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The venture capital (VC) market in the United States
is a young industry, dating back to a few deals shortly
after the close of WorldWar II. Most evidence points to
an early history, whereby investors poorly understood
the risks attached to this new market (Gompers and
Lerner 2001). During the 1960s and 1970s—for which
better data exist—the deals still were relatively sparse.
By the 1980s, an institutional infrastructure had been
put into place that permitted a rapid growth in trans-
actions, in volume and in value. By the start of 2000,
over 103,000 transactions had been recorded, and a
history of dozens of firms that grew from start-up to
the industrial 500 had been written.
This infrastructure is what is called a market. It con-

sists of a chain of investors and brokers who often
do not know the start and the end of the chain, but
who surely know their adjacent links. From this per-
spective, capital investment passes through social net-
works, in which the local character of investor and
investee is preserved in the context of a global myriad
of intersecting pathways. The key artifact that binds
the links in this chain is the transaction, which in
formal markets is recorded in contracts. The records
of these contractual ties among investors who enter,
transact, and exit over time permit a sophisticated
analysis of the VC market as an emergent network.

Looking at the emergent network of contractual ties
turns the question of financial market integration on
its head. The question of integration assumes that
local financial markets predate national ones; integra-
tion is the joining of existing local markets into larger
national ones. We propose a contrary hypothesis, bor-
rowed from the studies of Braudel (1981) on the emer-
gence of markets in medieval Europe, that locali-
ties almost from the start are not only connected by
bridges through commercial and social ties, but that
their own evolution is deeply tied to the dynamics of
a wider integrating market. In fact, it is not possible
to understand local financial market developments in
many important cases without understanding these
interregional ties and connections.
The evolution of VC in the United States is an odd

context in which to make this claim because past stud-
ies have found strong evidence for the local nature of
VC lending. In their early article, Florida and Kenney
(1988) noted the concentration of VC in a few regional
centers. Castilla et al. (2000) trace the dense network
linkages among VC firms in Silicon Valley, indicat-
ing strong local social ties. Sorenson and Stuart (2001)
analyzed the proximity of the VC firm to the target
firm and found that investments tended to be within
a 500-mile radius. Critical to our analysis below, they
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showed in their cross-sectional analysis that highly
central VC funds bridged these local agglomerations.
By definition, these cross-sectional results do not

capture the dynamics by which regions and national
networks coevolved. As we show, national brokerage
and regional development grew jointly and inter-
dependently. The adaptation of the limited partner-
ship agreement to VC investments in the late 1950s
was an institutional innovation that suddenly per-
mitted a national market to emerge in two decades.
This innovation provided the missing complement for
the effective governance of investments in unknown
technologies owned by new firms. The explosion
in entrepreneurial investments was geographically
diverse and indicates a rapid integration of a national
financial market in high-risk and new companies.
Our analysis proceeds as follows. After defining

terminology, data, and theoretical concepts, we show
first that VC deals quickly generated an integrated
national market across regions. This central finding
begs the question of what microbehaviors could plau-
sibly generate a national market so early in its history.
A benchmark hypothesis is that new and incumbent
VC firms are drawn to highly connected firms. If
this is true, we would expect to find power-law dis-
tributions for the number of deals by the VC firm.
However, this distribution gives an unsatisfactory fit.
The social structure of the network, while poorly
explained by the degree distribution, is revealed
through an analysis of repeated ties that are impres-
sively distributed by a power law. In these repeated
ties, we see a marked preference for VC firms to
renew their ties with each other by investing jointly
in a sequence of investment opportunities. By par-
titioning a measure of local density (i.e., clustering)
by geography and sector, we show that repeated ties
are national, and not local. Hence, the national VC
market consists of strong ties in two senses: They are
repeated, and they are “one step away.” The conserva-
tive preference for repeated coinvestments to remain
geographically and sectorally local is countered by
the opportunities to diversify into new sectors and
regions that necessitate new partners. A simple logit
model confirms the negative effect of diversification
on repeated ties. We thus see a trade-off between
trusted expertise and diversity.
The complexity of the sciences challenges us to

characterize observations of the global structure of
aggregate behavior (e.g., giant components, degree
distributions) that are consistent with observations
of the motives and strategies of microactors. From
simple rules and strategies come surprisingly well-
ordered structures. The statistical analysis of these
structures is considerably indebted to Newman et al.
(2001) for the analytical results for a bipartite graph;
to Newman (2005), Mitzenmacher (2004), Gabaix

(1999), and Farmer and Geanakoplos (2004) for their
explanation of power-law dynamics; to Guimera et al.
(2005) for their treatment of the entrant and incum-
bent link probabilities in relation to percolation; and,
finally, to Barrat et al. (2004a, b) for their analysis of
weighted graphs. These works permit a rich analysis
into the dynamics of VC market formation.

1. Financial Market Development and
the Venture Capital Industry

1.1. Historical Background: The Braudel
Hypothesis

That social foundations are required to support mar-
kets for capital investment is not a new observa-
tion and is hardly unique to VC. The history of
the development of capital markets after the Great
Restoration in England (Carruthers 1999), of credit in
post-revolutionary France (Hoffman et al. 2000), of
banking in 1800 New England (Lamoreaux 1994), and
of stock market trading (Michie 1999, Baker 1984) are
recapitulations of patterns that Braudel (1981) saw in
the local nature of foreign commerce in late medieval
Europe. These histories pose the following question:
At what point did these local markets intersect, such
that pricing and trade could be determined to be
national or international—that is, could no longer be
said to be local? The Braudel hypothesis is that local
markets developed in response to an evolving global
system.
The conventional treatment of financial integration

has been to study the narrowing of price variations
across local markets. Lance Davis (1965) launched a
series of inquiries by studying the process of inte-
gration of capital markets in the United States, using
implied interest data on both commercial and mort-
gage bank loans. He found slow convergence over the
period of study (1865–1914), with persisting regional
differences for long-term rates in regard to the south-
ern states. Part of the reason for this convergence,
he noted, was the geographic expansion of life insur-
ance and brokerage companies. Buchinsky and Polak
(1993) find that English credit and real estate mar-
kets reveal evidence of integration by the Napoleonic
Wars, perhaps in consequence of the large govern-
ment demand for loans; they do not, however, cite
by what means such integration occurred. Absent
public information on prices and transactions, the
integration of prices that is suggested by these stud-
ies implies informal mechanisms of communication.
However, these mechanisms are not specified.
Evidence on direct contacts and parties to transac-

tions provides greater insight into the social founda-
tions of markets. The benchmark expectation is that
social ties are regional, hence, so are capital mar-
kets. Lamoreaux’s history of bank lending in Eng-
land reveals the lending of capital even among bank
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directors; Padgett’s and Ansell’s (1993) detailed his-
tory of the Medici shows that commercial ties lie
along local family and patronal lines. Even in financial
markets, we find a strong bias for proximity to matter
to portfolio holdings, as found by Braggion (2005) for
late 19th century England, and by Franks et al. (2005)
for their study of 20th century British finance. Goet-
zmann et al. (2004) found that the proximity bias in
Swedish portfolios in the 1990s was related to urban
specialization. This role of expertise is also found in
our VC data, as discussed below.
However, there are also histories that indicate social

ties often bridged spatially noncontiguous transac-
tions, such as those among Maghribi traders (Greif
1993) or among notaries in France (Hoffman et al.
2004). Neal’s (1990) superb study of the integration of
the London and Amsterdam markets in the 1700s and
1800s notes in detail the movement of people from the
continent to England, yet his analysis relies on price
data to show convergence. In his study of the London
stock market, Michie (1999, p. 125) writes that “by the
early twentieth century, a complex web of contacts,
clients, agents, and organizers linked the London bro-
ker to investors abroad.” It is this web, which is cap-
tured by the data on VC transactions, that is amenable
to analysis as a graph.

