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Abstract

In this paper, we focus on the potential innovative benefits to corporate venture capital (CVC), i.e. equity investments in
entrepreneurial ventures by incumbent firms. We propose that corporate venture capital programs may be instrumental in
harvesting innovations from entrepreneurial ventures and thus an important part of a firm’s overall innovation strategy. We
hypothesize that these programs are especially effective in weak intellectual property (IP) regimes and when the firm has
sufficient absorptive capacity. We analyze a large panel of public firms over a 20-year period and find that increases in corporate
venture capital investments are associated with subsequent increases in firm patenting.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction of high-human capital personnel, mergers and acquisi-
tion, and alliances. However, little attention has been
A firm’s dynamic capability, i.e., its ability to de-  paid to the potential innovative benefits of investing
velop and acquire valuable resources and capabilities,corporate venture capital (CVC). Corporate venture
is largely related to finding knowledge external to the capital is equity investment by incumbent firms in in-
firm and integrating it with internal knowledg&dece dependententrepreneurial ventures, i.e., relatively new,

et al., 1997; Henderson and Cockburn, 1994 this not-publicly-traded companies that are seeking capital
vein, scholars have examined a number of ways in to continue operationdompers and Lerner, 1998
which firms may source external knowledge includ- At its peak in 2000, established firms invested more

ing regional learning, university research, recruitment than $16 billion, or 15% of all venture capital invest-
ments, through nearly 400 CVC programéeiture
_— Economics, 2001l Despite a significant drop-off in
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of leading corporations including Intel, Microsoft, establish a relationship between CVC investment and
Merck and others have continued to invest in new patenting. We adopt a number of controls to address
ventures Chesbrough, 2002 Ostensibly, these in- possible unobserved, time-variant heterogeneity. We
vestments are aimed to generate a substantial financialfind that increases in CVC investment are associated
return on investment through the sale of ownership with subsequent increases in future citation-weighted
stakes post initial public offering (IPO) or through patenting rates. Furthermore, we find that the magni-
eventual acquisition. However, firms often assert that tude of this effect depends on the firm’s absorptive ca-
one of the major motivations for investing is to gain pacity and the strength of intellectual property protec-
a window onto valuable, novel technologies so as to tion.

improve firm innovative efforts. Many firms report that The paper contributes to the growing literatures
this is their primary motivation for investing corporate on sourcing external knowledge, broadly, and invest-
venture capital$iegel et al., 1988 ing corporate venture capital, narrowly. Unlike other

In this paper, we explore the prospects for CVC knowledge sourcing arrangements, CVC investment is
to provide a window on technology. We investigate a capital expenditure that is easily observed and mea-
whether CVC investment is associated with knowledge sured. The deployment of other external innovative in-
gainstoincumbentfirms. Do firms that invest corporate puts is often difficult to observe and even more chal-
venture capital learn about and appropriate new tech- lenging to determine their cost. For example, the cost
nologies and practices from those ventures in which of establishing personal ties with university scientists
they invest? Our investigation builds on two theoreti- is difficult to estimate Cohen et al., 2002 Data on
cal pillars. First, the knowledge necessary to generate the cost of maintaining R&D alliances is typically not
innovations may likely reside outside the boundary of available to researchers and may not even be calcu-
incumbent firms Arrow, 1974; Cohen and Levinthal, lated by alliance members. The ability to measure the
1990. Second, entrepreneurial startups may be a valu- dollar amount of corporate venture capital investments
able source of such knowledg@dhion and Tirole, enables us to better capture its elasticity with respect
1994; Kortum and Lerner, 2000; Shane, 201 to incumbent firm patenting output. More importantly,

Placed together, these two pillars suggest that cor- these investments are observed irrespective of their suc-
porate venture capital programs may be an important cess or contribution to firm innovation rates.
instrument for accessing valuable knowledge from The research presented in this paper complements
entrepreneurial ventures. We propose that corporatethe existing corporate venture capital literature in a
venture capital investments increase incumbent firm number of ways. Previous empirical research on ven-
innovation rates. We expect this effect to be especially ture capital investments by corporations has focused
strong when firms possess the internal capabilities to primarily on the narrow, financial returns to investing
leverage venture knowledge and operate in an externalin new ventures (e.g., Gompers and Lerner). While a
context that permits capitalization on that knowledge. handful of empirical studies have looked at the broader
In particular, we propose that in weak intellectual strategic benefits of venturing activity (e.@iegel et
property (IP) regimes, CVC will provide privileged al., 1988; Chesbrough, 2002one of these studies di-
access to venture specific knowledge and permit rectly evaluate the effect of external corporate venture
greater opportunities to learn from that knowledge. capital investment on incumbent firm innovation using
Furthermore, we propose that the greater a firm’'s patenting. Our extensive longitudinal dataset allows for
absorptive capacity, the greater the marginal impact of more sophisticated econometric models and allows us
CVC investment on firm innovation rates. to address issues of unobserved heterogeneity and tem-

Empirically, we analyze a large unbalanced panel of poral precedence.

