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Abstract

We investigate the optimal size and scope of a portfolio of direct investments in a model in
which investment quality is heterogeneous and the portfolio manager observes a limited pool
of investment opportunities. We use an order statistics argument to show that the number
and specialization of investments within a portfolio are substitutes: while specialization by the
portfolio manager may increase the cash flows from any given set of ideas, it restricts the pool
of potential ideas that he can undertake. Since potential ideas are heterogeneous in quality,
the ability to choose from a large pool increases the returns to investment and is necessary to
support a large number of investments. Variables that increase (decrease) the set of available
projects or returns to investment activity, such as skill (competition) cause the portfolio to be
larger (smaller) and more generalized (specialized). Increasing the extent to which specialization
restricts the pool of potential projects causes the portfolio to be smaller and less specialized.
We test and confirm the predictions of our model in a setting with highly skewed payoffs and
in which access to a wide range of ideas is critical: the U.S. venture capital industry.
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1 Introduction

The ideal size and scope of investment activity has long been of interest to economists, and much
of the research in this area has focused either on the boundaries of the firm or on the investment
behavior of firms.! Investment within the firm is usually understood to be both an extension of
and determined by the ongoing activities of the firm. In particular, returns to scale and scope
result from an interaction of current business activities, their organizational form, and potential
opportunities. Instead, we wish to know how the size and scope of a portfolio of investments
should optimally be structured without the attached firm. Many investment vehicles and financial
intermediaries, such as real estate funds, hedge funds, venture capital, and private equity, have such
a structure. In addition, isolating project selection from ongoing business activities may shed light
on forces that guide project selection within firms. In this paper, we ask how ideas are optimally
found and exploited in a portfolio of direct investments.

We answer this question with a model of direct investment with endogenous choices of size
and specialization (scope). The model takes as key ingredients both that potential investments
are heterogeneous in quality and that investors observe only a limited pool of possible investment
opportunities. Returns to investment are determined in part by the choice of specialization because
of two competing effects on project quality. First, specialization can increase the cash flows from any
given project or improve the average quality of a pool of projects. Second, specialization restricts
the set of potential projects the investor can choose from because some of the potential projects are
outside of either the investor’s expertise or his area of focus. If some projects are more valuable than
others, then one must be able to sift through many potential projects to find the most desirable.
Since potential projects ideas are assumed to be heterogeneous in quality, the ability to choose from
a large pool of potential projects is necessary to extract a high value from investments. We show
that when opportunities are sufficiently heterogeneous and investors are sufficiently constrained in
how much they can observe, the number and specialization of investments within a portfolio are
substitutes.

Our model does not assume the existence of decreasing marginal returns to capital,? but instead

'See e.g. Stein (1997), Maksimovic and Phillips (2002), Rajan, Servaes, and Zingales (2000), Scharfstein and
Stein (2000), or Scharfstein and Mullainathan (2002). See Maksimovic and Phillips (2007) for a recent survey of the
internal capital markets and investments literature.

2Berk and Green (2004) provide a model of investments that assumes decreasing returns to scale and successfully



provides a micro-foundation based on optimal choices for size and scope. If an investor can see
or access n potential investments and has the funding to carry through with m of them, then he
will pick the best m. The investor thus faces endogenously decreasing marginal returns to capital
since the m + 1th investment must be worse than the first m. The rate at which returns to capital
decline is determined by the distribution of projects and by the size of the pool of projects available
to the investor. When the pool of potential projects (n) is relatively small, returns to capital are
small and decline rapidly. Because specialization restricts the pool of potential projects, it causes
returns to capital to decline more rapidly, making size and specialization substitutes. In addition,
the decreasing marginal returns to capital effect becomes stronger when the distribution has a
large right tail (has a high skewness or variance). In that case, the average difference in quality
between the (m + 1)th and mth projects will be larger, especially when the initial pool of potential
projects is smaller. In total, the decreasing returns effect will dominate any direct positive effect
of specialization on cash flow when the distribution has sufficiently large tails.

In this setting, variables that increase access to projects or to the returns to investment activities,
such as skill, cause the investor’s portfolio to be larger and more generalized. Conversely, variables
that decrease access to projects or reduce the returns to investment activity, such as competition,
cause the portfolio to be smaller and more specialized. Finally, increasing the extent to which
specialization restricts the pool of potential projects the portfolio manager can undertake reduces
both the size and the specialization of the portfolio.

To test the predictions of our model, we desire a setting in which access to a large pool of ideas
or projects (deal flow) is a significant constraint and in which investments are highly heterogeneous
in quality. Venture Capital (VC) thus provides an ideal laboratory for testing our model. First,
access to deal flow is considered a critical asset within the VC industry and the shadow price of
access to a high quality pool of ideas is high. VCs cannot usually observe all startup companies
that are seeking investment capital, and Sorensen (2007) shows that the ability to select projects
contributes on the order of 60% of VC returns, with the remainder attributed to value-added
activities. Second, the cash flows from VC investment opportunities are highly variable and skewed.

Sahlman (1990) describes the returns to venture capital investments and finds that 34.5% of money

describes the mutual fund industry. Chen, Hong, Huang, and Kubik (2004) empirically document the existence of
decreasing returns in the mutual fund industry.



invested returned at best a partial loss, while 6.8% of money invested was responsible for nearly
50% of the final VC portfolio value. Ljungqvist and Richardson (2003) document that nearly three-
quarters of VC portfolio companies are written off completely, suggesting that a small proportion
of VC investments account for the majority of venture fund returns. Finally, the industry and
geographic specialization of a VC fund is often formalized in a governing partnership agreement
that may use covenants to limit investment shares outside of particular industries or geographical
areas (Lerner, Hardymon, and Leamon (2007)).

Using a large dataset of U.S. VC funds raised during the period 1980 to 1999 (with investments
between 1980 and 2003), we find five main empirical results. Each is consistent with the predic-
tions of our model but often counter to common intuitions regarding investment. First, size and
specialization are strong substitutes. Figure 1 displays a simple scatter plot and linear fit of the
relationship between VC portfolio size and specialization. It demonstrates that VC funds likely
do not raise large funds based on expertise or specialization within a particular single industry or

geography, because large specialized funds are not common.
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Figure 1: The industry and geographic specialization of venture capital portfolios, plotted as function
of size. Specialization is measured by the Herfindahl-Hirschman Index (HHI) of a VC fund’s investments
across industries (left panel) and CMSAs (right panel). Size is measured as the log of the number of
investments made. Exact specifications for variable construction can be found in section 4.



Second, the most experienced VC firms raise funds that are more generalized. This runs directly
counter to the standard learning-by-doing intuition that experience in a given industry allows for
specialization and enhances productivity; productivity should be necessary to support a larger fund
in the presence of decreasing returns to capital. Instead, we show that the cost of having a more
narrow pool of ideas from which to select investments overcomes the productivity enhancement
resulting from specialization.

Third, earlier stage startup companies receive investments from funds that are smaller and more
specialized. This is surprising, because early stage investments are generally smaller and riskier
than later stage companies for whom some uncertainty has been resolved, and so the specialized
VC funds that invest in these companies are giving up an obvious benefit to diversification.

Fourth, when aggregate VC inflows increase, VC portfolios have fewer investments and are
more specialized. One might think that since greater aggregate inflows result in a larger dollar
size for portfolios (Kaplan and Schoar (2005)), they would also result in portfolios with more
numerous investments. However, our model predicts that the result of the increased competition

”3) produces portfolios of investments

from increased aggregate VC funding (“money chasing deals
that are smaller in number and more specialized.

Finally, when specialization is more costly to the VC in terms of restricting available potential
deal flow, VC portfolios become smaller and less specialized.

Our work is related to the large literature on internal capital markets and firm investments,
although our question is very different. Papers such as Stein (1997), Rajan, Servaes, and Zingales
(2000), Scharfstein and Stein (2000), and Ozbas (2005) focus on the ability of headquarters to allo-
cate capital across already existing units and the associated agency costs. Agency costs and existing
assets/forms play a central role in these papers and thus provide an understanding or organizational
form and capital flows based on ongoing business activities. In contrast, we focus on investment
choices independently of the ongoing business activities, and generate decreasing marginal returns
to capital directly through project selection rather than through agency costs. Other papers, such
as Inderst, Mueller, and Miinnich (2007) and Fulghieri and Sevilir (2008), examine the develop-

ment and agency considerations of direct investment projects (such as venture capital), but they

3Gompers and Lerner (2000) show that as inflows into the VC industry increase, valuations for portfolio companies
are bid up. There is an increase in competition within the industry for a limited number of attractive investment
opportunities, often referred to as “money chasing deals.”



do not examine the role of project selection in the fashion explored in this paper. Rather, their
projects are taken to all be ex-ante identical in quality. Maksimovic and Phillips (2002) provides a
neo-classical benchmark for conglomeration based on inherent productivity differences and exoge-
nously decreasing returns to scale. Unproductive firms diversify because they are unproductive in
their primary activity. In our model, the fund jointly chooses size and specialization and faces an
investment frontier based on those choices.

While there is very little existing work analyzing the size and specialization of real estate funds
or hedge funds, our empirical findings also contribute to an emerging literature on VC fund and firm
organization and specialization. Hochberg, Mazzeo, and McDevitt (2009) examine the competitive
structure of venture capital markets and the effect of venture firm specialization on competition
within markets. Gompers, Kovner, and Lerner (2009) examine the relationship between special-
ization of human capital and success, focusing in particular on the difference between generalist
firms who employ generalist individuals and generalist firms that employ specialist individuals. Our
model does not make an unambiguous prediction about the relationship between performance and
specialization, controlling for opportunities, because each VC firm will optimally choose size and
specialization. We discuss this in more detail in Section 3.

The remainder of the paper is organized as follows: Section 2 lays out the model and the
comparative statics. Section 3 describes the empirical setting and describes our empirical proxies
and tests. Section 4 describes the data and the variable construction. Section 5 describes the
empirical results. Section 6 concludes. Appendix A contains all proofs and some examples using

specific distributional assumptions.

2 The Model

In this section, we will model the project selection for a single investment vehicle, such as a real
estate fund, hedge fund, or private equity fund. The portfolio manager will choose both the size
and scope of the fund’s activities: how many projects to finance and to what extent to specialize the
fund’s activities. The key intuition is twofold. Specialization increases a fund’s ability to develop
a particular project or improves the average quality of a pool of potential projects. However,

specialization reduces the set of projects that a fund can undertake because some of those projects



will be outside the capabilities or focus of the specialized portfolio manager. Since the fund must
find profitable projects, heterogeneity in project quality implies that the size of the set of potential

projects is the key to the quality of the projects that the fund actually finances.

2.1 Portfolio Managers and Projects

There is a pool of potential projects or ideas that require funding and a portfolio manager with
financial and human capital. The pool of projects is large and each one has an associated base
quality A; drawn from the same distribution with cdf F: A; ~ F(A) with F(0) = 0 and no

atoms.?

We will assume that the A; are normalized to the portion of the project’s payoffs that
can be claimed by the portfolio manager, as opposed to by those who supply him with capital or
ideas/projects. A; may represent the investment’s true quality or the portfolio manager’s expected
payoff conditional on some signal gained by examining the project in detail.