1.2. Venture Capital Syndication as a Graph:
Definitions

The origin of the VC market is conventionally at-
tributed to the founding of the closed-end fund ARD
by George Doriot, a French entrepreneur on the fac-
ulty of the Harvard Business School, although there
were important precedents (Hsu and Kenney 2005).
This fund was imitated by several others in the
1950s—primarily in the northeast United States and
in California—but disappointed small investors who
were unaccustomed to substantial volatility. The insti-
tutional solution was to replace the closed-end fund
by private funds that accepted investments only from
financially qualified investors. Critical to the legal for-
mation of syndications, the first VC limited partner-
ship founding dates from 1958. The Draper, Gaither,
and Anderson fund, founded in Palo Alto, included
Rockefeller seed money, and thus was financed by
East Coast money from the start (Avnimelech et al.
2004). In this period, the U.S. government promoted
VC through small business investment corporations
(SBICs), although this organizational form experi-
enced substantial difficulty (Gompers and Lerner
2001). The decision in 1978 to permit pension funds
to invest a restricted percentage of their assets in
VC provided a substantial inflow of money and also
legitimated the market for other investors.
The dominant business model of a VC company (or

firm) is the attraction of capital from private or insti-
tutional investors for investment in VC funds under

the company’s management that then invest in a port-
folio of target companies. For a fund life of about
five years to a maximum of roughly 10 years, the
managing VC firm is likely to make deals in the
same sector or geography because of the nature of
the fund. In many cases, VC firms will join with each
other in investing in a single start-up. The combi-
nation of investments by multiple VC firms in one
start-up is called a syndicated deal, or syndication. Many
VC firms involved in syndications invest with numer-
ous VC partners across a range of start-ups, creat-
ing a chain of investments in which the syndications
form the links. Syndications therefore define a net-
work among the VCs, where the ties among them are
their coinvestments.
The nodes in such a network or graph are VC firms.

(We treat VC funds as “veils” and hence, we ignore
them—as has been traditional in this literature.) How-
ever, because VC firms are indirectly linked to each
other through joint investments in common targets,
the graph structure is bipartite. By projecting the bipar-
tite graph onto the VC firms, we can create a one-
mode representation of the network, in which VCs
are connected if they have invested in the same target
company. In this case, information about the target
companies can be used to characterize the VC nodes,
but the targets themselves are not part of the network
graph. The adjacency matrix is symmetric, consisting
of nondirectional links between the nodes.
An important dimension of a VC transaction is its

order in the sequence of financing of the target com-
pany. The first VC investment in a start-up is called
the first round. It commonly consists of general part-
ners, who bear more risk and earn more return, and
limited partners. Investments can be made in subse-
quent rounds, at different dates. These later rounds
can include the same investors or attract new ones.
A VC firm can be a leading or following partner in
the target company if it was, respectively, the first or
the following investor. Hereafter, we use the term fol-
lower to designate VC firms investing in a given tar-
get company at a time that is subsequent to the seed
investment made by another firm. We also distinguish
between new and incumbent firms. VC firms that par-
ticipate in a deal but had not previously invested in
any previous deal are called entrants, while firms that
have already made investments are called incumbents.
A few graph concepts are important for the follow-

ing analysis. The degree is the sum of the links that a
VC firm has built with other VC firms through syndi-
cated deals. However, because it is sometimes useful
to refer to the bipartite graph, we distinguish between
the degree of the VC firm and the degree of the tar-
get. We use the term of board size of a target com-
pany to indicate the number of VC firms that have
invested. The syndication size is the number of firms
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participating in the same funding round (i.e., the same
target at the same time).
In addition to degree, we also look at weighted

graphs, in which the links between two VC firms are
weighted by the sum of all the deals they have done
together. These weights are the count of the repeated
ties among two VC firms. Whereas weights refer to
links, the strength of a VC is equal to the sum of all the
weights, that is, to the total number of investments
that the VC firm has made.
Path length is the geodesic between two nodes; the

average path length for the graph is simply the aver-
age of these lengths. Nodes that are connected to each
other constitute a subgraph, or component; a VC firm
that does not syndicate is a component of size one.
The giant component is the largest component in the
network.
Finally, we also analyze clustering. The direct con-

nections of a given node i define its neighborhood. If
any two nodes j and h in this neighborhood are con-
nected, a triangle is formed, because by definition
they are connected to our node i. This triangle pro-
vides closure because the three nodes form a closed
loop. The clustering coefficient is defined for each
node and is simply the number of observed triangles
divided by the number of all potential triangles in
a neighborhood, then normalized to lie in the range
of �0�1�. The clustering measure for the graph is the
average of these coefficients. We will define clustering
for weighted graphs below.
The statistical distributions of graph-theoretic mea-

sures are not well understood. The tradition is to
compare the empirical observations against those esti-
mated for random graphs of known or arbitrary
distributions. Similarly, a comparison can be made
among empirical observations taken at different time
periods. We use both approaches in the analysis
below.

1.3. Making Deals: Trusted Expertise and
Diversification

Coinvestments by VC firms in a target firm have two
separate components. The first is the straightforward
motivation to seek other investors, and the second is
the search for a particular type of VC firm as a coin-
vestor. A conventional analysis of the first component
involves the important feature of risk diversification,
whereby the lead investor seeks to spread its capi-
tal among many targets by sharing their equity with
other investors. The second component derives from
the uncertainty over valuations that encourages firms
to signal and build a reputation by syndicating with
high-prestige partners.
A principal finding in this area (Lerner 1994) is

that smaller VC firms tend to join syndicates in later
rounds, while larger and more prestigious firms dom-
inate the early rounds. Along these lines, Piskorski

(2004) distinguishes between power and prestige
motives for ties, finding that VC firms are sensitive to
the trade-offs between engaging in deals and building
a reputation by venturing with prestigious partners.
Hsu (2004) extends the importance of reputation to
target firms by showing that their entrepreneurs forgo
higher offers in deference to the value they place on
investments by high-reputation VC firms. A common
measure of prestige is centrality. In the analysis below,
we use the degree count as a measure, as we wish
to analyze the well-studied property of “preferential
attachment,” by which a VC prefers to syndicate with
other VCs that have already made a lot of deals.
An alternative view of signaling is that syndica-

tion is motivated by the need of expertise from other
VCs who then sit on the boards of the target com-
panies (Brander et al. 2002). This explanation implies
that VCs seek partnerships to bring complementary
bodies of expertise to new entrepreneurial ventures.
This expertise may be geographical if one VC firm has
more experience in a region, or expertise can be sec-
toral (industry specialization). As companies sample
each other’s expertise, they develop trust and enter
into new syndications, thus generating repeated ties.
We should find that VC firms form ties with new part-
ners only when the investment is in new regions or
geographies. This corollary is tested below.
In our approach, VC firms inherit the geogra-

phy and sector attributes of the target companies in
which they have invested. The Sorenson and Stuart
(2001) study assigned VC firm geography to the head-
quarters location (although for missing values; they
assigned the location of the first investment). As we
define diversification in terms of the target invest-
ment, we update a vector of locational attributes of
VC firms by the geography of their investments. Sim-
ilarly, we update the sectoral attributes of VC firms
to reflect their investments in target industries. The
paths of sectoral and geographical updating play a
central role in understanding the local and dynamic
properties of the VC network.
In addition to geographic and sectoral diversi-

fication, the second important element in network
dynamics is the role played by new entrants. A sur-
prising feature of this history is that despite high rates
of entry in a finite sample of firms, statistical phenom-
ena such as power-law distributions and percolation
arise exceedingly quickly. These new entrants join the
network at relatively high frequency, fragmenting the
network initially, but quickly attaching themselves to
established firms.