U.S. public firms during the time period 1975-1995. Of

those firms in our dataset, approximately 250 firms en-

gaged atleastin some level of CVCinvesting duringthe 2. Theory and hypotheses

time period. Data is pulled from VentureXpert, Com-

pustat, and the U.S. Patent databases. Discrete choice, Researchers have long postulated that incumbent
fixed-effect and random-effect models are adopted to firms operating in competitive markets are inclined to
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innovate in order to sustain profitabilit¢humpeter, entrepreneurial inventions that are of high economic
1942; Arrow, 1962. Yet, despite this economic incli-  value.
nation to innovate, numerous researchers have high- Both practitioners and scholars have proposed that
lighted the organizational limits of established firms corporate venture capital may provide a valuable av-
to generate innovations internallii¢nderson, 1993 enue to access this pool of knowleddehésbrough,
The view that incumbent firms face difficulties in gen- 2003; Gans and Stern, 2003; Poser, 2003; Roberts and
erating ground breaking, radical innovations is well es- Berry, 1985. By investing in new ventures, incumbent
tablished Tushman and Anderson, 1986; Henderson, firms may gain a window onto the venture’s technolo-
1993. Innovation in large part requires the integration gies and practicesChesbrough and Tucci, 200ZEx-
of diverse knowledge set#\(row, 1974. To the ex- posure to novel, pioneering technologies may in turn
tent there are constraints on the creation and sharingincrease the likelihood that established firms would
of knowledge within a single organization, incumbent create breakthrough innovationshuja and Lampert,
firms may find that they lack the knowledge necessary 2001). Siegel et al. (1988n a survey of 52 corporate
to innovate. venture programs, report that corporations rank “ex-
To overcome these constraints, incumbent firms posure to new technologies and markets” as the lead-
may seek to exploit knowledge external to the firm ing objective for engaging in corporate venture capi-
(Cohen and Levinthal, 1990This has been the fo- tal programs. Corporate venture capital may also con-
cus of numerous studies that investigate the abil- tribute to firm innovativeness by increasing the demand
ity to create new knowledge through the recombina- for corporate innovations. Investment in ventures with
tion of knowledge across organizational boundaries complementary product and services may increase the
(Henderson and Cockburn, 1994otential sources  demand for current and future corporate products and
of knowledge include regional networks of employ- consequently encourage further corporate innovations
ees and firmsSaxenian, 1990; Almeida and Kogut, (Brandenburger and Nalebuff, 1996
1999, academic and government lalSohen et al., A similar point has been made in the related tech-
2002, and other established firms accessed either nology alliances literatureddlagedoorn and Schaken-
through technology alliances or mergers and acqui- raad (1994andAhuja (2000)indicate that knowledge
sitions Hagedoorn and Schakenraad, 1994; Gulati, from innovative alliance partners may spillover and
1995; Powell et al., 1996; Capron et al., 1998; Ahuja positively affect the innovativeness of a firBtuart
and Katila, 200} (2000) shows that firm’s patenting rates increase the
Entrepreneurial ventures may be a particularly more technologically advanced are its alliance part-
important source of knowledge. A number of scholars ners.Rothaermal (2001argues that incumbent firms
have advanced the idea that entrepreneurial venturesthat pursue alliances improve their new product devel-
are likely to be the source of highly valuable and opment efforts when faced with radical technological
innovative ideasKortum and Lerner, 2000; Zingales, changes. To the extentthat entrepreneurial startups pos-
2000. According to this line of reasoning, star sessvaluable knowledge, corporate venture capital may
scientists/innovators will opt away from fixed salary provide a firm a window onto the operations of portfo-
(i.e., as an employee in a corporate R&D lab) and lio companies that can generate similar advantages to
towards profit sharing (i.e., founding their own new those associated with having innovative alliance part-
venture) when they have an idea that is highly lucrative ners.
(Anton and Yao, 1995; Gans and Stern, 2003us,
we expect to observe the formation of new ventures 2.1. CVC investment
only when entrepreneurs have highly innovative
ideas Aghion and Tirole, 199% Indeed, Kortum We propose that CVC investment provides a unique
and Lerner (2000)observe that entrepreneurial, opportunity to learn from new ventures. In many in-
human-capital intensive ventures generate higher stances, entrepreneurs desire and actively seek corpo-
levels of patenting output than established firms. rate investment. Entrepreneurial ventures are willing
Shane (2001provides further empirical evidence that to accept incumbent access to their operations in ex-
new venture formation is associated with underlying change for the benefits they receive from having a cor-
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porate partner. In addition to funding, incumbent firms ley Networks allowed Intel to identify a promising op-
provide substantial value added servicBso¢k and portunity more quickly than it might have otherwise”
MacMillan, 1993 as well as facilitate new ventures’ (Chesbrough, 2009).
access to complementary assdisgce, 1986; Pisano, Once the investment round has taken place, cor-
1991, endorsementsStuart et al., 1999 and interna- porations employ various mechanisms to learn from
tional product marketsAcs et al., 199Y. Indeed, em- their portfolio ventures. Corporate investors often se-
pirical evidence indicates that CVC-backed ventures cure board seats, or at least board observation rights,
fair better than independent venture capitalist-backed which provide them with knowledge of ventures’ key
ones (Gompers and Lerner, 1998; Maula and Murray, activities and technologies. UPS actively pursued such
2001). advantages from its CVC activities: “United Parcel
There are at least three channels through which cor- Service decreases the distance between business units
porate venture capital activity facilitates firm learning and venture investments by requiring board observation
from entrepreneurial ventures. First, the due-diligence rights for its leading business managers. Board meet-
process provides the firm a unique opportunity to learn ings help senior UPS business managers learn about
about entrepreneurial inventions even prior to commit- start-up operations, technologies and business models,
ting capital. Post investment, an investor may learn increasing UPS'’s ability to capture strategic value from
about novel technologies by maintaining board seats its venture investments (Corporate Executive Board,
(or board observation rights) as well as utilizing dedi- 2000)”. A study of 91 U.S.-based ventures that oper-
cated liaisons. Finally, a failing venture may also con- ated mainly in the computer and communication in-
stitute a learning experience to the extent that it offers dustries during the late 1990’s, finds that in 31% of the
technological insights, or conversely points at market cases the corporate investor held a board seat and in
unattractiveness. 40% of the cases it did not have a seat but did hold ob-
Prior to funding a venture, investors conduct thor- server rights lMaula, 200). These results are echoed
oughdue diligence ofthe venture’s operations and busi- in a recent survey of European venture capital prac-
ness plan. This generally includes a background checktices Bottazzi et al., 200/that reports CVC investors
of the founders and key management team, discussionsserve on portfolio companies’ boards (68%) and con-
with key customers, and a review of the product and duct close monitoring and site visits (70%) almost as
technology. Corporate venture capitalists often lever- frequently as independent venture capitalists do (78%,
age corporate R&D personnelto gauge aventure’stech-76%, respectively).
nological feasibility and consult corporate executives Incumbent firms also institute specific organiza-
to determine business and market risksndersonand  tional routines to encourage and funnel learning from
Leleux (2002)pbserved that a person or team from the ventures at the post-investment stage. It has long been
business unit was typically involved in the due dili- recognized that successful learning is contingent upon
gence process. For example, Agilent Technologies cor- close interaction between firms’ personnel that accom-
porate venture capital group “works closely with the modates rich media and information flowArfow,
company’s existing businesses to share information, 1974; Daft and Lengel, 1986Sony Corporation cre-
qualify investment opportunities, and connect portfolio ated two parallel and distinct functions responsible for
companies to Agilent’s own initivativesQhesbrough, knowledge transfer between its portfolio companies
20026). and the corporationlifternational Business Forum,
As a result, a firm’'s business units become privy 2001). In addition to securing board seats to its CVC
to the novel technologies that they review. In addition, group (Sony Strategic Venture Investments), Sony’s
the business units often gained insight into future tech- business divisions established liaisons with the ven-
nologies and producthesbrough, 2002Consider, tures. These liaisons’ specific goal was to learn about
for example, Intel's investment in Berkeley Networks: and source the portfolio company’s technology. Mo-
“As Intel performed its due diligence on its investment, torola pursued a similar strategy as part of its own CVC
it began to see the outlines of a possible strategy shift activities (Corporate Executive Board, 2000).
... culminating in the Intel Internet Exchange Archi- CVC investors can derive benefits even from failed
tecture, launched in 1999. The investment in Berke- portfolio ventures when technologies remain viable af-
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ter the originating venture has dissolvétbgtker and
Agarwal, 2004 and failure itself carries informational
weight McGrath, 1999. Chesbrough (2002:@&choes
this view of CVC investments: “Agilent has recently
invested in a startup company making wireless radio-
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2000; Gans and Stern, 2003\l else being equal, the
marginal benefit of CVC investment should be greater
the weaker the intellectual property regime, i.e., when
ventures struggle to protect their innovations from im-
itation through legal mechanisms such as patents. The

frequency devices, a product area Agilent plans to ex- reasons for this are two-fold.

plore in its own business. If this investment is success-

ful, Agilent’s future business will benefit; if it fails,
Agilent will get a valuable early warning about pitfalls
to avoid in that business”.