Before identifying any projects, the portfolio manager must raise funds and choose which human
capital to develop and employ. The timing of fund raising in our model is important: a portfolio
manager must raise funds and choose human capital before he identifies the specific projects to
undertake.® We assume that there is an un-modeled information asymmetry problem between
investment funds and the capital markets, so that raising capital takes time. Thus, a desirable
project will be found and funded by someone else before the initial fund can return with additional
money.

The portfolio manager makes two choices. First, by raising funds, a portfolio manager chooses
how many projects can be funded. Since all projects are identical in size, we say the portfolio
manager can finance M projects. We will assume that the cost of raising this capital is equal to
MO

Second, a portfolio manager chooses his human capital by choosing the level of specialization

for his fund: ¢ € [0, 1]. A specialized portfolio manager is better able to both apply human capital

4F(O) = 0 implies that A; > 0 and so projects cannot produce negative gross cash flows to portfolio managers.
The most a portfolio manager can lose is the initial investment.

SWhen the portfolio manager chooses what human capital to employ while raising money, it is equivalent to
choosing, for example, a strategy or asset class for hedge funds, an industry or region for venture capital, or a region
and property class for a real estate fund. The projects are then the specific assets to be purchased/developed within
the chosen class.

59 can be interpreted both as a return required by the capital markets or as a transactions cost to raising capital.
For investment funds in which the portfolio manager’s skill is hard to determine (for example, venture capital or
hedge funds), this might also represent the cost of raising money from adverse selection.



to prospective projects and also to increase the average quality of the pool of projects he evaluates.
Thus, a successful project pays off pn+A; where n captures both the value added to the project from
specialized human capital and the upward shift in the underlying quality of the pool of projects.
The shift in the quality of the underlying pool might be a result of the specialist being better able
to find good projects or a market structure advantage in which better projects match more easily
with specialists. For any combination of the three reasons, specialization increases the payoff to
making any particular investment.”

An additional benefit to specialization is that the portfolio manager is able to recover all of his
or her specific human capital (¢n) if a project fails, whereas he can only recover a fraction p < 1
of the base value of the project. u can be taken to represent both recoverable human capital and
the management fees that are paid to the investment fund on all capital raised by the fund, thus
capturing the benefit in fee income from raising capital for a larger portfolio.®

Not all projects are successful: given funding, the probability of achieving a positive payoff is
a € (0,1].2 The base ability of an portfolio manager is 1, and so the gross payoff to the portfolio
manager given a particular value for A; for successful funded project is ¥ (¢n + A;).1° If the project
fails, then the portfolio manager is still able to recover ¥ (¢n + pA;) in value. Thus, the expected

gross payoff to a project, given A;, is

on+ (a+ (1 —a)u) Aq). (1)

Next, we consider the pool of projects that the portfolio manager can potentially finance. We
assume that a portfolio manager sees N different projects. However, the portfolio manager can
only access (evaluate and undertake) at most (1 — A¢) N of these projects. A < 1 measures the

effect of specialization on the size of the pool, and the L X notation indicates the greatest integer

"One can think of 1 as having two components, 1 and 72. The change in the average quality of the pool of
projects is an upward shift of the distribution so that the base quality of the project becomes ¢n1 + A; instead of just
A;. The second component is the value added to the project because of the specialized human capital: ¢n2. Thus
the total project payoff is ¢n + A; = dm + ¢n2 + A;.

8 Additionally, u can also capture the transaction fees earned on each investment made by the fund in industries
such as leveraged buyouts.

9 Alternately, o might represent the size of the atom at zero in the payoff distribution. Then A represents the
payoff conditional on being positive. We assume for simplicity that « is independent of the choice of ¢.

104) may also serve as a proxy for market conditions. We abstract from structurally modeling market conditions,
but those conditions are implicitly part of the distribution of A or parameters like . For example, more intense
competition among VCs might mean that entrepreneurs have more bargaining power, and so the total surplus available
to any given VC on a project will decline. We discuss our empirical proxies in more detail in section 3.



below X. Because the specialist investor enhances his ability to succeed in one area while giving
up knowledge other areas, the advantage of specialization comes at the cost of breadth: the more
specialized a portfolio manager is, the more projects are outside his capabilities. Alternately, just
as a specialist might have a matching advantage within his area of focus, he may have a matching
disadvantage outside that area. (1 — A\¢) N represents the portfolio manager’s pool of projects.
Upon evaluating the L(1—\¢)N 1 projects, the portfolio manager will choose the M best projects
to undertake. Thus, we are interested in order statistics on A. Denote by E[A,, ;] the expected
value of the mth highest value of A picked from a total of n i.i.d choices. The portfolio manager’s

expected payoff is

Y| Mon+ (a+ (1 —a)p) ZE (A 1-ap)Noj] | — MO. (2)

j=1
2.2 Order Statistics on A

While closed form solutions for order statistics can be messy, they follow certain basic rules that we
can exploit. In doing so, we will provide the mechanism by which choices and size and specialization
determine the shape of the investment frontier and the rate at which the returns to capital decrease.

We will label the decreasing returns portion of the investor’s objective function by the function

G and determine its properties:

Definition 1 (Returns Function) The function G(n,m) is the sum of project values when the

best m projects are pulled from a group of n potential choices:
G(n,m) => E[AL]. (3)

Proposition 1 (Cumulative Order Statistics) Assume that the expectations in (3) exist. Then,
G(n,m) is

o increasing and concave in m: (G(n,m) — G(n,m — 1)) is positive and declining in m.

e increasing in n: (G(n+1,m) — G(n,m)) is positive.



e has increasing differences (is super-modular) in (n,m)!

[(G(n+1,m)—Gn+1,m—-1))— (G(n,m) — G(n,m —1))] > 0. (4)

Proof. See Appendix A. =

Asssumption 1 (Cumulative Order Statistics) We will assume that G(n,m) is concave in n:

(G(n+1,m) — G(n,m)) is declining in n.'?

Intuitively, the properties of G provided by Proposition 1 and Assumption 1 can be understood
in relatively simple fashion. A portfolio manager picking m projects from a pool of n choices will
always pick the m best projects. Thus, the (m + 1)th project to be added is always worse than
the first m. Since projects will not produce a negative gross cash flow to the portfolio manager
(before accounting for the cost of capital), each additional project adds to the gross payoff, but at
a decreasing rate. Thus, the total returns to capital will be increasing and concave in the number
of investments made.

Similarly, we can consider adding one potential project to a pool of n projects, from which the
portfolio manager will pick the best m. If this new (n + 1)th project is worse than the m already
selected, then the portfolio manager gains nothing. However, if this project is better, than the
portfolio manager benefits from an expanded pool by substituting the worst existing project for
the new one. As the pool of potential choices becomes very large, only the very best projects are
undertaken (for a fixed m), and so the probability that any new choice will be good enough becomes
very small. Thus, each additional choice adds to the expected gross payoff with a declining marginal
value. We illustrate this distributional shift effect in Figure 2 for the exponential distribution.

The final property, the supermodularity of G (4), is a cross effect between n and m, and it is the
key to understanding the tradeoff between size and scope. It says that as the choice set (n) of the

portfolio manager increases, the marginal value of each new project undertaken (m) also increases.

See, for example, Athey (2002). Increasing differences (or super-modularity) means that the gains from increasing
n increase in m, and vice versa. For differentiable functions, super-modularity is equivalent to %G(n7 m) > 0.

2We are not able to provide a general proof that G is concave in n for all distributions for which the relevant
expectations exist and F"(A) < 0. However, for every distribution we have explicitly calculated, G is concave in n.
As examples, Appendix A contains closed form solutions for the function G(n,m) for the the uniform, exponential,
and power law distributions.
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Figure 2: The probability density function of max(Xi,...Xn) where the X; are independent standard
exponential variables. The pdfs are simulated from one to five groups of 2,000,000 draws from a standard
exponential distribution.

When the total number of choices is higher, the total number of good choices is also higher, and
so the value of the mth project must increase in expectation.

One can also understand the structure of order statistics through an option intuition. Consider
a portfolio manager with a pool of n projects from which he will pick the m best. When the size
of the pool expands, the portfolio manager has an option: if this new project is better the mth
best, then the portfolio manager finances the new one, otherwise he ignores it. The option payoff is
based on the project’s underlying value, and the marginal value to financing an additional project
is higher when the pool (the number of “options”, n) is larger.

The complementarity in G between m and n controls the complementarity in payoffs between
the number of projects a portfolio manager wishes to examine (n) and the number of projects he
wishes to finance (m). This complementarity in G is in turn controlled by the tails of the underlying
distribution of project quality (F'). For example, Appendix A shows that for the exponential

L. the complementarity in G is directly

distribution, the complementarity in (4) is equal to BT

proportional to the scale of the distribution, 5. We also derive similar results for the uniform and
power law distributions. Intuitively, this means that the right tail is large enough that when a

portfolio manager examines an additional project, that project has a high enough probability of

10



being larger than the mth best existing project. Using the option intuition, the marginal value
to financing an additional project increases faster in the number of options when there is a high
probability that the options are “in the money”: when the distribution has large tails. We illustrate
the complementarity of GG in Figure 3 for the exponential distribution. The gains to increasing m
(left panel) are higher for larger n and the gains from increasing n (right panel) are higher for larger

m.
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Figure 3: The left plot is the marginal value to funding an additional project, G(n,m) —G(n,m—1), as
a function of the number of projects already funded. The right plot is the marginal value to an additional
potential project, G(n,m) — G(n — 1,m), as a function of the number of potential projects. The plot is
generated using the exponential distribution with scale parameter 8 = 1.

2.3 Comparative Statics

We now have an expression for the total profits of an investment fund:

(¢, M) = P [M¢n + (o + (1 — a)p) G((1 = A)N, M)] — M6 (5)

To gain intuition for how the choice of specialization (¢) affects the portfolio manager’s investment
opportunities, we will treat G as if it were a differentiable function, so that we can take “approximate
derivatives”, which we will denote using the standard derivative notation G.

Mon+(a+ (1 —a)u) G((1 — Ap)N, M) represents the portfolio manager’s project pool quality

11



— the total expected value of the M best projects, including the benefits of specialization — and
is increasing and concave in the number of deals examined and the number of deals undertaken.
This value is then multiplied by the portfolio manager’s skill (1)) to obtain the gross payoff from
the portfolio or projects.

¢ represents specialization, which is a choice of production (or idea flow) technology. The
advantage of a higher level of specialization is that the base profitability of any given project
increases by ¢n, and this value is recoverable even if the project does not pay off. However the
disadvantage of choosing high ¢ is that the portfolio manager faces more rapidly decreasing returns
to capital. The marginal value of an additional project is ¢ [¢pn + (o + (1 — a)u) Gy, — 0, and so

the change in marginal product as ¢ increases is proportional to

n—(a+ (1 —a)u) ANGy,m (6)

This cross effect — the change in the marginal value of a new project as ¢ increases — can be positive
or negative depending on the size of the cross effect in G. When that cross effect in G is strong, the
marginal value of additional projects is declining in specialization (¢), and so size and specialization
must be substitutes.

When size and specialization are substitutes, an increase in any parameter that makes invest-
ments as a whole more attractive must lead portfolio managers to invest in more projects. Following
the logic of substitution, they must become generalists to gather the deal flow necessary to sup-
port a high level of activity. Thus, we expect size to increase and specialization to decrease when
projects are more likely to pay off («), when failed projects are easier to recover (u), and when
portfolio managers are more skilled (¢). We expect that portfolio managers that face a high cost
of capital (f) will choose more specialized and fewer projects.