1.4. Deals Database
The Venture Economics database of the Securities
Data Corporation (SDC) records VC transactions. We
constructed a deals file containing the list of invest-
ments of VC firms in target companies since 1960;
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Figure 1 Number of Investments and of Known Venture Capital Firms over Time
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this year is only two years later than the creation of
the first VC fund (Gompers and Lerner 2001). After
removing errors and incomplete records, we were
left with a data set of 159,561 VC deals made by
5,486 firms in 25,714 target companies located in 53
geographic areas and 10 industry sectors. The data
set also includes about 1,000 deals in target com-
panies where the VC firm names are not disclosed,
although the targets’ names are known. The SDC
data have been criticized for spottiness prior to 1979
(Piskorski 2004).1 For a more recent period, Kaplan
et al. (2002) compare the SDC data against a small
sample of hand-collected data; they find that SDC
excludes about 15% of the rounds. This error would
thus be rather small for the degree count (given the
high number of repeated ties discussed later), but
would understate the arrival time of the giant com-
ponent and the number of repeated ties; on balance,
these errors provide a conservative bias given our
hypothesis that a national component accompanies
local development.
Figure 1 provides the growth of deals over time and

the entry of new VC firms (nodes). The Internet bub-
ble clearly marks the final years of the data set. As
1979 is the year following a Department of Labor deci-
sion to allow for employee pension savings—ERISA—
to be invested in VC funds, the growth of the network
has a clear inflection at this juncture. Moreover, as we
will show, these early years already show a pattern
that is replicated in subsequent periods.

1 We are grateful to a reviewer who noted that the SDC data start
in 1960, as they were derived from the mandatory evaluations of
the government-subsidized SBICs.

2. Are the Early Graph Dynamics
Local or National?

The Braudel hypothesis is that local markets develop
in reference to the dynamics of a global market. To
address this hypothesis in the context of the United
States VC syndication network, we take snapshots
of the network at discrete cross-sections and then
trace the evolution of key statistics for understand-
ing the global connectivity of the graph. We begin
with the statistics on path length and then turn to the
emergence of a giant component.

2.1. Length and Connected Graph Components
Path length between a given node and all other nodes
provides an assessment of the global connectivity of a
node or, when summed over all nodes and divided by
the number of nodes, of the entire graph. This statis-
tic has been used extensively in recent years due to
the path-breaking investigations of Watts and Strogatz
(1998) on the properties of small worlds. Graphs with
short parth lengths are highly connected. In the fol-
lowing plots, we assume that two isolated nodes have
a null distance. This assumption allows us to treat
unconnected graphs.
To provide a sense of magnitude, we compare our

empirical estimation against the expected path length
drawn from a graph of an arbitrary distribution.
Using a generating function formula proposed by
Newman et al. (2001), Figure 2 compares this approx-
imated value for the path length with the actual value
for the network realized (cumulative deals from 1960
to 2005). This plot indicates a substantial difference
between the actual network structure and the results
from the Newman et al. formula. The empirical path
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Figure 2 Actual Maximum Path Length Against the Newman et al. (2001) Approximation
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length is substantially larger than the formula, sug-
gesting that simplifying assumptions do not hold for
our empirical data set.
In any study on the emergent properties of a net-

work, an entity of primary importance is the forma-
tion of the giant component. A giant component is
the largest subgraph or component in the network.
A visual inspection of Figure 3 suggests that the net-
work underwent a phase transition in early 1970s
in which many disconnected nodes and components
combined to form one giant component. We see that
the stabilization of path length is more or less coin-
cident with the emergence of this giant component.
Figure 3 indicates that the national giant component
consists of all regions and sectors also in our database
at this time. The rapid emergence of a giant compo-
nent despite longer path lengths than predicted by

Figure 3 Emergence of the Largest Network Component—the “Giant Component”
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a random model point to a role by actors to bridge
the regional and sectoral components in an otherwise
disconnected graph. We study this role next.

2.2. The Relationship Between the Local and
National Components

The results discussed above point to the obvious
conclusion that the regions or sectors can be more
fragmented than the national graph. The number of
components in the national graph itself represents a
lower bound on the sum of the components from
the disaggregated data; by construction, the national
giant component gives the upper bound on the max-
imum size of the local components. These boundary
relationships provide a potentially important insight
into the communication among the regions and the
national network.



Kogut, Urso, and Walker: Emergent Properties of a New Financial Market
Management Science 53(7), pp. 1181–1198, © 2007 INFORMS 1187

Table 1 Statistics of the Components Across Geographies and Sectors
from 1980 to 2005

Geographies Sectors

Number of Size of giant Number of Number of Size of giant Number of
Year components component nodes components component nodes

1980
Min. 1 1 1 2 1 2
Max. 10 149 158 9 168 169
Average 2.6 19.6 21.3 4.6 75.9 79.6

1990
Min. 1 2 3 2 93 94
Max. 17 1�069 1�085 16 878 886
Average 2.5 130.6 132.2 8.4 584.8 592.4

2000
Min. 1 2 3 7 812 818
Max. 38 2�131 2�169 35 1�537 1�566
Average 4.6 250.1 253.8 17.7 1�083�2 1�100�2

2005
Min. 1 2 3 8 1�012 1�035
Max. 50 3�201 3�252 39 2�599 2�635
Average 5.7 379.6 384.6 22.8 1�627�6 1�605�0

Note. These values refer to the whole deals data set, excluding cases where
geography or sector is unknown.

We take the whole network resulting from all deals
and look at the VCs that have invested in a particular
geography or sector. The deals made in other areas
effectively increase the connectivity among firms,
reducing the number of components and increasing
the size of the giant. Table 1 shows the census of the
distribution of components by region and sector. For
instance, in year 2005, the geographic units varied
from one to 50 components, with an average of 5.7.
The sectors have a more compact distribution, vary-
ing from eight to 39 components, with an average
value of 22.8. The giant component in the sectors is
on average bigger than in the geographies (1,627 ver-
sus 379) even if the biggest components are in a single
geography (e.g., the giant component of 3,200 nodes
in California).
Another way to analyze the relationship of the na-

tional and local components is to observe the change
in the number of components and the size of the giant
change at the national level. Table 2 shows that, in
year 2005, the giant component size increases from a
maximum value of 3,201 nodes for the regions to 5,192
for the national giant component. Symmetrically, from
the industrial sector perspective, we observe that the
consolidation effect by national integration is even

Table 2 Statistics of the Components for the Entire
Graph

Number of Size of giant Total nodes
Year components component number

1980 45 384 431
1990 62 1�744 1�811
2000 185 3�533 3�726
2005 278 5�192 5�486

more manifest because in 2005, the largest sector com-
ponent consists of only 2,599 nodes. Because the giant
components by the largest regions or by the largest
sectors are not close to the national size, there is
obviously a syndication network that not only spans
region and sector, but also bridges components within
sectors and regions. We can thus conclude that the
structural dynamics in regions and sectors are part of
a larger national dynamic, consistent with the Braudel
hypothesis.