First, corporate venture capital may be a uniquely
advantageous strategy for gaining a window on en-
trepreneurial technologies in weak IP regimes. Ven-
tures will likely resortto secrecy as a way to appropriate

Through these learning structures, incumbent firms the gains from innovation in industries where the intel-
that invest in entrepreneurial ventures may increase thelectual property regime is wealkC6hen et al., 2001
stock of knowledge from which they may base innova- In strong IP regimes, ventures may have the option to
tion. The larger a firm’s equity investment in new ven- patent their technology and license it to prospective
tures, the greater the stock of entrepreneurial knowl- incumbents. For example, biotech firms often patent
edge a firm has access due to either (a) access to and license their technology to pharmaceutical firms.
greater number of new ventures (i.e., more opportuni- CVC investment in these environments is less likely
ties to conduct and learn from due-diligence, as well as to provide privileged access to external knowledge,
board observation rights and witnessing failure), or (b) compared with other strategies (e.g. licensing). In con-
greater access to their portfolio companies (i.e., greatertrast, in weak IP regimes, the ability to conduct due-
leverage visa-vis the venture and hence more chances diligence, as well as the chance to participate on board

to secure board seats and deploy liaisons).
The greater the stock of entrepreneurial knowledge

meetings provide the corporation with a unique oppor-
tunity to pierce the veil of secrecy and provide an ef-

a firm has accessed, the greater the subsequent innofective vehicle to learn about the venture’s closely-held

vation output. This increase in a firm’s innovation rate
may result from at least two mechanisndgh(ija and
Katila, 200)). First, to the extent thatinnovation results
from the novel combination of existing knowledge, the
expansion of the firm’s knowledge base will lead to a
greater number of possible knowledge configurations
(Kogut and Zander, 1992 Second, the exposure to
new technologies and practices through CVC invest-
ment will increase a firm’s absorptive capacity, i.e., the
ability to absorb and use additional external knowledge
(Cohen and Levinthal, 1990Thus, we hypothesize:

Hypothesis 1. All else being equal, greater firm in-

technologies.

Second, even when patented, a venture’s innovation
is more likely to be appropriated by investing firms un-
der weak IP regimes. Defending the rights for a patent
is costly Cerner, 199%. When the intellectual property
regime is weak, a cash-constraint venture may not have
the means to prohibit investors from appropriating its
knowledge. In weak patent regimes, ventures may find
it too costly to receive and defend patents for their tech-
nology. Similarly, “survivors” of a failed venture may
find it difficult to enforce patent rights on the former
venture’s technologies. The same technology may lead
to patents for investing firms who possess the resources

vestment in entrepreneurial ventures leads to increasesecessary to profit from patenting. Incumbent firms are

in the investing firm’s innovation rate.
2.2. Intellectual property regime
The magnitude of the innovative impact of CVC in-

vestment is likely to vary across both industries and
firms. The degree to which a firm may innovate as

more likely to have the resources necessary to fight law-
suits and other challenges to their patents. Furthermore,
incumbents are more likely to possess complementary
capabilities in research, manufacturing, and distribu-
tion, which they can leverage to their advantage.

Hypothesis 2. The weaker intellectual property

a result of its investment in entrepreneurial ventures regimes, the greater a firm’s investment in en-
likely depends on the inability of ventures to shel- trepreneurial ventures willimpact the firm’s innovation
ter their intellectual propertyAnand and Galetovic, rate.
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2.3. Absorptive capacity entrepreneurshipAhuja and Lampert, 2001; Almeida
et al., 2003. We cannot directly measure the gener-
We do not expect the marginal effect of CVC in- ation of patents as a result of investment in specific
vestment on innovation rates to be uniform across all ventures, because the data do not permit such attribu-
firms. Within a focal industry, the degree to which a tions. FollowingHausman et al. (1984we adopt a
firm may learn from its CVC investments will depend patent production function (see methods below) to es-
in part on the absorptive capacity of the fir@ohen timate the sensitivity of a firm’s innovative output to
and Levinthal (1990rdvance the view that internal various innovative-inputs in general (for a review see
and external sources of innovations are interdepen- Griliches, 1999and venture capital investments in par-
dent. In line with their absorptive capacity argument, ticular (Kortum and Lerner, 2000
Kleinknecht and van Reijen (19988port that having
aninternal R&D departmentincreases the likelihood of 3.1. Sample
co-operative R&D with other firms. Others have also
reported that firms with an expertise in agivenresearch  We constructed a large, unbalanced panel of U.S.
domain exhibit higher levels of knowledge absorption public firms during the period 1969-1999. The panel
from external source$fsano, 1991; Veugelers, 1997 includes all public firms that invested corporate ven-
We propose that the impact of investment in en- ture capital or patented during this period. The resulting
trepreneurial ventures on firm innovation rates will be dataset includes 2289 firms and 45,664 firm-year ob-
greater for those firms who have a strong base in in- servations. The database contains information on firms’
novation. The ability of an investing firm to transfer or  venturing activity collected from Venture Economic’s
create knowledge through its interaction with a venture VentureXpertdatabase, patenting activity fromtttad!
likely requires a firm to have sufficient technical un- etal. (2001patasetderived fromthe U.S. Patent Office,
derstanding to both grasp and capitalize on that knowl- and financial data from Standard & Poor’s Compustat
edge. Internal research and development provides thedatabase.
foundation upon which firms may learn from the ven- To constructour database, we firstidentified the pop-
tures they invest. R&D personnel are often mobilized ulation of firms engaging in corporate venturing activ-
to conduct technological due diligence, and some are ity through the VentureXpert databas@he database
later chosen to serve as liaisons between corporate busi-contains a comprehensive coverage of investment, exit,
ness units and the ventures. Indeed, Intel's investmentand performance activity in the private equity industry
experience and high technological absorptive capacity from 1969 to 1999. We searched the population of all
allowed it to recognize, as early as the due diligence private equity investments for any investments by firms
stage, the opportunity associated with Berkeley Net- or their funds’ For these firms, we collected data on
works’ technology. the annual amount of venturing investments (disburse-

Hypothesis 3. The greater a firm’s absorptive capac- ———— . .
it ypth i fi 9 . tment in ntpr ren P rial 1 The database is offered by Venture Economics, a division of
Iy, the greater a irm's invesime entrepreneuria Thomson Financial. The data are collected through industry associ-

ventures will impact the firm’s innovation rate. ations (European Venture Capital Association, the National Venture
Capital Association, and other key associations in Asia and Australia)
and the investment banking community. These data have been used
in several academic studies on the venture capital induByrgréve,
3. Data and method 1089: Gompers, 1005
. . . 2 We included the following VentureXpert categories: Non-

In our analysis, we explore the relationship between Financial Corp Affiliate or Subsidiary Partnership, Venture/PE Sub-
corporate venture capital and incumbent firm innova- sidiary of Non-Financial Corp., Venture/PE Subsidiary of Other
tion rates. Specifically, we explore the varying levels Companies NEC, Venture/PE Subsidiary of Service Providers, Di-
of firm CVC investment and compare their subsequent rect Investor/Non-Financial Corp, Direct Investor/Service Provider,