While each of the parameters above affects investments as a whole, we also have two parameters,
A and N, that affect the investment curvature through the order statistics and G. Thus, without
making specific distributional assumptions, we can only sign the partial effect of A and N on M*
and ¢*. When the cost of specialization on breadth of project choice (\) increases, this makes
specialization most costly and also reduces the marginal value to funding an additional project.

Thus, we expect that the direct effect of increasing \ is to decrease both specialization (¢) and size

12



(M). However, decreasing specialization has an indirect effect of increasing size, and we cannot
sign the sum without further assumptions. Put differently, we have an income effect (on M) and
a substitution effect (on M through ¢) that go in opposite directions. However, we can say that
holding ¢ constant, the effect of A on M will be negative. Similarly for the effect of A on ¢ and N
on M. However, sign the partial effect of N on ¢.

More formally:

Proposition 2 There is a unique optimal size and specialization choice for the portfolio manager,
(M*, 9*).

If the the cross difference in G exceeds

(G(n+1,m)—Gn+1,m-1)) —.. n

. (G(n,m) — G(n,m — 1)) “lat I-a)mAn+ 1) ")

then ¢ and M are substitutes: increasing M reduces the marginal returns to ¢, while increasing ¢
reduces the marginal returns to M.

In addition, we have two sets of comparative statics. First:

v <0 diM* >0 (8)
%W‘ <0 %M* >0 (9)
d%qﬁ* >0 %M* <0 (10)
CZL¢* <0 ;LM* >0 (11)

Second, if we hold ¢ fixed, then M* is increasing in N and decreasing in . If we hold M fized,

then ¢* is decreasing in .

The

@ +(1_a’)7#) o) term in (7) ensures that the cross effect in G — the change in the marginal
value of a new project as the pool of potential projects increases — stays above a minimum pos-
itive level, as opposed to zero in (4). Loosely, as described above, this condition means that the
distribution of projects has a right tail that is “large enough”.

Our model makes one additional point: the constraint on access to additional ideas alone does

not justify a negative relationship between size and specialization. Instead, it is the interaction
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of limited access to ideas or projects with a payoff distribution that has a large right tail that
generates a high shadow price for new potential ideas. To see the importance of the distribution,
consider a case in which there was little or no variation in A. Then the best and worst projects
would be roughly equivalent, there would be less gain to seeking a larger project pool, and the
largest investment funds would have the most to gain from specialization. If all potential projects
are similar, then the value of properly exploiting a project is much higher than the value of finding
the right project to undertake. However, if some projects are vastly more valuable than others,
then one must be able to sift through potential projects to find the most desirable. Large tails

make selecting from a large set of projects the key to value.

3 An Empirical Setting: The Venture Capital Industry

To bring our model to the data, we require a direct investment setting that closely matches the
features and assumptions of our model and for which sufficient data is available to determine both
the size and specialization of portfolios, as well as proxies for other parameters of the model.
We desire a setting in which access to ideas, deals, or projects is critical and constrained, and
where investments are heterogeneous in quality. While our model potentially addresses a number
of different settings, such as real estate investment funds, private equity, and hedge funds, for
many of these industries, data on portfolio composition is sparse or largely unavailable. A notable
exception is the venture capital industry, for which detailed data on portfolio investments and fund

composition is available.

3.1 The VC Industry

The venture capital industry plays a vital economic function by identifying, funding, and nurturing
promising entrepreneurs. VCs invest funds provided by institutional investors via fixed pools of
capital, or funds, that are raised in advance of investment. Most VC funds are structured as
closed-end, often ten-year, limited partnerships, and are not traded. The VC fund is closed with
a specified amount of committed capital, which is filed with the SEC under Regulation D as a
sale of securities. Funds are often marketed specifically as being specialized to specific industry

or geography segments of the investment spectrum. This specialization is often formalized in
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the Limited Partnership Agreement that governs the fund, via covenants that limit the VC fund
from investing more than a specific share of the fund in any industry or geography outside of
the declared area(s) of specialization (Lerner, Hardymon, and Leamon (2007)). While the exact
number of portfolio companies the fund will invest in is not specified, the fund’s stated investment
focus and preferred stage of investment, combined with the total dollar amount raised, defines to
a great extent the number of portfolio companies the fund will be able to invest in. Empirically,
VC portfolios vary widely in size, with some VCs choosing to invest in many startups, and other
choosing to keep their portfolios small. Some VC firms choose to specialize in a particular industry
or geographic region, while others choose to generalize across industries or invest across wider
geographical boundaries.!314

Further consistent with the setting of our model, access to deal flow is considered a critical
asset within the VC industry (Fenn, Liang, and Prowse (1995)).'> VCs cannot usually observe all
startup companies that are seeking investment capital, and any completed investment results from
a two-sided matching process (Sorensen (2007)), in which the startup must also be prefer to take
funds from the particular VC rather than one of his competitors (Hsu (2004)). Due to these deal
flow access constraints, VCs often engage in quid pro quo sharing of deal flow to increase the pool of
potential investments they have access to (Lerner (1994), Hochberg, Ljungqvist, and Lu (2007)).¢

Finally, the cash flows from VC investment opportunities are highly variable and skewed.

13For example, consider Sequoia Capital XI, a large VC fund raised in 2003 by one of Silicon Valley’s premier
VC firms. Sequoia XI successfully invested in both shoe stores and network security firms (Zappos.com, sold to
Amazon in 2009 for about $800 million, and Sourcefire, IPOed in 2007 with a market value of about $350 million).
The same fund also invested in fabless semi-conductors (Xceive), network control technology (ConSentry), airline IT
and services (ITA) and social networking websites (LinkedIn). In contrast, consider Longitude Venture Partners, a
smaller VC fund raised in 2008. Longitude focuses on biotechnology investments, and its portfolio consists primarly
of drug development companies.

MThe specialization of VC funds in a particular industry or geography does not appear to be merely segregation of
a larger pool of capital into multiple parallel funds investing in different specialization areas. The mean time between
funds raised by the same firm is 2.87 years, and the vast majority of firms do not switch areas of specialization
between sequential funds, though they may generalize away from a particular area of specialization. Indeed, only 55
of the funds in our sample of 1820 funds are raised in the same vintage year that their firm raised a fund in a different
reported area of specialization. Thus specialized funds do not appear to reflect a choice of internal organization as
either a firm with one generalist fund or a firm with multiple diversified specialist funds.

5The VC literature typically attributes two important activities to VCs: deal selection and value-added support.
Sorensen (2007) shows that the ability to select projects contributes on the order of 60% of VC returns, with the
remainder attributed to value-added activities. Hochberg, Ljungqvist, and Lu (2007) additionally emphasize the
importance of access to deal flow for VC returns. Hellmann and Puri (2000), Hellmann and Puri (2002), and Lindsey
(2008) present evidence on value-added support activities by VCs.

®Note that in addition to limiting potential deal flow through the loss of deals outside the area of specialization, a
specialist must also be concerned about loss of potential deal flow due to potential conflicts of interest when investing
in closely related deals. Product market competitors will often seek out different VCs in order to avoid information
spill-overs and potential cannibalization.
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Sahlman (1990) describes the returns to venture capital investments from 1969 through 1985. He
notes that 34.5% of money invested went to investments that were at best a partial loss and that
6.8% of money invested was responsible for nearly 50% of the final value of investments. Ljungqvist
and Richardson (2003), using a datset from a later period, document that nearly three-quarters
of VC portfolio companies are written off completely, while only 13% or so of investments return
a multiple of three or more times invested capital over the ten to twelve year life of the fund,
further supporting the notion that a small proportion of VC investments account for the majority
of venture fund returns. Indeed, it is commonly accepted in the VC community that fund returns
are often driven by merely one or two portfolio company successes out of an entire portfolio of

investments.

3.2 From Predictions to Empirical Tests

To derive predictions and tests of our model in the VC setting, we will first look across parameters
and see how they induce the choice variables for specialization and portfolio size, ¢ and M, to
change. We will then construct proxy variables and convert our statements about parameters of
the model into specific empirical tests.

In choosing our empirical proxies, we will take advantage of some ambiguity in the model. Most
of the parameters of the model that deliver unambiguous comparative statics can be said to be
broadly “good” or “bad” for a given venture capital fund. An increase in any of ¢, o, —6, j1 — higher
skill, higher probability of success, lower cost of capital, higher redeployability of capital, more
potential deals — result in a fund choosing to become a large generalist. In contrast, a reduction
in any of ¢, a, —0, p will result in a fund choosing to become a small specialist. Thus, the model
can deliver unambiguous predictions about the effect of proxy variables even if the parameter the
variable is proxying for is ambiguous. For example, the experience of a VC might be a proxy
for higher skill, higher success probability, or lower cost of capital, but our model still makes an

unambiguous prediction: more experienced VCs should have larger and more generalized funds.
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3.3 Parameters

3.3.1 Across VCs

For our first three predictions, we will follow the logic of substitution. First, from Proposition 1
above, we have

Prediction 1 Generalists VCs will have larger portfolios.

Furthermore, anything that makes VC investments more attractive or profitable will induce
VCs to invest in more projects. Then, the VC must be a generalist in order to have the deal flow

required to find a large number of good projects. Thus, looking across skill (), we have:
Prediction 2 More skilled VCs have less specialized and larger portfolios.

Conversely, when all investments are constrained because a VC or the VC industry faces a high
cost of capital, then the VC will choose to take on only a small number of projects and to specialize

as a result. Thus, looking across cost of capital (f), we have:

Prediction 3 VCs with a higher cost of capital have more specialized and smaller portfolios.

3.3.2 Across Investments

While the first set of predictions looks across VC firms, we can also look potential investments and
investment conditions. Not all investments have the same characteristics: some may have higher
probabilities of failure (1 — «) than others. This makes the investment less desirable. Following
the logic of substitution, fewer investments will be undertaken and the VCs that undertake riskier

investments will be specialists.!” Looking across the probability of failure (1 — «), we find

Prediction 4 When the probability of failure is higher, VCs will choose to specialize more and to

undertake fewer projects.

"In the model « is not a choice variable — since o is the probability of success, all VCs would pick o = 1 if they could.
However, one could alter the model to add a relationship between project success probability and payoffs. Assume,
for example, that choosing a project with failure probability (1 — «) increased the payoff conditional on success by
a (1 —&a). Then, (5) becomes w(p, M, ) = [M¢n + Ma(l —&a) + (a+ (1 —a)u) G ((1 — Ap)N, M)] — M6. This
is concave in «a, so a unique optimum in « exists. As long as £ is not too high (analogous to Condition 7), 7 is
super-modular in (M, —¢, a), so, following the proof of Proposition 2, ™ will be complement to M ™ and a substitute
for ¢*. Thus, even endogenously, the specialists will choose investments with a higher likelihood of failure.
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Similarly, if capital (human or physical) from failed investments is more redeployable (higher
1), then more investments will be undertaken. Following the logic of substitution, this will lead

VCs to generalize:

Prediction 5 When capital can be more easily re-deployed from failed projects, VCs will choose to

generalize more and to undertake more projects.