3. Analysis of Venture Capital
as Nodes

We can repeat our analysis of the network at the
level of nodes—that is, the VC firms—by asking if the
social mechanisms that generate a connected national
market are themselves local or national. A measure
of particular theoretical interest is the degree because
reputation and signaling should lead to a pattern of
“the rich get richer” in syndications, thus generating
a highly skewed degree distribution characterized by
a power law. We thus begin by fitting the distribution
of degrees to a power law, and then see if the social
dynamics are local or national.
Power-law distributions can arise for many rea-

sons (even by a random process). They are consis-
tent with microbehaviors that are of interest here,
such as preferential attachment (nodes of high degree
attract proportionally more new links) that is sugges-
tive of the Lerner (1994) hypothesis (smaller firms
join larger ones in subsequent syndication rounds).
The failure to find a well-behaved power-law dis-
tribution contradicts the supposition of particular
micromotives—such as preferential attachment—and
thus their estimations can provide very powerful
implications.
In a random graph, the theoretical degree distri-

bution follows a Bernoulli law, approximated by a
discrete Poisson distribution or, asymptotically, a nor-
mal distribution. As many have shown, the empiri-
cal distributions of graphs usually deviate from the
theoretical. Barabási and Albert (1999) have found
that many empirical distributions follow a power law.
More importantly, power-law distributions are sug-
gestive of a potential self-organizing criticality of a
network (Newman 2005, Mitzenmacher 2004, Albert
and Barabási 2002). They can be a product of com-
peting exponentials: (1) the growth of new nodes in
a network, and (2) the probability of these nodes to
link (or syndicate in our data). If this probability to
attach is sufficiently high relative to growth, then the
network will experience a phase transition in which
a giant component will emerge. At this point, the
degree distribution will be power-law distributed.
As the node’s degree �k� is spotty for large degree

counts, a direct fit of the degree distribution is poor
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Figure 4 Cumulative Node Degree Distribution for Whole Venture Cap-
ital Network in Six Representative Years
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and highly skewed. Therefore, cumulative frequency
curves are commonly used in the literature. We fol-
low Newman (2005) in plotting a cumulative function
instead of the density for a sparse set of degree val-
ues. This method does not require binning of the sam-
ples, and the cumulative distribution is defined for all
values of k by the expression

F �k�=
max	k
∑

i>k

f �i�


The cumulative frequency is a Pareto distribution,
as the frequency declines relative to incremental in-
creases in k. In Figure 4, we show that the cumula-
tive distribution of degree is not a straight line in a
log-log scale. Thus, neither preferential attachment, as
implied by a social mechanism of signaling, nor any
other micromechanism is sufficiently strong in these
data to generate a strong power-law distribution in
its cumulative distribution form.

3.1. Fitting by a Power Law
By now, many studies have estimated the slope of
the fit of a power law to the degree distribution, and
its numerical value has a substantive and theoreti-
cal interest. Given that we have more than 150,000
deals and 5,000 nodes, the degree values could be
very skewed. However, by inference, VC firms are
limited in their capacity to handle a very large num-
ber of ties. In fact, Newman (2001) and Amaral et al.
(2000) have all found power-law distribution of social
networks that were better fitted by estimating a cut-
off value. We therefore start with a power law, and
then consider a fit with an exponential decay.
We use the distribution f �k�= �k�, where k is the

network node degree, � is the parameter to be esti-
mated, and � is a scale factor. Figure 5 shows the
yearly evolution of the exponent value. Note that
power law regressions of disconnected graphs are
biased by the presence of isolated nodes that have
made deals without syndication (these nodes have

k = 0), and some missing values in the discrete set
of degree values. We do not consider the isolated
nodes, as is the convention in the literature. These fig-
ures reveal a startling structure: By 1980, even though
fewer than 3,800 out of 159,000 deals had been con-
summated, the alpha and standard errors approach
a relatively steady state. (Not surprisingly, the inter-
cept increases dramatically with the total number of
deals.)

3.2. Deviation from Simple Power-Law
Distributions

A standard power law with only two parameters
is convenient to estimate and leads to good accu-
racy. However, the values of the exponent � differ
from the results obtained, for example, by Newman
(2005) or Barabási and Albert (1999) for other data
sets.2 Besides the problems of having a discrete set
of degree values and the difficulties of using bins
to plot frequencies, estimates for other common net-
works generally lead to ���> 1. Low values of � are
also theoretically problematic, because such distribu-
tions do not converge in the limit.
It is also important to consider other distributions

that may fit the data better. A distribution close to a
power law is a log normal; we tested this distribution
and found that it was an inferior fit. The rejection of
the log normal is not surprising because the visual
inspection of the data in the early figure reveals an
extreme skewness.
Alternatively, a corrected power-law distribution

might provide stronger evidence for preferential at-
tachment. In Table 3, we show the estimates using a
corrective exponential factor that multiplies the power
law. This allows a degree distribution that converges
and can be associated with a probability density even
if ��� < 1. The best fit of the cumulative distribution
is obtained by a least square error estimation against
the function3

F �k�= e�k�k�


Newman found that this expression can be normal-
ized for any � by a constant C = ��Li−��e

���−1, where
we use the polylogarithm function

Li��z�=
�∑

n=1

zn

n�
∀ �z�< 1


However, the exponential correction does not im-
prove the fit for high degree values. The tail of the
distribution is affected by measurement noise that is
difficult to model with simple functions. Other mod-
els also performed poorly.

2 However, many important phenomena are characterized by
power-law distributions with low exponent values, such as scaling
in biological systems (see West et al. 2000).
3 This is equivalent to fitting the density distribution by f �k� =
�e�kk�−1��k+��
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Figure 5 Power-Law Degree Distribution Estimated Coefficients and Standard Error
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In summary, the power-law fit for the cumulative
distribution is poor, even if it provides the best fit
of estimated models. Linear models exaggerate the
tail of the distribution, whereas common lognormal
fitting leads to a shorter-than-actual tail extension.
Because the standard approaches are ineffective for
the extreme values of the distribution of the high
degree values in our case, more complex models are
generally accepted.4 The network of VC firms is also
characterized by a few nodes that have a high degree

4 Laherrère (1996), for instance, has shown that, for data drawn
from urban areas extension, world population, spoken languages,
galaxies intensity, and oil fields, we often observe a dominant value,
or a largest object is much larger that the next in line; these are
better fitted by a fractal specification.

of connection and an extremely high number of nodes
that have only a few ties. The low exponent value
to this distribution is not consistent with a theory
of preferential attachment, which would be (naively)
expected for the formation of links where prestige and
reputation should influence investment ties.

