability of moderate payo�s (xint), but a lower

probability of large payo�s (xgood).

� Sector 2 (Risky): Provides a higher probability of failure (xfail), but a higher probability

of large payo�s (xgood).

The agent's decision at each step depends on the accumulated reward R and the number of steps

left d. The goal is to maximize the probability of reaching or exceeding the threshold T .

We assume the following payo�s:

� Failure payo�: xfail = 0.

� Intermediate payo�: xint, where xint > 0.

� Good payo�: xgood, where xgood > xint.

The probabilities for the two urns are assumed to satisfy the following conditions:

Safe sector

� P1(xfail): Lower probability of failure.

� P1(xint): Higher probability of intermediate payo� xint.

� P1(xgood): Lower probability of the good payo� xgood.

Risky sector

� P2(xfail): Higher probability of failure, i.e., P2(xfail) > P1(xfail).

� P2(xint): Lower probability of intermediate payo� xint, i.e., P2(xint) < P1(xint).

� P2(xgood): Higher probability of good payo� xgood, i.e., P2(xgood) > P1(xgood).

The value function V (d,R) represents the maximum probability of reaching or exceeding the

threshold T given d steps remaining and an accumulated reward R. The Bellman equation is:

V (d,R) = max {V1(d,R), V2(d,R)} ,
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where:

V1(d,R) = P1(xfail) ·V (d− 1, R)+P1(xint) ·V (d− 1, R+xint)+P1(xgood) ·V (d− 1, R+xgood),

and

V2(d,R) = P2(xfail) ·V (d− 1, R)+P2(xint) ·V (d− 1, R+xint)+P2(xgood) ·V (d− 1, R+xgood).

B Some background on Dirichet priors

In this section, I provide a brief overview of Dirichlet updating rules. Suppose there is one sector

of the economy and the true quality distribution of startups in this sector is given by a vector P =

(P (xlow), P (xint), P (xhigh)). Suppose an agent starts with a Dirichlet prior over the outcomes

given by a vector α0 = (α0(xlow), α0(xint), α0(xhigh)). let α0 = α0(xlow) + α0(xint) + α0(xhigh)

Since the prior distribution is a Dirichlet with a prior described by α0 the prior distribution

satis�es:

p(P ) = Dirichlet(P |α0) =
1

B(α0)
P (xlow)

α0(xlow)−1P (xint)
α0(xint)−1P (xhigh)

α0(xhigh)−1, (22)

where B(α0) =
Γ(α0(xlow))Γ(α0(xint))Γ(α0(xhigh))

Γ(α0)
is a normalization constant. Suppose we observe

data, D from this sector generated by N draws and we observe outcomes the following number

of times n = (nlow, nint, nhigh).

Then the likelihood function of the multinomial distribution is given by:

p(D|N,P ) =
N !

nlow!nint!nhigh!
P (xlow)

nlowP (xint)
nintP (xhigh)

nhigh , (23)

Now we apply Bayes' formula

(
p(P |D) = p(D|N,P )p(P )

P (D)

)
to calculate the posterior and

obtain:

p(P |D) =
N !

B(α0)nlow!nint!nhigh!
P (xlow)

α0(xlow)+nlow−1P (xint)
α0(xint)+nint−1P (xhigh)

α0(xhigh)+nhigh−1.

(24)

From (24) it is obvious that the posterior is a Dirichlet distribution with parameters αN =

(α0(xlow) + nlow, α0(xint) + nint, α0(xhigh) + nhigh)
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