. ti t We adopt patent dat fBIC Affiliate with non-financial Corp. and Non-Financial Corp. Af-
Innovation rates. Vve adopt patent data as a measure o iliate or Subsidiary. We excluded investments by corporate pension

innovation to be consistent with recent studies on tech- fynds because these investments are distinct and unlikely to resuit in
nology alliancesBaum et al., 2000; Stuart, 20pand learning benefits.
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ments). Note, these amounts represent the actual dollarsuch as research expenditures and book value of assets
value invested during a given year, and should not be for the years 1969-1999 from Compustat. We estab-
confused with dollars committed to venturing activity lished the annual patent output for each firm using the
(usually reported in the professional media), whichrep- HJT dataset. Approximately 80% of the public firms
resent the total dollar amount a fund has committed to from the VentureXpert database were issued a patent
invest over the fund’s life. We believe the former mea- over the 1969-1999 time frame.
sure is more appropriate given the focus of our study
on the benefits of having a viable window onto innova- 3.2. Measures
tive ventures. Similarly, we focus on CVC investment
made directly in entrepreneurial ventures and exclude  We capture the rate of innovation within firms using
capital allocated to intermediaries such as traditional a firm's citation-weighted count of patentSitations.
venture capital funds (e.g., the practice of fund-of- There are a number of measures of a firm’s innovative-
funds). ness adopted in the empirical literature (skegedoorn
We augmented our CVC data with patenting data and Cloodt, 2003for a recent review). Some studies
constructed byHall et al. (2001)(hereafter HJT) that  employ R&D expenditures as a proxy of a firm’s inno-
are based on the U.S. Patent Office database. We addedation competenciesienderson and Cockburn, 1994
to our sample all U.S. firms within the same industries while others employ surveys of new product announce-
(based on four-digit standard industrial classification, ments Acs and Auretsch, 1988Patents Griliches,
SIC, classification) as those firms in our CVC dataset 1990 and patent citationsT(ajtenberg, 1990; Harhoff
over the time period 1969-1999. The HJT datasets et al., 1999 are perhaps the most popular measures
contain detailed information on almost 3 million U.S. of innovative performance. Based on an analysis of
patents granted between 1963 and 1999, all citations 1200 companies in high-tech industrie¢sagedoorn
made to these patents since 1974 (over 16 million), and Cloodt (2003: 1375¢onclude “the overlap be-
and a match of patients’ assignees to Compustat. Stantween each of these four indicators is that great
dard & Poor’'s Compustat database was used to providethat in high-tech sectors any of these four indicators
annual firm-level accounting and financial data thus could be taken as a measure of innovative performance
limiting our sample to publicly traded firms. An au- in the broad sensé".
tomated, matching algorithm and hand-checking were ~ We optto capture the rate of innovation within a firm
used to link the VentureXpert data with the HJT patent- as the count of forward (future) citations to patents ap-
ing dataset and CompustaEurthermore, while the  plied for in a given year by a firmQjtations.> In doing
HJT patenting dataset bases the ownership structureso, we build on previous studies that have found patent
of firms circa 1989, we manually matched up firms citations is a good indicator of the value of the inven-
to U.S. Patent and Trademark Office (PTO) assignee tion (Trajtenberg, 1990; Harhoff et al., 199®revious
codes to ensure we capture the patenting activity of all studies have employed patents and citation-weighted
firms. patents to gauge innovative output in the chemical
The resulting sample included 2289 firms and (Ahuja, 2000, pharmaceuticalf{enderson and Cock-
45,664 observations. Two hundred and forty seven burn, 1994, information Stuart, 200D and devices
firms of these firms invested corporate venture capi- (Brockhoff et al., 1999sectors, among others.
tal some time during the period 1969-1999. For each

of the 2289 firms, we collected annual financial data ————
4 We believe their conclusion applies to our stutfagedoorn

and Cloodt’s (2003sample and our sample share many character-

3 The HJT database provides not only the name of the company istics. Specifically, they studied companies operating in four high-
to which the patent was assigned but also the ultimate (parent) firm tech industries (aerospace and defense, computer and office machin-
name. Therefore, a firm with a single entry in Compustat can have ery, pharmaceuticals, electronics and communications), over the pe-
multiple assignee-names in the HJT database. Since the knowledgeriod 1992-1998. Their results hold for the sub-sample of U.S. firms
gained through a venturing activity can be put to use in different divi-  (which constituted about 70% of their all sample).
sions and subsidiaries of the corporation, we consider every assignee- ° To increase confidence in our findings, we also ran each of our
name associated with a corporation, as long as it holds more than 50% models with unweighted patent counts as well. We discuss these
of the original assignee. alternative specifications in the results.
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250000 1990. All three variables are adjusted to 1999 dollars
using the Consumer Price Index.
2000009 In most models, we include a measure to capture the
technological opportunities available per industry. We
....... patents define (ndustry Citation} as the average number of
citations citation-weighted patents applied to by firms in a given
year in a given industry defined by each four-digit stan-
dard industrial classification. This measure helps con-
trol for time-variant, differences across industries, such
as citation ‘inflation’ in certain industries, that may be
driving an apparent relationship between CVC invest-
ment and patenting. More importantly, by controlling
Fig. 1. Total patents and citations in our sample (1969-1999).  for Industry Citations we attempt to address the fact
o that some industries at some points in time may ex-
~ Only patent applications that were later granted are perience greater technological ferment that may drive
included in our dataset. We chose to use application poth the opportunities to invest in new ventures and
year rather than grant year, because our main inter-the opportunities to innovate internallilevorick et
est is to record changes to the focal firm's knowledge g 1995. We further address this potential confound-
base rather than its ability and timing of appropriating ing, alternative hypothesis by performing a separate
rents.Hall et al. (2001)eport that the distribution of analysis for individual industry segments.
forward lag in citation (i.e., the number of years be-  agan additional control, we include a measure of the
tween patent’s application date and later citing-patents giock of patents a firm has been granteatént Stock
application date) is about 3—4 years. Thus, our citation- gjnce we analyze a relatively long period of time, it is
weighted patents variable is truncated on the right. yossiple that unobserved, time-variant firm-level char-
Patents granted in recent years have not been availableycteristics such as alliance activity or mergers and ac-
long enough to be cited by future patents (5ég 1). quisitions affect patenting activity. Followirgjundell
Variation in citing behavior across technological fields ¢ 5. (1995) we calculate this measure by calculating

and along years may also bias our citation-weighted the depreciated sum of all patents applied from 1963
patents variableHall et al., 200). We address these g the current ye.

potential biases in our methods discussion bélow.

Our primary independent variable is annual CVC Patent Stock
investments in millions of dollars (CVC). This vari- -
able is calculated as the sum of all investments via all In(Patents + (1 — &) Patent Stock-1)
venturing funds by afirminayear. Control variablesin- \We include this measure to partially control for possible
clude annual firm research expenditures in millions of firm-level unobserved heterogeneity that is not fixed
dollars Researchand firm size measured as total firm  throughout time. Previous studies examining patenting
assets in millions of dollarsAssety We would expect  rates have used similar measurééijja and Katila,
that larger in-house research expenditures would lead 2001).
to greater patenting outputienderson and Cockburn, To test our hypothesis concerning the moderating ef-
1999. Similarly, larger firms possess greater resources fect of intellectual property protection, we create amea-
for investing in research and thus are more likely to sure derived from the Carnegie Mellon Survey (CMS)
patent more$chumpeter, 1942; Cohen and Levinthal, of Research and Developmer@dhen et al., 2001