3.3.3 Across Opportunities

Different venture capital markets have different scales. For example, the number of potential
entrepreneurs varies in time, geographically, and by industry. In doing our analysis, we can look
across these heterogeneous markets. Markets with less prospective deal flow (smaller V) should
have smaller VC fund portfolios. However, the model does not provide unambiguous comparative

statics for the effect of IV on specialization. Thus, we have:

Prediction 6 When prospective deal flow is lower, VCs undertake fewer projects.

Additionally, some choices of specialization are more costly to the VC in terms of the manner in
which they affect the set of potential projects he can then undertake. In doing our analysis, we can
look across different areas of specialization to capture heterogeneity in the cost of specialization.
specialization that is more costly to deal flow (higher ) should lead to smaller VC portfolios, and

to less specialization:

Prediction 7 When the cost of specialization is higher, VCs undertake fewer projects and have

less specialized portfolios.

3.4 Proxies and Tests

The first prediction is that, unconditionally, larger VCs should be more generalized. This is directly

testable:

Test 1 Generalist VCs have larger portfolios.
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3.4.1 Experience

Traditionally, the VC literature has used VC experience as a proxy for skill: in order to be able
to continue participating as an investor in the industry, the VC firm must be able to raise se-
quences of overlapping funds, and the ability to raise a follow-on fund is increasing in the VC’s
past performance. Thus, to become experienced, a VC must have some level of skill (Hochberg,
Ljungqvist, and Vissing-Jorgensen (2009)). With the addition of learning-by-doing, VC parent firm
experience, as well as the sequence number of the fund, represent plausible proxies for VC skill.
Greater experience and higher fund sequence numbers suggest the VC has performed well enough,
over a sequence of funds, that he is likely of high(er) skill.

Similarly, experience and fund sequence number can also be taken as plausible proxies for cost
of capital: there is likely to be less uncertainty about the skill level of a VC firm that has been in
existence for some time and has a long track history of returns. Thus, the asymmetric information

problem facing investors in an experienced VC firm is likely to be less severe.

Test 2 More experienced VCs have larger and less specialized portfolios.

Notice that this prediction is directly opposite of the standard learning-by-doing argument
regarding experience. In those models, experience in a specific area — such as internet security —
should make the VC more skilled in that area. This skill then enhances productivity, which should
support larger portfolios in the presence of decreasing returns to capital. Here, our prediction is
that while expertise indeed enhances productivity, this enhancement is not sufficient to overcome

the cost of having a more narrow pool of ideas from which to select investments.

3.4.2 Stage of Investment

While we cannot observe the underlying ex-ante probability of success for any individual portfolio
company investment, the literature provides us with a number of possible ways to empirically
examine this prediction. Portfolio companies differ in systematic ways: some may be early-stage
investments, where uncertainty of outcome is high, while others are later-stage investments, where

much of the uncertainty has been resolved. Investments in earlier-stage rounds are more speculative
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and so the probability of failure (1 — «) for any given attempt is higher. Thus, we predict that!8

Test 3 VCs that invest primarily in seed or early stage investments will have smaller and more

specialized portfolios.

This prediction runs counter to a common diversification argument for early investment. Since
early stage investments are generally smaller and riskier than later stage companies for whom some
uncertainty has been resolved, the specialized VC funds that invest in these companies are giving

up an obvious benefit to diversification.

3.4.3 VC Inflows

Gompers and Lerner (2000) show that as inflows into the VC industry increase, valuations for
portfolio companies are bid up. There is an increase in competition within the industry for a
limited number of attractive investment opportunities, often referred to as “money chasing deals.”
Hochberg, Ljungqvist, and Lu (2007) further show that higher flows to the VC industry in a year a
fund is raised lead to a lower rate of successful exit companies in the fund’s portfolio. This suggests
that as money chases deals, not only are prices for attractive projects bid up, but lower quality
projects are funded as well.

Thus, VC inflows may proxy for time-variation in the probability of a given project’s success

(lower «) or for overall project profitability (lower ). In either case, we predict

Test 4 As inflows into the VC industry increase, VCs will have smaller and more specialized

portfolios.

Notice that this prediction is directly opposite of the obvious mechanical relationship. As total
inflows increase, the dollar size of VC funds increases (Kaplan and Schoar (2005)). One might
therefore expect that the effect would be to increase the number of projects undertaken in any
potential VC portfolio. Our model leads us to predict the reverse: more money in the industry

overall should lead to a smaller average portfolio size.

¥ While seed and early stage investments are generally smaller in dollar amount, we measure portfolio size in count
of portfolio companies, not committed (or invested) capital. Thus, we do not create a large mechanical relationship
between size and stage of investment.
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3.4.4 High Deal Flow and Cost of Specialization

While we cannot directly observe either the pool of potential projects or the cost of specialization
to deal flow, certain well-known industry features allow us to proxy for these variables. An area of
geographic specialization may proxy for the general pool of potential deals available to the VC (V).
For example, a VC who is located in a known cluster of entrepreneurial activity, such as Silicon
Valley or the Route 128 area around Boston, will likely see a larger pool of potential projects than
a VC located in a less active area. Additionally, the area of geographic specialization can provide
us with a proxy for the cost of specialization on deal flow (\). For example, a VC fund specializing
geographically in Silicon Valley reduces the available number of deals much less than a similar fund
specializing geographically in the Lehigh Valley area of Pennsylvania. While both VCs, ex-ante,
may see the same set of potential deals from across the country, different geographic specialization
choices have different effects on the final pool of investments from which VCs select — the VCs differ
in the value of .

Thus, we can employ the MSA in which a VC fund invests the largest portion of their capital
to proxy for the cost of geographic specialization in that area. Funds that make the largest portion
of their investments in the San Francisco Bay Area or Boston-Route 128 area, the two largest
clusters of entrepreneurial activity in the United States, presumably face a lower cost of geographic
specialization (A) and a greater ex-ante pool of potential deal flow (N). Both lower A and higher

N in the model lead to larger portfolios, and thus we can predict:

Test 5 VCs who concentrate the largest portion of their investments in the SF Bay Area or Boston

Metro area should have larger portfolios.

The model also unambiguously predicts that lower A leads to more specialized portfolios, though

it does not provide an unambiguous prediction for N. However, we can further test whether indeed:

Test 6 VCs who concentrate the largest portion of their investments in the SF Bay Area or Boston

Metro area have more geographically specialized portfolios.
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3.4.5 Performance

Our model does not provide predictions for fund performance, neither in terms of returns nor in
terms of exit rates. The A employed in our model refer not to returns from project success to those
who provide the capital (LPs), but rather to the profits of the portfolio manager, which may differ
substantially. More formally, the optimization problem presented in the model is over payoffs to
GPs, not to the limited parters or entrepreneurs. Thus, it is difficult to translate from the model
to the typical net-of-fee returns to limited partner investors or to the entrepreneur success rates
typically employed in the VC literature.

Let us first consider returns. Specialization and portfolio size are choice variables, taken as a
function of parameters, in order to maximize the total value of the VC’s profits. Thus, if we were
able to perfectly measure and control for all of the relevant parameters, interior choices of size and
specialization would contain no additional information for performance. Any non-zero regression
coefficient would simply be the result an interaction of omitted variable bias and parameter mea-
surement error. In any event, we cannot examine performance of this sort empirically, as the given
optimization problem is over payoffs to the VC general partner, not to the limited partners or to
the entrepreneur, and we do not observe VC general partner profits.

Next, consider exit rates, a common measure of VC fund performance in the finance literature.
Let us assume that the portfolio firm is able to achieve exit (via IPO or successful trade sale) if
its realized value is above a certain threshold.!” Our model assumes that more generalist VCs will
have the additional deal flow that allows them to pick more projects that are likely to be above
the threshold, while specialists have the developmental ability to push marginal projects above
the threshold. We cannot know which effect will dominate without making specific assumptions
about the distribution of underlying projects, the severity of the exit threshold, and the relationship
between the VC’s payoff and project value. That said, recent empirical work by Gompers, Kovner,
and Lerner (2009), which finds that specialist VCs enjoy higher exit rates than generalists, suggests

that the additional developmental ability of specialists may be the dominating force.

19We interpret this to mean that the project must be successful (which happens with probability «) and that the
cash flows (¢n + A) must be above a certain level. The effect of specialization on the fraction of projects that will
exceed the threshold is ambiguous. Generalists will have higher A on average, while specialists have higher ¢n.
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3.4.6 Life-cycle

Our model can also be consistent with a life-cycle model of specialization, whereby new VCs who
enter the industry with lower skill and higher cost of capital will have smaller and more specialized
first funds. As the VC gains skill over time and is able to lower his cost of capital, he will become
larger and less specialized. While our model does not make any life-cycle predictions as is, as
illustrated in by the proxies discussed above, the parameters of the model can be interpreted to

capture the distinguishing features of younger or more established VC firms.

4 Data

The data for our analysis come from Thomson Financial’s Venture Economics database. Venture
Economics began compiling data on venture capital investments in 1977, since backfilled to the
early 1960s. Most VC funds are structured as closed-end, often ten-year, limited partnerships.
They are not usually traded, nor do they disclose fund valuations. The typical fund spends its
first three or so years selecting companies to invest in, and then nurtures them over the next few
years. In the second half of the fund’s life, successful portfolio companies are exited via IPOs or
sales to other companies generating capital inflows that are distributed to the fund’s investors. At
the end of the fund’s life, any remaining portfolio holdings are sold or liquidated and the proceeds
distributed to investors.

Our data contains the vast majority of U.S. VC investments made between the years 1975 and
2003. Owing to the VC investment cycle, relatively recent funds have not yet operated for long
enough to fully observe the breadth of their investment types and determine the extent to which
they are specialized or generalized. To allow our measure of portfolio size and specialization to
include the first four years of a fund’s life, when investments are made, we exclude all funds raised
after 1999.20 Our results are robust to including funds of later vintages. We further exclude funds
raised before 1980, both because the reliability of the Venture Economics data pre-1980 is lower,
and because venture capital as an asset class that attracts institutional investors has only existed

since 1980.2!

20Closing the sample period at year end 1999 provides at least four years of investment activity for the youngest
funds, using November 2003 as the latest date of investment data in our sample.
2IThe institutionalization of the VC industry is commonly dated to three events: The 1978 Employee Retirement
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We concentrate solely on investments by U.S. based VC funds, and exclude angel and buy-
out funds. We exclude all VC funds that are not independent (structured as limited partnerships
with overlapping sequences of funds), since corporate and banking VCs often have strategic goals
that determine their level of specialization. In addition, we exclude all funds with fewer than five
unique portfolio companies. This ensures that if we see a fund whose investments are primarily
concentrated in a single industry, it is likely due to intent, rather than chance.

Our final data-set includes 1820 funds managed by 879 VC firms. Table I describes our sample
funds. The average sample fund had $87 million of committed capital, with a range from $0.1
million to $5 billion. (Fund size is unavailable for 33 of the 1,820 sample funds.) Fund sequence
numbers denote whether a fund is the first, second and so forth fund raised by a particular VC
management firm. The average sample fund is a third fund, and the median is a second fund,
though sequence numbers are missing in Venture Economics for 258 of the sample funds. 30% of

funds are identified as first-time funds.

4.1 Funds Versus Firms

We distinguish between funds and firms. While VC funds have a limited (usually ten-year) life, the
VC firms that manage the funds have no predetermined lifespan. Success in a first-time fund often
enables the VC firm to raise a follow-on fund (Kaplan and Schoar (2005)), resulting in a sequence
of funds raised a few years apart. We assume that experience and contacts acquired in the running
of one fund carry over to the firm’s next fund and so measure VC experience at the parent firm
rather than the fund level. We aggregate round-by-round investments in portfolio companies to
calculate fund-specific variables.