3.3. Network Cohorts
The above estimations used the cumulative data set
from 1960 to 2005. It is possible that we are mix-
ing distributions, and we can recover the power law
if we look at cohorts. Cohort analysis standardizes
age and period effects. In the absence of technologi-
cal and competitive interventions, the distributions of
cohorts should be ordered by age. Figure 6 shows a
reversal: By 2005, the frequency of nodes belonging
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Table 3 Estimated Parameters for a Power-Law Distribution Fitting the Cumulative Frequency Distribution,
with an Exponential Cut-Off Factor

1980 1985 1990 1995 2000 2005

Slope � −0�22 −0�25 −0�23 −0�24 −0�29 −0�27
Intercept � 425�6 1�485�1 2�070 2�320�9 4�223�2 6�276�9
Lambda � −3�5E−02 −1�1E−02 −8�3E−03 −7�5E−03 −7�4E−03 −7�6E−03
Li�−�� exp��	) 15�46 35�27 47�24 49�16 40�89 43�30
C 1.5E−04 1.9E−05 1.0E−05 8.7E−06 5.8E−06 3.7E−06

to the 1995 cohort, and with degree value between
100 and 300, is higher than in the 1990 cohort. New
entrants in 1995 were able to invest in more targets
and develop their network much faster than were
1990 entries. Clearly, this difference implies that VC
firms are specialized in their sectoral knowledge and
that the 1995 cohort entered with skills appropriate to
Internet-related opportunities. The year 2000 entries,
which consist of 10 times more firms than the 1995
cohort, show a lesser connectivity in the same range
of degree value. This reversal is a strong indication
that sectoral and technological expertise can change
the dynamics in the network.

3.4. Exit of Nodes
Our final effort to recover a power-law distribution of
degrees is to take into account the decay of old links
among nodes. We assume that a firm has exited the
network when all ties have expired. We decay ties by
removing them after observing a prolonged period of
inactivity. The degree distribution including decay is
fundamentally the same. (The graph is available upon
request from the authors.) Exits do not change our
fundamental results regarding the power-law distri-
bution and its inconsistency with preferential attach-
ment. Surprisingly, the degree distribution is similar
even for exits of VC firms after only one year of inac-
tivity. We obtain this result for two reasons: the high
level of new entries that replace “broken” ties and the
strength of edges between nodes given by repeated

Figure 6 Cumulative Nodes Degree Distribution in 2005 for Four Dif-
ferent Cohorts
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syndicated deals over time. The latter reason points to
the importance of repeated ties among VC partners,
which is a microbehavior distinct from preferential
attachment favoring large degree nodes.

3.5. Analysis of Regions and Sectors
Power-law distributions have the interesting prop-
erty that they can also result from multiplicative or
additive mixtures (Farmer and Geanakoplos 2004).
It is possible, then, that the power-law distribution
that we observe nationally is in fact the mixture of
regional or sectoral power laws. This hierarchy sug-
gests a “fractal-like” pattern in which the structure
of the whole is repeated in the most popular regions
and sectors, where we have a substantial number of
samples. Such a pattern would suggest two possi-
ble explanations: (1) There is a similar microdynamic
in each region or sector, or (2) there is a “commu-
nication” among regions that results in a common
dynamic. Or, alternatively, we may find that prefer-
ential attachment is operative at the regional and sec-
toral level, thus contradicting the conclusions from
connectivity that the national market emerged early.
We address these points by analyzing the estimations
from the principal regions and sectors.
Table 4 summarizes the above findings by compar-

ing the estimates across the two dominant regions
and sectors at the beginning of 1985, 2000, and 2005.
(Because power-law estimates are sensitive to extreme
values, they require a lot of data to attain sensible
estimates; the estimates reported below are similar to
those of smaller sectors and geographies.) We use the
power-law distribution with an exponential limit to
facilitate comparison with the earlier results. The esti-
mates are remarkably close to each other, except for
Massachusetts and Internet companies in 1985; the
disparity for the Internet sector is, of course, not sur-
prising given the very low frequency of deals at that
time. By 2000, this disparity disappears.
In summary, the results for the degree distribution

show slope coefficients at the sectoral and regional
levels close to those for the national level, suggesting
similar processes, and the global connectivity analy-
sis indicates that these processes were surely commu-
nicative. However, the low values indicate that these
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Table 4 Power-Law Estimates for Dominant Regions and Sectors

Computer services Internet-specific California Massachusetts

Year 1985 2000 2005 1985 2000 2005 1985 2000 2005 1985 2000 2005

Nodes (%) 35�6 46�1 48�0 2�1 42�9 43�0 32�4 57�1 59�1 2�1 42�9 43�0
Slope � −0�28 −0�28 −0�29 0�04 −0�31 −0�30 −0�27 −0�24 −0�29 0�04 −0�31 −0�30
Intercept � 537�6 2�094�1 2�634�5 33�1 1�947�5 2�359�0 1�777�1 861�5 2�695�3 33�1 1�947�5 2�359�0
Lambda � −1.2E−2 −7.0E−3 −8.2E−3 −1.9E−1 −3.1E−2 −2.1E−3 −5.1E−3 −1.6E−2 −1.1E−2 −1.9E−1 −3.1E−2 −2.1E−3

social influences are fairly weak. The cohort analy-
sis points to an important role played by technolog-
ical change and technical expertise, which may also
be correlated with geographical changes as well. We
now examine these waves of technological breaks in
the industry and show how they generate a trade-
off between a social mechanism called trusted exper-
tise that leads to repeated ties, and the economic
rationale to enter new markets that leads to partner
diversification.

4. Exploring Industry Dynamics:
Entrants, Incumbents, and
Diversification

The analysis discussed above presents the puzzle
that a striking national coherence emerged early and
has persisted despite massive entry, and allowing
even for exit. In this regard, the evolution of the VC
industry looks distinctly different from the pattern
seen in many other industries that are marked by a
period of shake-out and high levels of concentration.
For example, Klepper (2002) found that the number
of firms that entered the automobile industry grew
steadily from 1895 to 1907, peaking at 82 in 1907.
Less than 30 years after the industry founding date,
only 15 firms entered from 1923 through 1966. The
VC industry experienced, as we know from above,
massive and growing entry throughout the 40-year
history observed in our data set.
Surely, part of the explanation is the far lower

capital equipment expenditures required for VC, but
the importance of social capital and signaling is far
from negligible (Sorenson and Stuart 2001, Piskorski
2004). Yet, the analysis of the degree distribution
contradicted a type of rich-get-richer (or preferential

Table 5 Diversification Odds for Incumbents Across Sectors and Geographies (All Deals from 1960 to 2005)

Geography by number Geography (%) Geography (%)
of investments by column by row

Sector Inbound Outbound Total Inbound Outbound Total (%) Inbound Outbound Total (%)

Inbound 129�923 10�142 140�065 95�4 56�7 90�9 92�8 7�2 100
Outbound 6�260 7�750 14�010 4�6 43�3 9�1 44�7 55�3 100

Total 136�183 17�892 154�075 100 100 100 88�4 11�6 100

Note. �2: significant at p < 0�01.

attachment) motivation. What, then, are the microbe-
haviors that we observe in the data that are consistent
with the emergent properties that we observe? We
propose that these motivations can be understood by
analyzing the dynamics of new entrants and incum-
bents regarding the choice to build new links with
new targets, or to link to incumbents.