150000 1

100000

50000 A

6 We also followed the ‘citation-fixed-effects’ approach el
et al. (2001)and rescaled our dependent variable by dividing the 7 We adopted a depreciation rate of 30% aBlimdell et al. (1995)
absolute number of citations made to a given patent, by the average We experimented with other values (e.g., 0%) and received consistent
number of citations made to all patents in the same technological results. At a depreciating rate of 30%, patents granted prior to 1963
group and application year. Our results are robust to this specification. have little impact on 196Patent Stoclespecially given the 1-4 year
SeeHall et al. (2001)or a complete discussion. lag between patent application and granting.
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The questionnaire was administered in 1994 to a ran- CVC and portfolio companies technological portfo-
dom sample of U.S. manufacturing R&D labs drawn lios. Each firm's technological portfolio is determined
from the Directory of American Research and Tech- by measuring the distribution across patent classifica-
nology. Overall, 1478 R&D unit managers answered tions of the patents associated with its businesses, using
about mechanisms they use in order to protect profits Silverman’s (1996)oncordance between SIC codes
duetoinventionsintheir focal industry. These included (i.e., line of business) and patent classes (i.e., domain
avariety of mechanisms such as patents and se¢Recy.  of expertise). We believe this measure is more appro-
Protectionreflects the relative importance of patenting priate than the cross-citation measure of technological
as a way to protect intellectual properti Protec- overlap Mowery et al., 199%for the purpose of mea-
tion was measured as the mean percentage of innova-suring a firm’s absorptive capacfy.
tions for which patenting was considered effective. The ~ Generating th&enture Proximitymeasure involves
higher the value ofP Protection the greater the value  a number of steps. First, we identify the technological
of patenting. Note, by construction, this variable varies portfolio that is associated with each corporate investor
across industry but is time-invariant. based on its businesseSilgerman, 1995 Next, for

To testHypothesis 3 we capture the absorptive each venture within an investing firm's portfolio, we
capacity of the firm in a number of ways. It is a identify the venture’s domain of expertise using the
common practice to capture firm absorptive capacity same methodology. Since these ventures are not yet
with its contemporaneous R&D expenditur@ohen publicly traded companies, they are not typically as-
and Levinthal, 199D Unfortunately, this may simply  sociated with a SIC code. Rather, we only know their
add noise to our results since CVC funds and R&D Venture Economics Industry Classification (VEIC)—a
labs likely compete for corporate resources implying Venture Economics proprietary industry classification
a countervailing substitution effect. To avoid concerns scheme. We manually assign a SIC to each venture us-
over potential substitution between contemporaneousing a manual two-step proce$ghird, the overlap in
levels of CVC and R&D, we use historical level of technological portfolios (i.e., activity in the same patent
R&D. In particular,Past R.D measures the 3-year sum classes) is then calculated for each CVC firm-portfolio
of past research and development outlays. That is, ourventure pair. Finally, for each CVC investdfenture
first proxy for firm absorptive capacity is the sum of Proximity is defined as the average proximity across
R&D in yeart — 2 to yeart — 4. all of its portfolio companies.

As an alternative measure for absorptive capacity,
we employ firm stock of prior patents (described above)
as a proxy for absorptive capacity. On a theoretlcal measure proposed Mowery et al. (1996)s a strong indi-
level, we believédPatent Stocknay be an attractive con-  cator of a technological bond between two firms. However, it may
struct for firm absorptive capacity. Each dollar spent underplay information about the similarities of firms that do not cite
on internal R&D may not generate the same amount eachother (alikely event given that entrepreneurial ventures have not
of knowledge stock. According tblall et al. (2001) been around for a long period of time). T_he exten_t to which similar

. patent classes are use by the two firms, irrespectively of whether or

patents ShOUId be a gOOd proxy for knOW|edge cap|tal not they cite each other, is consistent with the conceptual construct
because it represents the success of an R&D programog firm's absorptive capacity.
not just its input. 9 Coding each venture involved the following steps: (1) identify

Absorptive capacity, as originally conceived, is not all ventures in Venture Economics (VE) that ever pursued a public
a state variable rather it is domain specific. A firm may oﬁe_ring (IPO); (2) record their VEIC code as availab_le through VE;

. L. . (3) identify them through Compustat and record their SIC code; (4)
possessan absorptlve_capamty I_n one domain of knO\_Nl' generate an initial mapping of VEIC-to-SIC. (5) for a given VEIC
edge but lack absorptive capacity in another domain. code, identify all IPOed ventures and their SIC codes; (6) review rel-
To address the domain specific nature of absorptive evant information about them from VE database. This includes the
capacity, we adopt a third measure based on the tech-following VE fields: company business description, company com-
noiogical proximity between an investing firmas do_ petitors, companycustomers, companyinternettech group, company

. . . . primary customer type, company product keywords; (7) for each of
main of expertise and the domain of expertise of the the non-IPOed ventures, review the same VE fields and assign an ap-

firm’s portfolio Ve_ntU res. In particular, we follodaffe propriate SIC code; (8) triangulate venture’s line of business through
(1986)and examine the extent of an overlap between other databases (e.g., Dun and Bradstreet, Lexis-Nexis).
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3.3. Method for years after the investment activity. In this spirit, we
_ _ ) consider both unrestricted and a geometric models of

Our dependent variableC{tationg is a count of g gistributed lag between CVC investment and inno-
patent citations for patents applied for by a firm in a yative output. In the unrestricted case, we consider the
given year and as such is bounded at zero and assumegffect CVC investment has on patenting output from
only integer values. We address the discrete nature gne to six years later: CC x wherek = 1-6. We use
of Citationsby adopting a negative binomial model. 4,2 test to test the joint hypothesis that the impact of
The negative binomial model is commonly used inthe 5| six lags is significantly different from zero in com-
patenting literature for over dispersed count data like pination. For the geometric distributed lag model, we

ours Griliches et al., 198) The negative binomial  as5syme that the joint impact of CVC activity over time
model is a generalized form of a Poisson model where pas the following standard functional form:

an individual, unobserved effect is introduced in the .
conditional mean Greene, 2000 We do not adopt CVCaistributed lag= % (1 — #)4’(CVC),_;.

a Poisson model because the assumption of constantrpe geometric lag has the appealing attribute of having
dispersion appears violated, i.e. the mean and variancegne coefficient to capture the impact of CVC activity.
of the event count are not proportional. A Lagrange  since our sample traces multiple industries over a
multiplier test of overdispersion proposed®@gmeron  |ong period of time, our findings might be biased due to
and Trivedi (1998was used to test this assumpti$h.  nobservable heterogeneity related to macroeconomic
In general, we assume a 1-year lag between our re-factors, industry attributes, or firm characteristics. In
gressors and dependent variables. In other words, weq analysis, we adopt a number of strategies to ad-
examine the association between last year's value of gress possible unobserved heterogeneity in addition to
our independent variables and this year’s patenting lev- ihe use ofindustry Citationsand Patent StockFirst,
els. In the case dResearchprevious research looking  year fixed-effects are included to control for macroeco-
at the relationship between research expenditures a”‘ﬁ:omic trends such as economic downturns and periods
firm patenting have found high within firm correlation ¢ general technological ferment that may ultimately
of R&D over time thus supporting the use of a one- jffect overall patenting levels. Year fixed-effects also
year lag Hall and Zedonis, 2001 However, absent  control for yearly variations in patent citation rates as a
prior research on the impact of corporate venture capi- resylt of right truncation of the data. To further address
tal on patenting output, we take a cautious approach andpjgses from the truncation of citation-weighted patents,
employ a distributed lag analysis for CV8Huja and we restrict our sample to the period 1975-198Ry
Katila, 200). There is likely to be a lag between invest- excluding the most recent year’s data, we also remove
ment in new ventures and changes in innovative out- any pias introduced by the internet bubble economy of
put for the investing firm. While the learning benefits e |ate 1990s. By excluding the years prior to 1975,
from due-diligence may be immediate, more substan- \ye improve the accuracy of the HJT matching of firms
tive learning is likely to take place only after ties have g patents2
been established and trust is built. Furthermore, the Second, we include firm-effects to address possible
learning that may derive from board seats and technical firm-specific unobserved heterogeneity. Firm-effects
liaisons may transpire over a longer period of time as & are a common practice in panel data analysis and serve
venture’s technology matures. Similarly, learning from a5 3 control for unobserved, time-invariant firm-level
a venture’s mistakes and failures takes time as well.  haracteristics that may in part be driving patent activ-