For the purposes of determining portfolio size and specialization, we focus on the VC fund. As
noted in Section 3, the decision regarding fund size and specialization is made at the time a VC
raises the fund: the fund is closed with a specified amount of committed capital, which is filed with
the SEC under Regulation D as a sale of securities. Partnership agreements are often drafted with

covenants that limit funds with stated areas of focus from investing more than a certain fraction

Income Security Act (ERISA) whose “Prudent Man” rule allowed pension funds to invest in higher-risk asset classes;
the 1980 Small Business Investment Act which redefined VC fund managers as business development companies
rather than investment advisers, so lowering their regulatory burdens; and the 1980 ERISA “Safe Harbor” regulation
which sanctioned limited partnerships which are now the dominant organizational form in the industry.
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of the committed capital outside of those areas of focus. Finally, the managing members of the
general partner vehicle of the fund are defined at fund-raising as well, and typically remain constant

over the life of the fund.

4.2 Portfolio Size and Specialization

As our measure of portfolio size, we compute the number of unique portfolio companies in which a
given fund invests over the course of its life. The average portfolio for our sample funds consists of
approximately 23 unique portfolio companies, while the median fund portfolio consists of 17 unique
portfolio companies.

To measure specialization, we compute two concentration measures. As a measure of indus-
try specialization, we compute the Herfindahl-Hirschman Index (HHI) of investment by industry
for each fund, based on the number of investments made by the fund in each industry. Venture
Economics uses six industries: biotechnology, communications and media, computer related, med-
ical /health/life science, semiconductors/other electronics, and non-high-technology. As a measure
of geographic specialization, we compute the HHI by CMSA based on the number of investments
made by the fund in each of the 287 Consolidated Metropolitan Statistical Areas in our data-set.
(For example, San Francisco, Oakland, and San Jose are considered a single location). All our
reported results are robust to employing HHI computed using dollar investment amounts in each
industry or CMSA instead of number of portfolio companies. The median fund in our sample has
an industry HHI measure of 0.36, with a range from 0.18 to 1, and a geography HHI measure of
0.22, with a range of 0.04 to 1.

4.3 VC Firm Experience

We derive four direct proxies for the experience of the VC parent firm. These are the age of the
VC firm (the number of days since the VC firm’s first investment); the number of rounds the
firm has participated in; the cumulative amount the firm has invested; and the number of portfolio
companies it has backed. Each measure is calculated using data from the VC firm’s creation through
the year the fund in question was raised. To illustrate, by the time Sequoia Capital raised Fund
IX in 1999, it had been active for 24 years and had participated in 888 rounds, investing a total of

$1,275 million in 379 separate portfolio companies. As an alternative measure of experience, we use
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the fund’s sequence number. In the interest of brevity, we present univariate sorts and regression
results using only the cumulative number of days since the VC’s first-ever investment, and the

fund’s sequence number, though we obtain similar results using any of the alternative measures.

4.4 Investment Stage

We calculate the proportion of deals in which the fund has invested that were reported to be at
seed or early stage of development at the time the fund first invested in them. We define a seed
or early stage dummy variable as taking the value of one if the fund first invested in its portfolio
companies at the seed or early stage with greatest frequency. 13.3% of funds are thus defined as

primarily investing in seed or early-stage investment opportunities.

4.5 Money Chasing Deals

We compute the aggregate inflows into VC funds in the year a sample fund was raised. Table I
shows that the average fund in our sample was raised in a year in which $23.4 billion flowed into

the VC industry.

4.6 Deal Flow and Cost of Specialization

As discussed in Section 3, we proxy for the cost of specialization in restricting deal flow and the
size of the overall pool of potential deal flow using the geographic area in which the fund invests
the largest portion of its capital. For each fund, we identify the MSA in which the fund invested
in the most companies. We define the geographic area to be high deal flow / low cost if the fund’s
primary MSA of investment is either the San Francisco-Oakland-San Jose consolidated MSA or the
Boston-Worcester-Lawrence consolidated MSA. Roughly 45.5% of the funds in our sample make
the largest fraction of their investments in the San Francisco Bay Area, while 13.9% of funds make
the largest fraction of thier investments in the Boston/Route 128 area. In total, 59.5% of our funds

are attributed high deal flow / low cost of specialization based on our geography-based proxy.
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5 Testing the Model’s Predictions

5.1 Correlations and Univariate Sorts
5.1.1 Size and Specialization

The main implication of our model is that portfolio size and specialization are substitutes. As
Table IT shows, portfolio size and specialization have a significant negative unconditional correlation
between -0.26 and -0.29, depending on the dimension of specialization.

The relationship between size and specialization can also be illustrated in univariate sorts. Panel
A of Table III presents sorts of portfolio size over quartiles of fund specialization, while Panel B
presents sort of fund specialization measures across quartiles of portfolio size. The negative rela-
tionship between portfolio size and specialization is striking: regardless of specialization measure,
portfolio size increases sharply as we move from the highest quartile of specialization to the lowest
quartile. The differences between portfolio size for the most generalist funds and most specialist
funds is significant at the 1% level. In addition, the magnitude is very large: average portfolio size
in the most generalist quartile is between 176% and 201% of portfolio size in the most specialist
quartile.For example, firms in the bottom quartile of industry specialization — the industry gener-
alists — have a mean portfolio size of approximately 30 companies, while firms in the top quartile
of industry specialization — the industry specialists — have a mean portfolio size of approximately
17 companies. We find the same pattern when we reverse the order of the univariate sorts, sorting
fund specialization measures across quartiles of portfolio size. As we move from the lowest quar-
tile of portfolio size to the highest quartile of portfolio size, specialization decreases significantly,
regardless of the dimension on which it is measured. Once again, these differences are significant

at the 1% level.

5.1.2 Experience

As noted in Section 3, our model implies that greater experience should be associated with larger,
less-specialized portfolios. As Table II shows, the unconditional correlation between experience and
size is positive regardless of the measure of experience employed. The unconditional correlations

between portfolio size and experience range from 0.18 to 0.26 and are all significant at the 1%
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level. As an alternative measure of experience, we can also consider fund sequence number. The
unconditional correlation between fund sequence number and portfolio size is also positive and
significant, at 0.10.

Panels C and D of Table III presents univariate sorts of portfolio size and specialization mea-
sures over quartiles of fund experience. (The table employs experience based on number of days
since parent firm’s first investment, though similar results obtain over the other three experience
measures, or fund sequence number.) Firms in the highest quartile of experience are on average
155% larger than those in the lowest quartile of experience, with a difference in mean portfolio size
between the highest and lowest quartiles of experience of approximately 10 portfolio companies,
and the difference is significant at the 1% level.?? Similarly, sorts of specialization over quartiles
of experience demonstrate that more experienced firms create funds that are less specialized, with
the difference in fund specialization between the highest and lowest quartiles of firm experience

significant at the 1% level for both dimensions of specialization.

5.1.3 Investment Stage

As stated in Section 3, our model implies that VC funds investing in earlier rounds should be
smaller and more specialized. As Table II shows, the correlation between the early stage indicator
variable and portfolio size is -0.07, while the correlation between the early stage indicator and our
measures of specialization is positive, ranging from 0.07 to 0.20. All the reported correlations are
statistically significant at the 1% level.

Funds investing primarily in seed or early stage deals exhibit a mean portfolio size of 19.4
companies, versus a mean portfolio size of 23.6 portfolio companies for funds that do not invest
primarily in seed or early stage deals; the difference is significant at the 1% level. Early-stage funds
also exhibit higher levels of specialization. KEarly-stage funds have mean industry HHIs of 0.42,
versus 0.39 for later-stage focused funds, and geography HHIs of 0.37, versus 0.26 for later-stage

funds; both these differences are significant at the 1% level.

22This is also consistent with findings on dollar size of funds and experience documented in Kaplan and Schoar
(2005), Gottschalg and Phalippou (2007) and Hochberg, Ljungqvist, and Vissing-Jorgensen (2009).
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5.1.4 Money Chasing Deals

As stated in Section 3, our model implies that inflows into the entire VC industry should lead
funds to be smaller and more specialized. As Table II shows, the correlation between inflows and
portfolio size is -0.13, and the correlations between inflows and the four measures of specialization
are positive, ranging from 0.16 to 0.29. All the reported correlations are statistically significant at
the 1% level.

Panel C of Table III presents univariate sorts of portfolio size and specialization measures over
quartiles of total inflows. The portfolio size of funds raised in years in which inflows into the VC
industry were highest are significantly smaller than the portfolio size of funds raised in years in which
inflows into the VC industry were lowest, with the difference in mean portfolio size between the
highest and lowest quartiles of inflows is 7.25 firms. Similarly, sorts of specialization over quartiles
of total demonstrate that funds raised in years in which inflows into the VC industry were highest
are significantly more specialized than funds raised in years in which inflows into the VC industry
were lowest, with the difference in specialization between the highest and lowest quartiles of firm

experience significant at the 1% level for both geography and industry specialization measures.

5.1.5 Deal Flow and Cost of Specialization

As noted in section 3, our model provides an unambiguous prediction that funds investing primarily
high deal flow / low cost of specialization areas should have larger portfolios, holding the optimal
choice of specialization constant. The prediction for the effect of our proxy on specialization is less
clear. The model provides an unambiguous prediction for the effect of the cost of specialization
(M) on the specialization of the portfolio, holding optimal portfolio size constant — funds with lower
costs of specialization to deal flow should be more specialized. However the model is ambiguous
on the equivalent effect of having a larger ex-ante pool of potential deal flow (V). Given that
our proxy may capture both a larger pool of ex-ante deal flow and a lower cost of specialization,
we therefore do not have an unambiguous prediction for the effect of the proxy on the geographic
specialization of the portfolio, though we nevertheless explore the resulting empirically observed
relationship.

As the predictions resulting from these comparative statics require us to hold the optimal
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level of specialization and/or portfolio size constant, we do not have univariate predictions for the
relationship between our deal flow / cost of specialization proxy and portfolio size or specialization.
That said, we note that funds investing primarily in the San Francisco Bay Area or Boston-Route
128 area — our proxy for higher ex-ante deal flow and lower cost of geographic specialization — exhibit
a mean portfolio size of 26.7 companies, versus a mean portfolio size of 17.6 portfolio companies for
funds that invest primarily in other geographic areas; the difference is significant at the 1% level.
In contrast, there are no significant univariate differences in geographic specialization between the
two sub-samples (0.27 and 0.28).

Both the correlations and the patterns in the univariate sorts presented above are consistent
with the predictions of the model. We now turn to analyzing the relationships between our key

variables of interest in a multivariate setting.

5.2 Multivariate Models

We begin by examining the tests that result from our first set of comparative statics: the effect of
proxies for {1, o, —0, u} on size and specialization.

Our model produces two first order conditions, and so it is tempting, at first glance, to view
the proper empirical model as one of simultaneous equations. This, however, is not correct.