4.1. New Entrants vs. Incumbent Behavior
In the spirit of clearly specifying the evolutionary
details of the VC market, we focus on the basic
facts of entry and of link formation. In one of the
earliest studies on social network dynamics, Walker
et al. (1997) showed that new entrants evince different
logics in forming ties than incumbents, with incum-
bents tending to reinforce existing ties. This distinc-
tion between incumbents and entrants is also found to
have behavioral consequences in Guimera et al. (2005)
and in Powell et al. (2004). In an important article,
Lerner (1994) proposed a different dynamic whereby
smaller VC firms tend to join late and to join bigger
syndicates, that is, they link to incumbents.
Incumbents tend to have an increasing number of

deals as the network grows. One might assume that
this trend is true by construction because there are
monotonically more incumbents over time. However,
in the last decade there were an increasing number of
deals led by new entrants, and the share of incumbent
deals fell. By 2002, incumbent shares returned to their
early-1990 levels. Clearly, technological breaks led to
a change in deal making, as the expertise in Internet
technologies was initially held by the new entrants.

4.2. Diversification of Incumbents
We showed earlier that a national giant compo-
nent tied together the components within sectors and
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Table 6 Diversification Across Geographies and Sectors: Odds for Incumbents Across Sectors and Geographies (All Deals
from 1960 to 2005)

Incumbent by number Incumbent (%) Incumbent (%)
of investments by column by row

Follower True False Total True False Total (%) True False Total (%)

True 121�904 3�757 125�661 79�1 68�5 78�8 97.0 3.0 100
False 32�171 1�729 33�900 20�9 31�5 21�2 94.9 5.1 100

Total 154�075 5�486 159�561 100 100 100 96.6 3.4 100

Note. �2: significant at p < 0�01.

geographies. This global connectivity reflects, tauto-
logically, the decision to diversify syndications geo-
graphically and sectorally. These two dimensions are
differently correlated; for instance, Table 5 shows that
55% of sector-diversifying deals also occur in new
geographies, while only 43% of geography-diversi-
fying deals involve new sectors. The over-time data
indicate that diversification was most pronounced in
the early period of the industry, stabilized, and then
increased in the 1990s. During this latter period, firms
sought to diversify more through new geographies
than through new sectors.
An interesting comparison between diversification

in sectors and geographies is given by the Herfindahl-
Hirschman index of concentration. Using the sum of
squared market shares to indicate the degree of con-
centration of deals across geographies and sectors, the
calculations indicate that particular geographies were
far more favored (i.e., California and Massachusetts)
than other regions. By the end of the 1990s, the large
investments in computer services led to a high level
of concentration level averaged across sectors. The
entry in the 1990s due to the Internet boom reduced
the concentration levels before they returned to their
historical values.

4.3. Followers or Start-Up Deals
As noted earlier, Lerner (1994) found that for biotech-
nology investments smaller VC firms are drawn
toward investments that have already established in-
vestors in later rounds; this finding has been routinely
corroborated (Piskorski 2004, Sorenson and Stuart
2001). We can investigate this claim more directly
by analyzing the propensity of new and incumbent
investors to invest in larger syndications. It should be
recalled that investments in VC can be made at several
stages. In our data, Stage 1 is the recording of the first
investment by a VC firm into a new target company.
If another VC firm invests at the same time, a syndi-
cation event occurs at the same time of the first invest-
ment. It is common that subsequent to the first stage,
there are further stages of investment in which new
investors—the followers—take a stake in the company.
Table 6 shows that the majority of deals are late

rounds, and they are the preferred method by both

incumbents and new entrants. Thus, we see a fuzzier
tendency than that described by Lerner (1994) because
both entrants and incumbents prefer an established
syndicate rather than investing alone; a chi-square test
cannot reject the null of no difference between the
behavior of incumbents and new entrants.5

It is fair to conclude, then, that entrants show a dual
propensity: Their entry tends to be relatively more
in start-ups and stand-alone companies, and yet they,
like incumbents, expand through investments in tar-
gets that already have a large number of investors.
The first investment buys the ticket to the game; the
subsequent investments tend to show the prestige de-
ference noted by Lerner (1994), Sorenson and Stuart
(2001), and Piskorski (2004). Thus, ties should be
repeated often. The dynamics of repeated ties, then,
should be more revealing of the relationship between
the structure of the network and the individual moti-
vations of VC firms to syndicate.

5. Repeated Ties and Social Rules
The statistical description above indicates that there
is a marked tendency for incumbents to form links to
other incumbents. This tendency has been noted for
other industries, especially by Guimera et al. (2005)
for Broadway musicals. They emphasize the impor-
tance of diversity for creativity, while noting that the
overall tendency is for incumbents to align them-
selves with incumbents. In their data, 77% of all ties
are made by incumbents, while incumbents tied up
with incumbents 16% of the time. In our data, 96.6%
of all ties are by incumbents, and 76.4% are ties
among incumbents. Clearly, the VC market is char-
acterized very strongly by a conservative dynamic in
which incumbents dominate, and favor dealing with
each other.
Barrat et al. (2004a, b) described the structure of

weighted graphs and pointed out that the weights dis-
tribution can be very different from degree distribu-
tion. A weighted graph associates a measure with
every edge in the graph. For example, air traffic

5 Lerner (1994) distinguished between small and large VC firms; he
did not compare entrants and incumbents.
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among airports constitutes a weighted graph in which
airports are nodes and the number of flights between
two cities gives the weight to the edge that links
the cities. The weights of links, and resulting node
strengths, can have a major influence in the dynamics
of the network formation and evolution.
We failed to capture the social dynamics earlier by

fitting the nodes degree distribution because degree
is a measure independent of repeated ties that charac-
terize a weighted graph. We define wij as the number
of deals (or contracts) made by two VC firms, i and j .
The degree distribution ignores these weights, which
in our data reflect the most important social fact in
the transactions: VC companies form enduring part-
nerships.
The sum of the weights for any node (VC firm) is a

measure of strength. More formally, the total number
of repeated ties of a node can be written as

si =
∑

∀ j

∑

∀ t
wt

ij �

where wt
ij = 1 if firm i and j invested in company t.