Thus, we expect that the positive effect of CVC in- ity within the firm. We employ both firm fixed-effects
vestment on firm innovativeness will likely transpire

11 While the number of firms in the sample remains unchanged
10 The LM test was operationalized using a likelihood ratio testin  (2289), limiting the time-period reduces the number of firm-year
Stata version 7.0. A significapf statistic is interpreted as a rejection  observations to 31,876.
of the base hypothesis of constant dispersion. To increase confidence 12 We estimated our models over a number of different time pe-
in our results, we also ran our various models using a Poisson spec- riods and found consistent results. Estimations based on the full
ification and found consistent results. The Poisson models may be 1969-1999 panel improved our results. Tables for these estimations
provided by the authors upon request. may be provided by the authors upon request.
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and firm random-effects. In the negative binomial con- Sony, Motorola, AOL, and Dell. Johnson & Johnson
text, firm fixed-effects are estimated using a condi- is the first pharmaceutical firm to appear in the top 20
tional maximum likelihood estimator. The random- at the 13th position with cumulative investments ap-
effects specification assumes that the regressors andoroximating $196 million. The relatively lower invest-
the firm-specific effects are uncorrelated. As explained ment levels by pharmaceutical firms may simply cap-
in the analysis below, each of the methods has strengthsture the well documented inclination of these firms to-
and weaknesses and the literature does not have a strongvards other forms of inter-organizational arrangements
preference for one method. We also include sector dum- (Pisano, 1991; Baum et al., 2000; Rothaermal, 2001
mies to control for possible fixed industry effects that For example, the ‘relative incidence’ of licensing, in
are not captured by the firm-effects. comparison to other channels for external knowledge
In summary, we adopt a negative binomial spec- acquisition, may be particularly high in the pharma-
ification with firm, sector, and year fixed and random ceutical industry Anand and Khanna, 20042 A ma-
effects and lagged independent variables. The expectedority of the top 20 firms have started their corporate
number of citation-weighted patents given a setofinde- venturing funds after 1993. A few have been engaged
pendent variables may be given for the random-effects in corporate venturing since the sixties including Xe-

specification by, rox, Johnson & Johnson, and Motorola. A handful of
E[Citationsi]| Xi—1] = hir = €Xp@ Xi—1 + it + vi) firms including Intel, Sony and Xerox have numerous
_ - funds with which to distribute funds.

wheref is the coefficient vector, X represents our Fig. 2(Panel B) also presents a summary of total an-

set of time-variant firm characteristics including CVC, - nyal corporate venture capital activity by sectors during

andv; andej; are independent random variables. the period 1969-199% We exclude data from 1998
and 1999 in the graphs since investment levels in these

4. Analysis and results years were orders of magnitude greater for a number of

sectors (in particular, the information technology sector

Fig. 2 (Panel A) presents a summary of total an- comprised of semiconductors, computers and telecom-
nual investment in new ventures during the period munications). Consistent wiffable 1 we observe that
1969-2003 (in 2003 dollars). We observe that corpo- firms in the information and devices sectors, and to
rate venturing activity has gone through three waves some extent the pharmaceutical industry, actively en-
during the last 30 years that closely parallel the invest- gage in corporate venture capital. The chemical indus-
ment patterns of independent VC funds. The first wave try and the metals industry had lively CVC investment
peaked in the early seventies. Activity declined until during the 1980’s that was not matched during the fol-
approximately 1978, when changes in legislation led lowing wave of general CVC activity in the 1990’s.
to an increase in venturing investments by independent We may speculate that much of the run up in CVC in-
venture capitalists as well as established firms. This vestment in the late 1990's was driven by the Internet.
second wave peaked around 1986 with total annual in- For example, the publishing industries surge in CVC
vestment at approximately $250 million per year (in investment starting in 1995 was a result of established
original dollars). Investments declined sharply after the media moguls such as News Corp. investing in inter-
stock crash of 1987 to a level of $25 million in 1993. net start-ups that provided news and other information
The third wave began with the rise of the Internet in on-line.
the mid-1990s. By 2000, the total amount of rounds in
which established ﬁ'_'ms p{_:ll’tiCi_p(?Ited reached a record mand Khanna (2000:128harmaceutical patents, in par-
level of nearly $16 billion (in original dollars). ticular, can be made very strong. Hence, both the aggregate inci-

Table 1presents a summary of the investment ac- dence of licensing, as well as the ratio of licenses to joint ventures
tivity of the 20 largest venturing firms in our sample in  (i-e., the relative incidence), is likely to be greater when property
terms of total cumulative dollars invested. Intel leads rights over technologies are strong, ceteris paribus”. The implica-

the list with total investments approaching $1.5 bil- tions for firm's innovation rates are discussed in the results.
pp g 1. 14 sectors were defined by SIC code as follows: chemical$ @8

lion since 1992. The top 20 is dominated by the largest ¢juding 2834 and 2836, 29, 3080), pharmaceuticals (2834, 2836),
electronics and computer concerns such as Microsoft, devices (38 ), and information (357, 367, 48™, 3663).
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Annual corporate venture capital investments (total and by sector). Panel A: total annual round amount by CVC and independent VC

(IVC) investors. Panel B: annual CVC round amount by corporate sector.
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Table 1
Activity summary of 20 largest venturing firms (1969-1999)
Firm Year began Maximum annual Total dollars Maximum annual Average annual Total venture
investing ventures invested invested rounds funds
Intel 1992 179 1486 771 57 5
Cisco 1995 55 1056 730 19 1
Microsoft 1983 29 713 436 7 1
Comdisco 1992 70 554 334 24 2
Dell 1995 48 502 395 26 1
MCI Worldcom 1996 11 495 410 8 1
AOL 1993 39 333 169 10 2
Motorola 1963 33 315 177 11 1
Sony 1984 30 313 169 7 6
Qualcomm 1999 5 262 207 5 1
Safeguard 1983 21 231 118 6 3
Sun Micro 1999 31 204 180 19 1
J&J 1961 21 196 80 5 2
Global-Tech 1999 13 188 122 11 1
Yahoo 1997 5 186 163 3 1
Xerox 1960 30 184 24 13 6
Compag 1992 21 182 113 5 3
Citigroup 1999 11 156 93 9 1
Ford Motor 1951 22 146 125 8 4
Comcast 1996 16 144 84 11 1

2 In millions of dollars.

Table 2presents definitions, descriptive statistics, find not surprisingly that larger firm&ésetywho en-
and the correlation matrix for the variables in our patent gage in more researcRésearchhave higher citation-
count model. We use the natural log of each of our weighted patenting rates in the next year.
primary independent variables. We observe that firms,  In Model 2, we introducdPatent StoclandIndus-
on average, are granted 13.5 patents per year and retry Citationsas controls for time-variant unobserved
ceive approximately seven citations per patent. How- heterogeneity. Recall th&atent Stockhelps control
ever, the relatively few firms who patent in great num- for firm-specific heterogeneity such as the underlying
bers skew these numbers. The main independent vari-innovativeness of the firm at different points in time.
able, CVC, varies from $0to $52.5 Min absolute terms. Industry Citationgroxies for the technological oppor-
The correlations between independents variables weretunities present in the industry at a particular time. We
not deemed high enough to warrant series concern of find that bothPatent Stoclkandindustry Citationhave
multicollinearity. To allay fears of multicollinearity be-  a significant, positive effect on future patent levels. In
tween firm size and CVC, we estimated each of our contrast with Model 1, we find that large firms dess
models using intensities and found consistent results. likely to generate citation-weighted patents. This result