Consider a simultaneous equations system (SEM) of the form

portfolio size = f(specialization, exogenous parameters) -+ € (12a)

specialization = f(portfolio size, exogenous parameters) + (12Db)

As Wooldridge (2002) demonstrates, in order for a set of equations to be an SEM, each equation
must be autonomous, i.e., “have an economic meaning in isolation from the other equations in the
system.” For example, in a supply and demand SEM, the decision to supply a given good and the
decision to demand that good come from the distinct optimization problems of two separate agents,
and thus the supply and demand curves have precise ceteris paribus interpretations. Here, the two
choice variables are the result of a single optimization problem for one economic agent (the VC
fund). Thus, there is no meaning in asking how an exogenous shock to specialization affects size (or

vice versa) because both are determined jointly as a function of the underlying parameters. Our
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interest is in testing whether, other factors held fixed, there exists a tradeoff between portfolio size
and specialization. To do so, Wooldridge (2002) argues that we should simply estimate equation
(12a) and/or equation (12b) as stand-alone equations.?

We thus present two sets of multivariate models analyzing the relationship between portfolio
size, specialization and our parameter proxies. Our first set of models uses specialization as the
dependent variable, while our second set uses portfolio size as the dependent variable. Table IV
presents models in which the dependent variable is the industry specialization (HHI) of the fund’s
portfolio, and the independent variables are the proxies for the variables of interest from our model,
described above, as well as year dummies that provide additional controls for changing conditions
over the course of our sample. Table V presents similar models, this time employing geography
specialization as the dependent variable.

Our specialization measures have support on [0,1] and positive mass on 1. To avoid the resulting
well-known biases of OLS in this situation, we estimate fractional logit models using quasi-MLE
(see Papke and Wooldridge (1996)).2¢ This involves modeling the conditional mean, F(y|zr) =
%7 /(14 €5%). All models are estimated included year controls (not reported), and standard errors
are heteroscedasticity-consistent and clustered by VC parent firm.

In each table, we present five models. In column (1), we present a simple model of specialization
as a function of portfolio size. In columns (2) and (3), we model specialization as function of our
other independent variables of interest, experience, the indicator for early-stage focus, and VC
inflows alone, once using the natural logarithm of days since first startup investment by the parent
firm as a measure of experience, and once using the natural logarithm of fund sequence number
as our measure of experience? In columns (4) and (5), we estimate models with the full range of
variables of interest from our model.

In all five of the models estimated, for both dimensions of specialization, we observe a clear, sta-

ZNote that even if we thought (12a) and (12b) made sense as an SEM, we would not be able to estimate the
parameters. Estimating such a system requires two exogenous variables, one per equation, each of which affects the
LHS endogenous variable but not the RHS endogenous variables. Our model implies the existence of such a variable
for portfolio size: both skill and cost of capital appear only in the first-order condition for size. However, every other
variable appears in both first order conditions, and so we cannot have an instrument for specialization.

24 All our reported results are robust to employing either Tobit estimations bounded from above by one or naive
OLS estimations.

25Fund sequence number and fund experience are highly correlated, on the order of 0.75, and thus we include them
in our empirical models separately, rather than together. Our results are robust to employing the three other direct
measures of experience described above as well.
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tistically significant negative relationship between portfolio size and specialization. The magnitude
of the associated relationship is substantial: holding all other variables at their means, a one stan-
dard deviation increase in fund portfolio size is associated with a reduction in industry HHI that
ranges from -0.033 to -0.045, depending upon the exact specification estimated. (This compares
to the unconditional mean industry HHI of 0.40.) Similarly, holding all other variables at their
means, a one standard deviation increase in fund portfolio size is associated with a reduction in
geography HHI that ranges from -0.056 to -0.066, depending upon the model estimated (compared
to the unconditional mean geography HHI of 0.28).

As our model predicts, the estimates from Tables IV and V indicate that experience and sequence
number are associated with less specialization: holding all other variables at their means, a one
standard deviation increase in fund parent firm experience (sequence number) is associated with
a reduction in industry HHI of approximately -0.021 (-0.022), and a reduction in geography HHI
of approximately -0.012 (-0.017). Increases in investment in earlier stage companies or in total
VC inflows are associated, as predicted by the model, with increased specialization of the fund’s
portfolio. Holding all other variables at their means, focusing on early-stage portfolio companies is
associated with an increase of 0.016 to 0.025 in industry specialization of the portfolio, and 0.085
to 0.089 in geography specialization. A one standard deviation increase in total VC inflows into
the industry is associated with an increase in industry HHI in the range of 0.037 to 0.050, and an
increase in geography HHI of 0.018 to 0.034.

In, Table VI, we reverse the designation of dependent variable, and analyze the relationship
between the exogenous variables in our model and portfolio size. We take two approaches to
analyzing portfolio size. In Panel A of the table, the dependent variable is the natural logarithm
of portfolio size. In Panel B, to demonstrate robustness by avoiding the issues related to the
estimation of count variables, we estimate poisson models of portfolio size (the count of unique
number of portfolio companies). In the first two columns of each panel, we estimate simple models
of portfolio size as a function of specialization (industry or geography HHI). In the third column,
we model size as a function of the proxies for the exogenous parameters in our model. In the fourth
and fifth columns, we estimate models of size as a function of industry specialization in addition to
the proxies for exogenous parameters. In the sixth column we model size as a function of geography

specialization and our proxies.
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In both panels, similar patterns emerge. In all five of the models that include a specialization
measures on the RHS, we observe a positive association between specialization and size, consistent
with the predictions of our model. We observe a positive association between experience and size,
and a negative association between early stage or VC inflows and size consistent with the predictions
of the model. Here too, the magnitudes of the effects are large. Holding all other variables at their
means, a one standard deviation increase in industry (geography) specialization is associated with
a decrease in portfolio size of 4.2 to 5.6 (5.32 to 6.6)companies, depending on the model estimated.
This compares to an unconditional mean portfolio size of 23 companies. A one standard deviation
increase in experience is associated with an increase in portfolio size of 4.3 to 4.4 companies, a one
standard deviation increase in total VC inflows is associated with a decrease in portfolio size of 2.2
to 3.5 companies, and focusing on early stage companies is associated with a decrease in portfolio
size of 1.6 to 3.4 companies, depending on the model. With the exception of the coefficients on
the indicator for early-stage investment focus in two of the twelve models, all the coefficients are
statistically significant at conventional levels, and the vast majority are significant at the 1% level.

Our final set of models extends the estimations conducted above to examine the effects of our
proxy for the technology parameters {—\, N}. The comparative statics for these parameters lead to
predictions on portfolio size and specialization that hold only when either the level of specialization
or portfolio size is held constant. Here, it is once again useful to note that estimation of an SEM-
type model would be doubly inappropriate, as we specifically wish to test the direct effects of a
change in these parameters on portfolio size (specialization), rather than the sum of the direct and
indirect effects through specialization (size).

Table VII augments the models estimated in Tables IV through VI with our proxy for high
deal flow / low cost of specialization, the indicator variable taking the value of one if the fund
primarily invests in either the San Francisco Bay Area or the Boston-Route 128 area. Columns (1)
and (2) present estimates from OLS models where the dependent variable is the natural logarithm
of the fund’s portfolio size measured in number of unique firms. Columns (3) and (4) present
estimates from poisson regressions where the dependent variable is the portfolio size measured in
number of unique firms. In all four models, the independent variables are as in the models in
Table VI, with the addition of the indicator for primarily investing in San Francisco Bay Area

or Boston-Route 128 area — our proxy for higher ex-ante deal flow and lower cost to geographic
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specialization. All models are estimated including year controls (not reported), and standard errors
are heteroscedasticity-consistent and clustered by VC parent firm.

Consistent with the predictions arising from our comparative statics on A and N, we observe
a positive and significant relationship between being located in a high deal flow / low cost of
geographic specialization area — having the San Francisco Bay Area or Boston-Route 128 area as a
primary geography of investment — and portfolio size, holding geographic specialization constant.
The magnitude of the effect is significant. Holding all other variables at their means, investing
primarily in SF/BOS is associated with a increase in portfolio size of 7.2 to 7.7 companies, depending
on the model estimated. In all four of the models, we observe (as in the models in Table VI) a
positive association between specialization and size, a positive association between experience and
size, and a negative association between early stage or VC inflows and size consistent with the
predictions of the model. The magnitudes of these effects remain similar to those in the models
in Table VI, with the exception of the indicator for investing primarily in seed or early stage
investments.

While our model does not provide an unambiguous prediction for the effect of higher N on
specialization, it provides a prediction for the effect of lower \ on specialization, holding portfolio
size constant. Our proxy — primarily investing in San Francisco Bay Area or Boston-Route 128
area — can proxy for both A and NN, and thus it is interesting to examine what empirical effect is
observed when relating the proxy to geographic specialization, when portfolio size is held constant.
To that end, columns (5) and (6) of Table VII present estimates of fractional logit models where
the dependent variable is the geographic specialization (HHI) of the fund, and the independent
variables are as in the models estimated in Table V, augmented by the indicator for primarily
investing in San Francisco Bay Area or Boston-Route 128 area — our proxy for higher ex-ante deal
flow and lower cost to geographic specialization. Both models include year controls (not reported),
and standard errors are heteroscedasticity-consistent and clustered by VC parent firm. In both
models, we observe a positive and significant relationship between being located in a high deal flow
/ low cost of geographic specialization area — having the San Francisco Bay Area or Boston-Route
128 area as a primary geography of investment — and geographic specialization, consistent with
the model’s predictions for the effect of lower A on specialization. Holding all other variables at

their means, investing primarily in SF/BOS is associated with a increase in portfolio geography
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specialization of roughly 0.04 regardless of model estimated. The coefficients on the remaining
independent variables remain similar to those estimated in Table V.

Overall, the empirical relationships and patterns documented in Tables II through VII are
consistent with the main predictions of our model, and are often different than the patterns generally
presumed in the investments literature with regards to size and scope. These patterns emphasize
the importance of accounting for access to deal flow when examining the choice of specialization

and size in a setting where deal selection is critical.

6 Conclusion

There is a general presumption in economics and finance that specialization enhances productivity
and is thus an important driver of value. In this paper, we present and test a model of project
selection that generates endogenously decreasing marginal returns to capital, so that the investment
frontier is a function of the specialization choice of the project manager. Specialization can increase
the cash flows from any given idea or improve the average quality of a pool of ideas. However,
specialization restricts the pool of potential ideas the investor can choose from because some of
the potential projects are outside of either the investor’s expertise or his area of focus. The second
effect dominates when investments are highly heterogeneous in quality, and so size and specialization
are substitutes. In addition, positive factors, such as higher skill will induce portfolio managers to
become larger in size and scope, and negative factors, such as competition induce portfolio managers
to become smaller and more specialized. We test our model with data from the venture capital
industry and find empirical support in the form of several results that run counter to common
intuitions regarding project selection. As a result, our model and empirical work can provide
insight into how investment funds are structured, and, by implication, how investment vehicles

without ongoing business activities differ from firms in the way they make choices.
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A Order Statistics and G

A.1 A Representation of Order Statistics

We will repeatedly use the Rényi representation for order statistics given in Rényi (1953). However,
we will reverse the ordering, so that ¢, ; is the jth highest draw from a sample of n i.i.d. variables,
i.e. (p1 = maxi<i<n ¢;. If the ¢; have a standard exponential distribution, then,
d = &
£ il
i=j

where the e; are independent standard exponential random variables.