Strength of a node is likely to be correlated with its
degree because large and wealthy VC firms are likely
(although not necessarily) to have more partners and
more deals. In fact, the log-log graph of strengths
and the statistical fit to a power-law distribution are
remarkably similar to our findings for the degree dis-
tribution.
More interesting is the distribution of the weights

themselves. We estimate the fit by a power law to the
links weight distribution according to the equation

f �w�= �w�� w ∈ 	wij 
 ∀ �i� j�� wij =
∑

∀ t
wt

ij 


Figure 7 clearly shows a linear distribution. The num-
ber w of repeated ties generated by deals between
firms in the same or a different target company is
distributed according to a classic power law, with an

Figure 7 Histogram (in Log-Log Scale) of the Number of Repeated
Ties (i.e., Link Weights) in 2005
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Table 7 Slope and Intercept for an Estimated Power Law on the
Cumulative Repeated Ties Distribution in 2005

Computer
California Massachusetts Internet-specific services

Slope � −1.64E+00 −1.62E+00 −2.55E+00 −2.94E+00
Intercept � 7.25E+05 1.25E+05 1.10E+06 6.42E+06

Note. Samples with fewer than 10 repeated ties are excluded from the regres-
sion.

exponent of −2
26. This fit indicates that many rela-
tionships are often reiterated, signaling a preference
in doing repeated deals with a few firms. On the other
hand, a power law does not fit the nodes’ degree
and strength distribution, which appear skewed in
the tail for low-frequency values. The social mecha-
nism of repeated ties is not the same as the preferred
attachment by which anonymous firms are attracted
to the high-degree firms. On the contrary, this skew-
ness in repeated ties points to a social mechanism by
which firms build relationships on the basis of trusted
expertise.
Consider, for example, New Enterprise Associates

(NEA), a VC firm founded in 1978 on both coasts, and
specializing in medical and information technologies.
With $6 billion under management, NEA has many
partners, but a few form a core group. Our data indi-
cate that it has 1,626 repeated ties with its top five
partners. Similar patterns can be found for such well-
known firms as Kleiner Perkins. Because the distribu-
tion is very skewed, a few firms dominate the extreme
tails.
We again compare the estimates for the national

distribution against those for the main regions and
sectors. Scatter plots of the repeated-ties distribution
in the most common geographies and industries are
characterized by a curved distribution closer to an
exponential corrected model.6 In each geography or
sector, the distribution is not power law, while it is
at the national level. Therefore, geography and sector
diversification leads to a power-law distribution at the
national level. These repeated ties across the national
graph create very strong ties and clearly indicate a
deep global structure to the venture financial market.
As calculated in Table 7, we can observe an excel-

lent fit to the power law after removing the sam-
ples for fewer than 10 repeated ties. The exponents
for the sectors are substantially larger (in absolute
value) than those of the regions, indicating a more
pronounced tendency for repeated deals to be driven
by sector expertise. (See the logit estimates below that
confirm this inference.) The regional slope coefficients
are also substantially smaller than those for the entire
graph.

6 These plots are available upon request from the authors.
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The above analysis describes a growing network
of two competing forces: new entry fragments the
network, particularly at the regional level, but the
diversifying behavior of the VC firms drives global
connectivity. Contrary to the conventional hypothesis
of regional dominance, trusted relationships emerge
at the national level. It is then a tension between
diversity (diversification) on the one hand and exper-
tise on the other that drives link formation in the VC
network. One can speculate that geographical diversi-
fication is often channeled along conduits of sectoral
expertise. Repeated ties are favored by incumbents
who are making investments in familiar sectors and
regions, and hence can rely upon their traditional
partners. It is diversification that drives the search
for new and diverse partners and, consequently, the
formation of new links, but eventually a conserva-
tive force dominates by which exploration leads to
learning to repeat deals with known firms over those
untried.

5.1. When Network Clusters Are Not Geographic
Clusters

For a final application of graph-theoretic concepts to
analyzing local and national dynamics, we turn to an
analysis of clustering. Clustering is a measure of clo-
sure: To what extent are the friends of friends also
friends? Clustering is agnostic as to whether a VC
firm is connected to firms in the same geography or
sector. Clustering is not, then, the clusters used in
regional geography to denote high density within a
region. By the above analysis, we should in fact expect
national clustering to dominate local clusters.

Figure 8 Average Weighted Clustering Coefficient of Firms Investing in a Given Year
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Notes. The global value corresponds to a clustering coefficient calculated for all node ties, while the other local coefficients account either only for ties in the
geography or the sector of the deal.

Because we have shown that repeated ties capture
the social mechanism of trusted expertise in VC syndi-
cation, we do not use the standard clustering measures
found inWatts and Strogatz (1998) or in Newman et al.
(2001). Instead, we analyze the weighted clustering
coefficient as defined by Barrat et al. (2004a, b). This
measure counts the number of triangles, but weights
them by an average of the focal firm’s number of
repeated ties with its two counterparts; this weighted
count is then normalized to assure that the clustering
coefficient value lies in the range of �0�1�.
The plot in Figure 8 indicates that the clustering

coefficient is about constant during the period under
analysis and has an average value of 0.25. This signals
a higher propensity to invest for firms that are at the
center of a group of other firms that have a lower
connection degree than the central node.
Because VC firms are likely to diversify their invest-

ments across geographies and sectors, we are also
interested in looking at the composition of the cluster
around a given node. Indeed, the ties between a firm
and its closest neighborhood do not necessarily repre-
sent the funding of companies in the same geographic
area or industry sector. When we do not consider this
localization aspect of the ties, we have a standard, and
from this prospective national, definition of clustering
coefficient.
We have analyzed, for all firms, the weighted clus-

tering coefficient calculated considering only the deals
within the geography or the sector of the latest
investment. Figure 8 shows that the average value
of the geographic- and sectoral-clustering coefficient
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Figure 9 Percentage of Deals for Which the Local Weighted Clustering Coefficient Is Higher than the Global One
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is lower than the national weighted clustering coeffi-
cient. At the VC firm level, there are, of course, excep-
tions: Sometimes firms are very well connected in the
geography or sector of the deal, leading to a clus-
tering level higher than the global one. In particular,
Figure 9 shows how this higher connectivity by local
deals involves almost 40% of the deals in the 1970s
and disappears early in the 1990s. Therefore, from a
clustering prospective, we can say that the national
structure took over the local subnetworks during the
1980s.

5.1.1. A Simple Test. We can test this inference
more rigorously by estimating the effects of the net-
work statistics on the choice to form a repeated tie
or a new link. Link formation has been analyzed
by other researchers, such as Gulati and Gargiulo
(1998) and Powell et al. (2004), and most relevantly
by Sorenson and Stuart (2001), Hsu (2004), and Pisko-
rski (2004) in the case of VC. In our analysis, we
wish to keep the analysis to a few essentials to esti-
mate the effects that the above analysis has indicated
are important: diversification, the degree count of the
target investor, the degree of the VC firm, and new
entrants. Because our interest is not in analyzing why
firms invest in particular sectors and regions, we do
not include economic data on their size. The analysis
here focuses on whether the choice of a repeated tie
(coded 0) or new tie (0) is related to diversification
(whatever the true economic opportunity), favoring
past partners, or new entrants.
The data consist of 159,561 transactions from 1960

to 2005. The dependent variable is whether a link rep-
resents a new edge between two nodes (VC firms)
or is a repeated tie. We code the dependent vari-
able as zero when the link is repeated and as one

when it is new.7 We remove 1,321 entrants because by
definition they cannot form a repeated tie; we thus
also lose 5,486 transactions. The diversification vari-
ables (geographical, sectoral, and their interaction) are
binary �0�1�, indicating whether the link has been cre-
ated by a diversifying investment—that is, when a
firm invests in a company that is in a new geogra-
phy or new sector as compared to its current invest-
ment portfolio. The degree count of the target is a
refined measure of the investment round and also of
the attractiveness of the target. The degree of the VC
firm measures its stock of deals, which is a reasonable
measure of its size.
In Table 8, we report the results of panel logit

regressions estimating the probability of having a
repeated tie formed depending on the sector and
geography diversification and on whether the node is
a new entrant.8 All coefficients are significant. We use
the Huber White correction for heteroscedasticity and
a panel design to account for ties formed by the same
firm.
The first run establishes the baseline by estimating

the effects of diversification on repeated ties. By them-
selves, geography and sector have positive coeffi-
cients. When their interaction is added to the analysis,
the coefficients of these two variables remain posi-
tive, but the interaction is strongly negative (see the
first column). The slightly larger coefficient for sector