Table 3presents estimates from various specifica- indicates the importance of controlling for time-variant
tions of our model. In Model 1, we present a base spec- unobserved heterogeneity when studying a sample that
ification where CVC is not included as an independent covers along period of time. In essence, the results sug-
variable. We estimate a firm fixed-effect, negative bino- gests thatthe marginal output of quality patents is lower
mial specification wittCitationsas our dependentvari-  for larger firms, once we control for fluctuation in in-
able using a conditional maximum likelihood (CML) dustry innovativeness (i.dndustry Citationy and the
estimatort® For simplicity, we do not present the coef-  intrinsic — and mostimportantly time-variant, or evolv-
ficient estimates for the year and sector dummies. We ing — innovativeness of each firm (i.@atent Stock

15 Qur overdispersion test statistic is presented in Models 4 through of the hypothesis of constant dispersion and a preference for negative
8 of Table 3 The significance of these estimates indicates a rejection binomial over Poisson.



Table 2
Descriptive statistics for patenting models
Variable Description Mean Standard Min Max 1 2 3 4 5 6 7 8 9
Deviation
1. Patents Count of new patents 13544 62107 0 2405 100
applied for by a firm in
each year
2. Citations Citation-weighted new 93310 458381 0 12795 B9 1.00
patents applied for by a
firm in each year
3.In(CVC) Log of total annual CVC ~ 0.019 Q187 0 398 012 013 1.00
dollars invested ($M)
4.In(Research)  Log of total annual 1.677 1814 0 945 045 043 016 100
research expenditures
($M)
5. In(Assets) Log of total assets of firm  5.650 2010 014 1»1 034 031" 013 053 1.00
($M)
6. Patent Stock  Log of the depreciated 41.318 181321 0 5358 ®8 088 0127 046 0.35 1.00
count of patents issued to
a firm
7. Industry Average citations withina 88377 185538 0 3304 ®8 042 009 035 0.22 0.38 1.00

Citations four-digit SIC
classification in each year
8. IP Protection  Relative effectiveness of  0.418 Q075 0.233 620 001 001 002 006"
patenting within each

-0.1Z 0.00 001 1.00

industry
9. Venture Average technological 0.530 Q379 0.061 1000 -0.26° —-0.30° -013 -016" -053 -0.34 —-0.09 -001 1.00
Proximity proximity between a firm

and its ventures

n=31,876 except for IP Protection where 10,469 and Venture Proximity whene= 1941.
*
p<0.01.
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Table 3
Firm patent citation levels across all industries (1975-1995)

Specification Firm fixed-effects negative binomial Firm random-effects negative binomial
sample model

Full samplé, 1  Full samplé, 2 Full samplé&, 3 Full samplé, 4 Full sample, 5 CVC Investdtsé

IN(CVC) _ i
wlgeometric lag 0.065 (0.011) 0.066" (0.010) 0.043" (0.011)
wljoint x2 test 81.73"
IN(CVCY)_1 0.040" (0.013)
IN(CVC)_» 0.047™ (0.013)
IN(CVC)_3 0.047™ (0.013)
IN(CVC)_4 0.039" (0.013)
IN(CVC)_5s 0.028(0.013)
IN(CVC)_¢ 0.021(0.014)
In(Research) 1 0.328™ (0.008) 0.069" (0.008) 0.067" (0.008) 0.067" (0.007) 0.077" (0.007) 0.13T" (0.018)
In(Assets)_ 1 0.058™ (0.007) —0.034™ (0.007) —0.033™ (0.007) —0.033™ (0.007) —0.059™ (0.006) —0.067"" (0.019)
Patent Stock 1 0.755™ (0.008) 0.758" (0.008) 0.757" (0.008) 0.868" (0.007) 0.904" (0.014)
Industry Citationg_ 1 0.0003™ (0.000) 0.0003" (0.000) 0.0003" (0.000) 0.0002" (0.000) 0.000%" (0.000)
Year fixed effects Included Included Included Included Included Included
Sector fixed effects  Includéd Included Included Included Included Included
Observations 28321 2832F 2832F 2832F 31876 4478
Firms 1916 1916 1916 1916 2275 247
Wald 2 5607 20758™ 20848™ 20877 36814™ 10155
Overdispersion test 5010™ 655™
Standard errors are in parentheses.
* p<0.05.
** p<0.01.
%+ n<0.001.

2 Firms who never patent are removed from the sample due to the fixed-effects negative-binomial specification.
b Sample is reduced to only those firms who make CVC investments.
¢ The negative-binomial specification does not have firm-level dummies, thus sector fixed effects are possible.

In Model 3, we add CVC investments into our tioned above, this variable proxies for the joint impact
model using the unrestricted distributed lagged struc- of CVC activity over time on firm innovation rates.
ture. Consistent withHypothesis 1we find evidence Similar to previous models, the coefficient estimates
that CVC investment impacts firm’s patenting output. for In(Research), Patent Stock, and Industry Citations
The coefficients of CVC are highly significant for five are positive and highly significantand In(Assets) is heg-
out of the six lagged variables individually, and our ative and significant.
joint x? test suggests that the total effect of CVC in- One of the tradeoffs in using the CML fixed-effects,
vestments across the 6 years is statistically signifi- negative binomial specification is that firms who never
cant. Looking at the coefficients, we see the impact patented over the time period are removed from the
of CVC investment on quality patenting levels being sample including a number of firms who engage in
greatest 2—-3 years out. Over time, the impact of a CVC but did not patent in the 1975-1995 time frame.
given CVC investment declines until eventually it has The exclusion of firms who engage in CVC but never
no further effect. We estimated longer lag structures patent may bias our results. To address this potential
and found consistently that after 5 years there was no bias, we adopt a random-effects specification of our
discernable impact of CVC investment on patenting negative binomial model. The random-effects specifi-
rates. cation has the advantage thatwe may use the full sample

In Model 4, we substitute our geometric distributed in our estimation. By adopting a random-effects spec-
lag for the unrestricted distributed lag structure of ification, we assume that the regressors and the firm-
Model 3. The coefficient for the geometric distributed specific effects are uncorrelated. The literature exhibits
lag is positive and statistically significant. As was men- no strong preference for random-effects or fixed-effects
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Table 4
Variable means and standard deviations by major sectors (1975-1995)
Sector Chemicals Devices Information Pharma Vehicles
In(CVC);_;

w/geometric lagX =0.6) Q037 (0.290) 022 (0.197) 069 (0.379) 081 (0.354) 021 (0.182)
In(Research) 291 (1.947) 2016 (1.520) 2406 (1.932) 3718 (1.995) 2304 (2.220)
In(Assets) 6299 (2.156) 542 (1.778) 5340 (2.106) 6189 (2.166) €086 (2.116)
Patent Stock 231 (2.009) 1963 (1.557) 1511 (1.743) 2851 (2.029) 269 (1.829)
Industry Citations 14323 (144.092) 10672 (177.973) 17930 (309.438) 16966 (76.189)  12B05 (152.943)
IP Protection B45 (0.047) 824 (0.107) @48 0.087) 0432 (0.000) (B26 (0.031)
Observations 2817 2815 4607 969 1830
Firms 198 216 337 63 135

Standard deviations in parentheses.