If F is a general distribution function, we follow the method of Rényi (1953) and look at a
sample of n i.i.d. variables with distribution function (cdf) F(£). We set®® ¢; = —In (1 — F(&))
and observe that the (; are exponentially distributed and independent. Since the transformation is
strictly increasing, the ordering of the sample is maintained. Then we can write

n

d ~—
{mj:Fl 1—exp|— Z

=7

ﬁ (13)

i

A.2 Proof of Proposition 1

From the definition of G(n,m) (3), G(n,m) — G(n,m —1) = E[A,,;,]. This expectation is positive
because F'(A = 0) = 0 and declining because A, ;,, is defined to be larger than A, ;1.

Similarly, G(n + 1,m) — G(n,m) = 371", (E[Apt1,j] = E[Ap;]). This sum is positive because
(13) shows that A, 1 ; first order stochastically dominates A, ;.

Finally, [(G(n+1,m) —G(n+1,m —1)) — (G(n,m) — G(n,m — 1)) = E[An11.m] — E[Apn].
This expectation is positive because (13) shows that A, ., first order stochastically dominates
Ay

A.3 Proof of Proposition 2

Because G is shown to be concave in m (Proposition 1) and assumed to be concave in n (Assumption
1), it is also the case that 7(¢, M) (Equation 5) is concave in ¢ and M. In addition, both ¢ and
M are bounded. Thus, the portfolio manager’s problem has a unique solution.
Maximizing (5) is equivalent to maximizing
0

[M<bn+(a+(1—a)M)G((l—Mﬁ)N,M)]—ME- (14)
Condition (7), Assumption 1, and the results of Proposition 1, imply that (14) is super-modular
in (M,—¢,v,—0), (M,—¢,a, ), (¢,—\), and (M, N,—\). Topkis’s theorem (Topkis (1998)) then
proves the comparative statics.?”

20We use a slightly different transformation here then Rényi here (equation 1.10 in Rényi (1953)). For the equiv-
alence, observe that F(&;) and 1 — F(&;) are both uniformly distributed. The remaining differences follow from our
rank ordering from highest to lowest, rather than the reverse.

2"Super-modularity of f(z,y) in (z,y) means that the return to increasing = goes up with y. Intuitively, if the
gains from x go up with y, then an optimizing agent should do more = when y is plentiful.

As an example, assume f is continuous. Then super-modularity is equivalent to stating fey(z,y) > 0. To see that
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A.4 Distributional Examples

In all three examples, § is a measure of the scale of the distribution. When ( is larger, the
distribution has its mass pushed into the tail. Thus, a large § means that the best project will
likely be drawn from further out in the now larger tail.

A.4.1 The Exponential Distribution

1
Assume that the A; are distributed exponentially: F(A) = 1 — e_ﬁA, with scale parameter ﬂ

Then the Rényi representation theorem on order statistics (13) implies that E [A,, ] = 35 7_,. 1,
and so
m m n 1
G = E ey J—
IROES ST 39 35
j=1 Jj=1k=j

Then we have

1
_ 1) = z
(Gnm) = Gnm=1) = 53 g
(G(n+1,m)—G(n,m)) = f—
9 ) - n+ 1
1
(G(n+1,m) = Gn+1,m—1)) = (Gn,m) —Gln,m —1))] = f——
Thus G is concave in n as assumed, and if § > m, then the required condition on G in

Proposition 2 is met.

A.4.2 The Uniform Distribution
Assume that the A; are distributed uniformly: F(A) = 2 for A € [0,3]. Then the Rényi repre-

B
sentation theorem on order statistics (13) implies that E [A, ] = 87755 L and so
- m(m+ 1)
= E An s = —_———
Gl = 2 Bl #(m-orn)
Then we have
— 1
(Glnm) = Glnm—1) = gl
m(m+ 1)
1 _
(G(n+1,m) — G(n,m)) St D+ 2)

m

(Gln+1,m) = Gln+1,m = 1)) = (Gln,m) = Glnm = D) = By

Thus G is concave in n as assumed, and if 3 > W (N + 2), then the required condition on
G in Proposition 2 is met.

this implies that optimal choice of z is increasing in y, we examine the first order condition on z: fz(x*(y),y) = 0.
Using the implicit function theorem, (g " (y) = f””y Since the denominator must be negative for an optimum to
exist, fzy(x,y) > 0 implies z*(y) is increasing in y. TOpklb s theorem proves this result when f is defined only on a

(possibly discrete) set.
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A.4.3 The Power Law Distribution

Assume that the A; are distributed according to a power law: F(A) =1— x_%A for # < 1, defined
on A € [1,00). (If B > 1, then the required expectations fail to exist because the distribution
has no mean). Then In(A) has an exponential distribution with scale parameter 3. The Rényi
representation theorem on order statistics (13) implies that

n

B A ] = B fexp (1n (A )] = E [exp (ﬂ > k)] H Blew (59)] = 1] 725
k=m

k=m

where the e are i.i.d. standard exponential variables. Then,

Glnm) =3Bl = ][ (15)
j=1 j=1k=j
Then we have
(G(n,m) —G(n,m—1)) = H %
k=m
(Gn+1,m) — G(n,m)) = <n+f—ﬁ> G(n,m)
(Gn+1,m)—Gn+1,m-1))—(G(n,m)—Gn,m-—1))] = (n—|—1— ) H

Thus G is concave in n as assumed. The cross difference achieves its minimum at m = n, so the

required condition on G for Proposition 2 is met if <ﬁ) (#) > (a+(1_a;7m/\(n+1). Since the
left hand side is increasing in § from 0 to 0o, we can define unique 5* as the value of 3 for which the
condition is met with equality. Then, if g > 8* and §* < 1, the required cross difference condition
on G is met.
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Table I. Descriptive Statistics

The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 (the “vintage years”) and make at least five investments over the course of their lives. Fund portfolio size (#) is the
number of unique portfolio companies the fund invested in over the course of its life. Fund assets ($) is the amount of
committed capital reported in the Venture Economics database. Sequence number denotes whether a fund is the first, second
and so forth fund raised by a particular VC management firm. A fund is defined as investing primarily in seed or early stage
deals if the largest fraction of the fund’s investments were invested in at the seed or early stage. A fund is defined as
primarily investing in the greater San Francisco (SF) Bay Area or Boston (BOS) /Route 128 area if the largest fraction of the
fund’s investments were located either in the San Francisco-Oakland-San Jose CMSA or in the Boston-Worcester-Lawrence
CMSA. The four measures for the investment experience of a sample fund’s parent (management) firm are based on the
parent’s investment activities measured between the parent’s creation and the fund’s vintage year. By definition, the
experience measures are zero for first-time funds. The VC inflows variable is the aggregate amount of capital raised by other
VC funds in the sample fund’s vintage year. Specialization measures are derived using the investments made by the sample
fund over its lifetime. Industry HHI (#) is the Herfindahl-Hirschman Index of the fund’s investments across industries, using
the number of unique portfolio companies invested in by the fund in each Venture Economics industry category. Venture
Economics uses six industries: biotechnology, communications and media, computer related, medical/health/life science,
semiconductors/other electronics, and non-high-technology. Industry HHI ($) is the Herfindahl-Hirschman Index of the
fund’s investments across industries, using the total dollar values invested by the fund in each industry. Geography HHI is
the Herfindahl-Hirschman Index of the fund’s investments across Metropolitan Statistical Areas (MSAs), using the number
of unique portfolio companies invested in by the fund in each of the 287 US MSAs represented in the dataset.

No. Mean Std. dev. Min Median Max
Fund characteristics
fund portfolio size (# companies) 1820 23.03 19.31 6 17 212
fund committed capital ($m) 1789 87.33 195.08 0.1 36 5000
sequence number 1562 3.54 3.78 1 2 31
first fund (fraction, %) 1820 29.8
primarily seed or early stage (fraction, %) 1820 13.3
primarily invest in SF or BOS (fraction, %) 1814 59.5
Fund specialization
industry HHI (# companies) 1820 0.40 0.15 0.18 0.36 1
industry HHI ($ value) 1819 0.44 0.17 0.17 0.4 1
geography HHI (# companies) 1814 0.28 0.18 0.04 0.22 1
Fund parent’s experience (as of vintage year)
days since parent’s first investment 1820 219559  2380.06 0 1279 9130
no. of rounds parent has participated in so far 1820 108.32 227.14 0 19 2292
aggregate amount parent has invested so far ($m) 1820 101.16 306.41 0 14.84  6563.61
no. of portfolio companies parent has invested in so far 1820 42.05 70.91 0 13 601

Money chasing deals
VC inflows in fund’s vintage year ($bn) 1820 23.38 27.87 2.29 75.13 84.63




Table I1. Correlations

The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 (the “vintage years”) and make at least five investments over the course of their lives. Fund portfolio size (#) is the
number of unique portfolio companies the fund invested in over the course of its life. Fund assets ($) is the amount of
committed capital reported in the Venture Economics database. Sequence number denotes whether a fund is the first, second
and so forth fund raised by a particular VC management firm. A fund is defined as investing primarily in seed or early stage
deals if the largest fraction of the fund’s investments were invested in at the seed or early stage. The four measures for the
investment experience of a sample fund’s parent (management) firm are based on the parent’s investment activities measured
between the parent’s creation and the fund’s vintage year. By definition, the experience measures are zero for first-time
funds. The VC inflows variable is the aggregate amount of capital raised by other VC funds in the sample fund’s vintage
year. Specialization measures are derived using the investments made by the sample fund over its lifetime. Industry HHI (#)
is the Herfindahl-Hirschman Index of the fund’s investments across industries, using the number of unique portfolio
companies invested in by the fund in each Venture Economics industry category. Venture Economics uses six industries:
biotechnology, communications and media, computer related, medical/health/life science, semiconductors/other electronics,
and non-high-technology. Industry HHI ($) is the Herfindahl-Hirschman Index of the fund’s investments across industries,
using the total dollar values invested by the fund in each industry. Geography HHI is the Herfindahl-Hirschman Index of the
fund’s investments across Metropolitan Statistical Areas (MSAs), using the number of unique portfolio companies invested
in by the fund in each of the 287 US MSAs represented in the dataset. The table presents pair-wise correlations between
variables of interest and fund portfolio size and specialization measures. We use ~~, ", and " to denote significance at the 1%,
5%, and 10% level (two-sided), respectively.

fund
portfolio  industry  industry geography
size HHI(#) HHI($) HHI®#

Fund characteristics

fund portfolio size (# companies) 1.00 0267 0297 -0.297
fund assets ($m) 0317 0.02 -0.03 -0.10™
sequence number 010"  -0097"  -006"" -0.10""
first fund (fraction, %) -0.01 0.017" 0.077"  0.097"
primarily seed or early stage (fraction, %) -0.077 0.077" 0077 0207
Fund specialization

industry HHI (# companies) 1.00 0817 0187
industry HHI ($ value) 1.00 0.16™"
geography HHI (# companies) 1.00
Fund parent’s experience (as of vintage year)

days since parent’s first investment 0.18"" -0.09”" -0.097  -0117"
no. of rounds parent has participated in so far 025" -0107  -0087" -0117
aggregate amount parent has invested so far ($m) 025"  -0.03" -005"" -0117
no. of portfolio companies parent has invested in so far 026"  -0107"  -0.097" -0.127

Money chasing deals
VC inflows in fund’s vintage year ($bn) 0137 0297 022" 0167




Table I11. Univariate Sorts

The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 (the “vintage years”) and make at least five investments over the course of their lives. Fund portfolio size (#) is the
number of unique portfolio companies the fund invested in over the course of its life. Specialization measures are derived
using the investments made by the sample fund over its lifetime. Industry HHI (#) is the Herfindahl-Hirschman Index of the
fund’s investments across industries, using the number of unique portfolio companies invested in by the fund in each Venture
Economics industry category. Venture Economics uses six industries: biotechnology, communications and media, computer
related, medical/health/life science, semiconductors/other electronics, and non-high-technology. Industry HHI ($) is the
Herfindahl-Hirschman Index of the fund’s investments across industries, using the total dollar values invested by the fund in
each industry. Geography HHI is the Herfindahl-Hirschman Index of the fund’s investments across Metropolitan Statistical
Areas (MSAs), using the number of unique portfolio companies invested in by the fund in each of the 287 US MSAs
represented in the dataset. Panel A presents univariate sorts of specialization by quartile of fund portfolio size and of fund
portfolio size by quartile of specialization. Panel B presents univariate sorts of specialization by quartile of fund portfolio size
and of fund portfolio size by quartile of specialization. Panel C presents univariate sorts of specialization by quartile of fund
portfolio size and of fund portfolio size by quartile of specialization. We use ~™, ™", and " to denote significance at the 1%,
5%, and 10% level (two-sided), respectively.