7 A new tie is recorded under two cases: The first is when a VC firm
invests in a new target, and the second is when a VC firm invests
in a target whose previous investors include a new VC partner
(that is, it does not have any previous investments with the new
investing VC firm).
8 The results are not sensitive to reasonable alternative specifica-
tions, such as clustered logit or complementary log-log (for rare
events).
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Table 8 Effects of Diversification and Degree on Repeating or Making
a New Tie Logit Panel Regression with Robust Errors
(Coefficients and Standard Errors)

VC Target Year
Diversification degree degree effects

New geography −1�577 −1�504 −1�559 −1�57
−0�023 −0�023 −0�023 −0�024

New sector −1�723 −1�613 −1�663 −1�669
−0�029 −0�029 −0�029 −0�029

Interaction 1�502 1�449 1�483 1�499
−0�043 −0�043 −0�043 −0�044

Firm degree 0�002 0�002 0�002
0 0 0

Target degree −0�046 −0�056
−0�002 −0�002

Constant 1�398 1�24 1�487 23�439
−0�015 −0�018 −0�02 −26�313�25

Note. Observations: 154,075; Number of firms 4,165; New tie: 0; Repeated
tie: 1.

confirms the results from the weighted-link analysis,
where we found that repeated ties were stronger in
bridging the graph. In all, the search for new oppor-
tunities encourages the formation of new links. The
second and third regressions add in the degree of the
investing VC firms and the degree of the target; tar-
get degree is equivalent to what we have called syn-
dicate size. Firms with many syndicate partners form
repeated ties compared to new edges; this pattern
is a type of inbreeding—where friends tend to stay
with friends. Also, new edges are formed when the
target already has a high number of investors. This
result suggests that indeed new investors in a syndi-
cate are attracted to the size of the board and to an
unobserved variable regarding target quality. When
year effects are added (Model 4), the results are the
same, even though the likelihood function may not be
globally maximized for the year and constant effects.
We also ran a panel logit regression on whether

new links were formed in a syndicate; for entrants,
this coding means whether the entrant invested in
an isolated target (no previous investors) or in a tar-
get with previous investors. Using the same variables
given in Model 3 of Table 8, we included a dummy
for whether the firm was an entrant. The positive
coefficient is not consistent with the Lerner (1994)
hypothesis regarding smaller VC firms; at least for
new entrants, they are relatively likely to favor new
ties. We would then amend the Lerner hypothesis
in this way: On the condition that a new VC firm
joins a syndicate, its investments are in relatively later
rounds of syndication. (Note that a VC firm that
invests for the first time in a new target company,
which has not received other investments, does not
immediately build new ties with incumbent firms.)
These results very clearly confirm the patterns we

described above. Diversification promotes links to

new partners; the tendency toward exploration by
new partnering is offset by a preference for invest-
ing with past partners. It is then easy to see why a
giant component arises nationally, for it is by acts of
sectoral and regional diversification that new edges
are formed. At the same time, incumbents conserva-
tively prefer their trusted partners. Thus, there is a
tension between diversity and trusted expertise that
is consistent with our power-law results. High-degree
firms favor past partners, and hence the distribution
is not sufficiently skewed to generate a good fit to
a power-law distribution, but some VC firms have
many repeated ties that are distributed by a power
law to textbook precision.

6. Conclusions
We analyzed syndication contracts to explore the
geographic and sectoral diversification of VC firms
from the time of their founding. In contradiction to
studies that conclude that regional development pre-
cedes national, our results point to the importance of
understanding the dynamics of the global graph to
understand regional development. The analysis of the
microbehavior of VC firms shows a high degree of
diversification for firms that played a historic role in
creating a national market. Given the past evidence
on signaling and prestige, we were surprised not to
find high-degree firms to be relatively more inclined
toward making new edges. However, at the same
time, the VC firms preferred the conservative rule to
invest with known partners. It was only the force of
diversification that broke the lock of proven expertise
of trusted partners.
In addition, the statistical analysis indicates that

new edges are formed in reference to diversifica-
tion, sectoral and geographic, and to targets that have
already received endorsements by established firms.
Degrees, as a measure of size, do not explain the
formation of new ties well, for incumbents tend to
tie to prior incumbent partners—a finding made by
Walker et al. (1997) for biotechnology and Sorenson
and Stuart (2001) for VC. It is not surprising, then,
that the ranking of the largest investors by dominant
region and sector is not the same for the national
graph. (The tables are available upon request from the
authors.)
The statistical results of this study differ in an

important way from many other studies of social phe-
nomena. The degree distribution among connected
nodes deviates from the power law, even if this dis-
tribution is the best-fitting curve for the degree count.
The distribution of the repeated ties reveals a power
law indicating the tendency of a few firms to do many
deals with each other. Because neither the degree
distribution, nor the node strength distribution is a
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power law, there must be, by implication, a very
strong tendency of firms to repeat deals with each
other. These results suggest that the microrules gov-
erning the formation of syndication differ from a
mechanism of preferential attachment (Barabási and
Albert 1999). The statistical results point to a few sim-
ple rules (or strategies) that trade off between the
reliance on proven expertise and the search for new
opportunities through diversification, often achieved
by coinvesting with new partners.
The microrules by which small firms—or in our

data, entrants—connect to larger entities rapidly pro-
duced a connected network, displaying a giant com-
ponent and power-law distributions in the major
geographies and sectors. Fleming et al. (2004) esti-
mated that the emergence of a giant component in
a graph of coauthors to a patent occurred only in
the early 1990s for Silicon Valley, and several years
later for the Boston Route 128 area. For VC, this
result of percolation was nationally and regionally
observed by the early 1980s. It is premature to con-
clude causality—that connectedness in VC caused a
high density of patenting. We note, though, that such
an implication is consistent with Kortum and Lerner’s
(2000) study of VC and innovation (as measured by
patent counts): namely, those VC investments pro-
mote innovation. It is an interesting speculation that
such investment networks may cross critical thresh-
olds of interconnectivity to provide an externality in
the form of an infrastructure of trust and cumulative
local knowledge and expertise.
The American VC market entailed national broker-

age from its start, with dense localities evolving in ref-
erence to its own internal economics, but also to these
national ties. It is quite possible that financial centers
favor those regions that are already rich in social ties.
Braudel (1981) would dissent, however, arguing that
international trade and finance influenced medieval
material life at all levels and bridged local markets.
It is this local and national connectivity that we find
to be an early and remarkable characteristic of the
evolution of the market for VC in the United States.
No doubt, the primary difference in today’s market is
that the intensity of these links evolves so much faster
than before. Local agglomerations are not indepen-
dent of global connectivity. It is an important observa-
tion in a current world in which policies for financial
and industrial regional development are often fos-
tered in opposition to, rather than in conjunction with,
the dynamics of the global market.
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