Panel A. Portfolio size by quartile of fund specialization

Q1: Least Q2 Q3 Q4: Most  Q1-Q4
Specialized Specialized
industry HHI (# companies) 29.88 25.35 19.61 1691  12.96
industry HHI ($ value) 31.88 23.53 19.86 16.01 1587
geography HHI (# companies) 34.07 21.20 19.19 1691 17157
Panel B. Fund specialization by quartile of fund portfolio size
QL: Smallest Q2 Q3 Q4: Largest Q1-Q4
Portfolio Portfolio
industry HHI (# companies) 0.45 0.41 0.39 0.32 012"
industry HHI ($ value) 0.51 0.45 0.42 0.35 0.16™"
geography HHI (# companies) 0.36 0.29 0.25 0.20 0.16™"
Panel C. Portfolio size by quartile of fund experience
Q1: Least Q2 Q3 Q4: Most  Q1-Q4
Experience Experience
fund portfolio size (# companies) 17.66 21.35 25.64 2750  -9.837
Panel D. Fund specialization by quartile of fund experience
Q1: Least Q2 Q3 Q4: Most  Q1-Q4
Experience Experience
industry HHI (# companies) 0.42 0.41 0.37 0.38 0.03"™
industry HHI ($ value) 0.46 0.46 0.41 0.41 0.04™"

geography HHI (# companies) 0.31 0.30 0.25 0.25 0.05™"




Table I11. Univariate Sorts (Continued).

Panel E. Portfolio size by primary stage of investment

Seed/Early ~ Expansion/Late Difference

*

fund portfolio size (# companies) 19.39 23.63 4.26"

Panel F. Fund specialization by primary stage of investment

Seed/Early ~ Expansion/Late Difference

industry HHI (# companies) 0.42 0.39 -0.12"™
geography HHI (# companies) 0.37 0.26 -0.08™"

Panel G. Portfolio size by quartile of $ inflows into VC

Q1: Low Q2 Q3 Q4: High Q1-Q4
Inflows Inflows
fund portfolio size (# companies) 26.35 25.31 20.80 19.11 7.257"
Panel H. Fund specialization by quartile of $ inflows into VC
Q1: Low Q2 Q3 Q4: High Q1-Q4
Inflows Inflows
industry HHI (# companies) 0.36 0.35 0.42 047  -0.12"7
industry HHI ($ value) 0.40 0.39 0.46 050  -0.10™"

geography HHI (# companies) 0.25 0.26 0.28 032  -0.08"




Table V. Industry Specialization

The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 and invested in at least five portfolio companies. The dependent variable is Industry HHI (#), the Herfindahl-Hirschman
Index of the fund’s investments across industries, using the number of unique portfolio companies invested in by the fund in
each Venture Economics industry category. Venture Economics uses six industries: biotechnology, communications and
media, computer related, medical/health/life science, semiconductors/other electronics, and non-high-technology. These
dependent variables have support on [0,1] and positive mass at 1. To avoid the resulting well-known biases of OLS in this
situation, we estimate fractional logit models using quasi-MLE; see Papke and Wooldridge (1996). This involves modeling
the conditional mean E(y|x)=exp(XB)/(1+exp(xp)). Independent variables are as described in Table I. Year controls are
included but not reported. Intercepts are not shown. Heteroskedasticity-consistent standard errors (clustered on parent VC
firm) are shown in parentheses. We use ~, ", and ~ to denote significance at the 1%, 5%, and 10% level (two-sided),
respectively.

Industry HHI (# companies)

1 2 3 4 5
In fund portfolio size -0.278"™" -0.205"" -0.215"
0.023 0.024 0.024
In days since parent’s first investment -0.093™ -0.064""
0.013 0.013
In fund sequence number -0.014™" -0.107""
0.022 0.020
=1 if primarily invests in seed or early stage 0.133™"  0.092”" 0.105"  0.070
0.050 0.049 0.049 0.048
In VC inflows in funding year 0.164™"  0.182"" 0.134™ 01497
0.023 0.025 0.022 0.022

No. of observations 1,820 1,678 1,561 1,678 1,561




Table V. Geography Specialization

The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 and invested in at least five portfolio companies. The dependent variable is Geography HHI, the Herfindahl-Hirschman
Index of the fund’s investments across Metropolitan Statistical Areas (MSAs), using the number of unique portfolio
companies invested in by the fund in each of the 287 US MSAs represented in the dataset. These dependent variables have
support on [0,1] and positive mass at 1. To avoid the resulting well-known biases of OLS in this situation, we estimate
fractional logit models using quasi-MLE; see Papke and Wooldridge (1996). This involves modeling the conditional mean
E(y[x)=exp(xB)/(1+exp(xB)). Independent variables are as described in Table I. Year controls are included but not reported.
Intercepts are not shown. Heteroskedasticity-consistent standard errors (clustered on parent VC firm) are shown in
parentheses. We use , ", and " to denote significance at the 1%, 5%, and 10% level (two-sided), respectively.

Geography HHI (# companies)

1 2 3 4 5
In fund portfolio size -0.492™ 04217 -0.453"
0.039 0.038 0.042
In days since parent’s first investment -0.101™" -0.044™
0.019 0.018
In fund sequence number 01717 -0.102"
0.036 0.033
=1 if primarily invests in seed or early stage 0.476™"  0.4507" 04277 04127
0.071 0.077 0.049 0.073
In VC inflows in funding year 01777 0.148™ 0119  0.0807"
0.034 0.039 0.035 0.041

No. of observations 1,814 1,675 1,556 1,675 1,556




Table VI. Portfolio Size
The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 and invested in at least five portfolio companies. The dependent variable is the fund’s portfolio size. Panel A presents
OLS models where the dependent variable is the natural logarithm of the fund’s portfolio size (number of unique firms).
Panel B presents poisson models where the dependent variable is the fund’s portfolio size (count of unique firms).
Independent variables are as described in Table I. Year controls are included but not reported. Intercepts are not shown.
Heteroskedasticity-consistent standard errors (clustered on parent VC firm) are shown in parentheses. We use ", ", and ~ to
denote significance at the 1%, 5%, and 10% level (two-sided), respectively.

Panel A. OLS models In portfolio size
1 2 3 4 5 6
industry HHI (# companies) -1.296™" -1.012™  -1.014™
0.125 0.136 0.134
geography HHI (# companies) -1.309"" -1.1277
0.100 0.104
In days since parent’s first investment 0.141™ 0.119™ 0.119™
0.014 0.013 0.014
In fund sequence number 0.1217"
0.031
=1 if primarily invests in seed or early stage -0.1417"  -0.109™  -0.088" -0.028
0.047 0.045 0.046 0.045
In VC inflows in funding year -0.148™"  -0.108™" -0.113"  -0.1097"
0.036 0.035 0.045 0.036
R? 0.08 0.12 0.11 0.16 0.10 0.19

No. of observations 1,820 1,814 1,678 1,678 1,561 1,675




Table VI. Portfolio Size (Continued).

Panel B. Poisson models portfolio size (count)
1 2 3 4 5 6
industry HHI (# companies) -1.632"" -1.2177 12717
0.165 0.174 0.179

geography HHI (# companies) -1.629"" -1.332"

0.167 0.169
In days since parent’s first investment 0.161" 0.135" 0.137"

0.020 0.017 0.017

In fund sequence number 0.122""

0.033

=1 if primarily invests in seed or early
-0.189”" -0.1607" -0.134"  -0.073

stage
0.056 0.054 0.055 0.053

In VC inflows in funding year 01727 -012677  -0.12777  -0.1347
0.035 0.034 0.042 0.035

No. of observations 1,820 1,678 1,678 1,678 1,561 1,675




Table VII. High Deal Flow / Low Cost to Specialization

The sample consists of 1820 independent venture capital funds headquartered in the U.S. that were started between 1980 and
1999 and invested in at least five portfolio companies. The dependent variable in columns (1) and (2) is the natural logarithm
of the fund’s portfolio size (number of unique firms), and the models estimated are OLS. The dependent variable in columns
(3) and (4) is the fund’s portfolio size (count of unique firms) and the models estimated are poisson regressions. The
dependent variable in columns (5) and (6) is the geographic specialization of the fund, measured by the Herfindahl-
Hirschman Index of the fund’s investments across Metropolitan Statistical Areas (MSAs), using the number of unique
portfolio companies invested in by the fund in each of the 287 US MSAs represented in the dataset. These dependent
variables have support on [0,1] and positive mass at 1. To avoid the resulting well-known biases of OLS in this situation, we
estimate fractional logit models using quasi-MLE; see Papke and Wooldridge (1996). This involves modeling the conditional
mean E(y|x)=exp(xp)/(1+exp(xp)). Independent variables are as described in Table I. Year controls are included but not
reported. Intercepts are not shown. Heteroskedasticity-consistent standard errors (clustered on parent VVC firm) are shown in
parentheses. We use ~, ", and ~ to denote significance at the 1%, 5%, and 10% level (two-sided), respectively.

In portfolio size portfolio size geography HHI
(OLS) (Poisson) (fractional logit)
1 2 3 4 5 6
geography HHI (# companies) -1.16577  -1.11177 4114177 113477
0.104 0.101 0.171 0.166
In fund portfolio size -0.449™"  -0.483™
0.038 0.042
In days since parent’s first investment 0.099™" 0.113™ -0.053™"
0.014 0.017 0.018
In fund sequence number 0.083"" 0.082"" -0.125""
0.030 0.032 0.032
=1 if primarily invests in seed or early stage -0.011 -0.010 -0.053 -0.030 0.434™  0.423™
0.014 0.043 0.051 0.052 0.068 0.071
In VC inflows in funding year -0.090™"  -0.1057  -0.109™" -0.120""  0.1277"  0.088"
0.035 0.045 0.035 0.042 0.035 0.041
=1 if primarily invests in SF or BOS 0282 02857  0.342™° 03527 01997  0.2047
0.035 0.036 0.039 0.041 0.051 0.054
R? (OLS models only) 0.23 0.25

No. of observations 1,675 1,556 1,675 1,556 1,675 1,556