in limited dependent variable models such as the neg- Here we directly estimate the impact greater CVC in-
ative binomial Greene, 2000 vestment has on quality patenting, given that a firm
In Model 5, we estimate our model usigtations chose to make CVC investments. We once again con-
as the dependent variable and a random-effects spec4rol for firm size, R&D expenditures, patent stock and
ification. We find positive, significant coefficients for industry citations and estimate a random-effect, nega-
the geometric lag calculation of In(CVC), as well as for tive binomial specification usin@itationsas our de-
In(Research), Patent Stock, and Industry Citations. The pendent variable. We find a positive, significant coef-
coefficient for In(Assets) remains negative and signif- ficient estimate for In(CVC). In other words, among
icant. Our results for the larger sample are consistent those firms who invest corporate venture capital, we
with the reduced sample from the fixed-effects specifi- find that greater CVC investment increases the future
cation. This gives us greater confidence in our results output of quality patents. Thus, a firm’s output of qual-
given that we now include firms who never patented ity patenting is associated not only with the existence
throughout their life. of CVC investment effort, but also with the magnitude
One possible driver of our results is that firms are of the investment®
self-selecting to invest CVC based on the attributes  As a further analysis, we split the sample by sectors
of the industry sector they operate in as well as vari- and for each sub-sample we estimate a specification
ous firm-level factors. In the presence of self-selection, similar to the one in Model 5 iTable 3 Analyzing
our coefficient estimates may be overstating the direct the sector sub-samples allows us to further address any
impact of CVC investment and reflecting underlying potential industry-level confounding effects not cap-
differences between firms who invest and those who tured bylIndustry Citationsand our sector dummies.
do not. In Models 3-5, we control for stable firm dif- We separately analyzed a negative binomial random-
ferences with a firm-effect specification and control effects specification, usin@itationsas the dependent
for time-variant differences by the inclusion Batent variable, for the five highest CVC investing sectors:
Stock However, there might be additional time-variant
factors that affect the desire to pursue CVC investment
and the desire to increase patenting resulting in self- 16 We have also addressed the self-selection issue more explicitly

. . . . by adopting a two-stage specification (2SLS). In the first stage, we
selection bias of our estimates. A more stringent test estimate the magnitude of CVC investments. The model is based on

of the impact of firm's CVC on its innovative output  pysnnitsky and Lenox (2008)ho explore not only the propensity to
should explore whether increases in the levels of quality invest CvC, but also the magnitude of those investments. The main
patenting are driven by prior increases in firm's corpo- independent variables in the first stage are firm’s cash flow, firm’s
rate venture capital. history of innovation, and industry-level measure of technological

. . .o ferment. Our estim in th n r nsistent with pre-
In Model 6, we follow this reasoning and limit our ~ ferment. Our estimates in the second stage are consistent with pre
vious models; once again we find a significant, positive relationship

sample FO 0n|Y_ those firms tha.t inveSt. corporate Ven- peqyeen CVC investment and firm quality patenting. The results are
ture capital during the 20-year time period 1975—-1995. not included for parsimony sake.
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chemicals, devices, information, pharmaceuticals, and  To explore this result further, we estimate a model
vehicles!’ Table 4contains the summary statistics for using our intellectual property protection measure. Re-
our primary independent variables broken down by sec- call that this measure is only available for a subset of our
tor. Because the means and standard deviations are reindustries thus reducing our sample size. In Model 12,
ported for all firms within each sector (i.e., investing as we addIP Protectionand interact it with CVC invest-
well as non-investing firms), the reader should interpret ment. Not surprisingly, we find that firms in industries
the values of In(CVC) with car&® with strong IP regimes, patent more. In addition, we
Consistent with previous models, our results for find as hypothesized that the effect of CVC investment
Models 7 through 11 ifable 5show that within each ~ on innovation is reduced the stronger intellectual prop-
of the sectors, firms who engage in more resedReh ( erty protection. Given the coefficients of Model 12, we
search) and have been innovative in the paBatent estimate that only for sectors whéReProtectionis low
Stock have higher citation-weighted patenting output. will we expect to see a positive relationship between
We find that the coefficient ofifdustry Citation$ is CVC and innovation.
statistically insignificant in most models. This is not This raises an interesting question, if CVC invest-
surprising since the information contribution of this ment has positive innovative benefits only in industries
variable decreases once we split the sample by industrywith weak IP regimes, why do firms in industries with
sector: the cross-sector variance does not enter the substrong IP regimes invest corporate venture capital? Pre-
samples and within sector temporal effects are mainly vious work has found that firms invest in new ventures
absorbed by the year effects. More importantly, we find for a number of reasons. While many firms are inter-
that the coefficient for the geometric lag of In(CVC) ested in CVC as a window on novel technology, others
is positive and highly statistically significant within are interested in CVC purely as a financial investment
the information and devices sectors, but insignificant or as a complement to other knowledge acquisition
within chemicals, pharmaceuticals, and vehicles. Fur- strategiesArora and Gambardella, 1990nterviews
thermore, for the Information and devices sectors, the with CVC fund managers at pharmaceutical firms re-
return to CVC investment is similar to R&D expendi- veal that these firms often pursue CVC as a vehicle
tures. for identifying future alliance partners and takeover
What may explain these findings across sectors? targets. Indeed, a recent study finds that a pharma-
Earlier, we hypothesized that the intellectual property ceutical firm’s patenting-output increases in the firm’'s
regimes may drive cross-industry heterogeneity. Refer- R&D contracts, licenses, and acquisitions activity, but
ring to Table 4 we observe that the two sectors with is insignificantly associated with the firm’s minority-
the weakest IP protection are information and devices equity investmentsd\icholls-Nixon and Woo, 2003"°
followed by vehicles, chemicals, and finally pharma- Inaddition, firms may fund ventures that develop com-
ceuticals. Thus, we find that the impact of investment plementary product or services, irrespective of the IP
in entrepreneurial ventures on firm innovation rates is regime, as a strategy to increase the demand for corpo-
significant only in those sectors where the intellectual rate innovationsErandenburger and Nalebuff, 1996;
property regime is weak. Dushnitsky, 2001
Next, we raise the possibility that the impact of CVC
investment on firm innovative output is moderated by
e dd not N ' firm level capabilities, in particular, a firm's absorptive
e did not include additional sectors for parsimony sake. The capacityTable 6analyzes the effect of a firm's absorp-

results across these industry sectors and may be provided by the . . . . .
authors Upon request. tive capacity on the innovation benefits due to CVC

18 The highest mean value for IN(C\iiributedad iS reported for activity (Hypothesis 3 We study only those sectors
the pharmaceutical sector, which may be misleading. Overall CvC where CVC is associated with subsequent patenting
levels are higher in the information and devices sectorsKipel).

However, the number of firms in the pharmaceutical sector is lower.

Because the mean is calculated across all firms within a sector, the 1° Nicholls-Nixon and Woo (2003jeport significant and high cor-
denominator in the case of the pharmaceutical sector is lower. Con- relations between pharmaceutical firm’s investment and its R&D
sequently, the average CVC level across investing and non-investing contracts and acquisition activity. This is consistent with the view
firms is highest for that industry. of CVC as a precursor to future alliance or takeover activity.
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Table 5
Firm patent citation levels by sector (1975-1995)
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Sector, model Chemicals, 7 Devices, 8

Information, 9

Pharma, 10 Vehicles, 11 All Sectors, 12

IN(CVC);_;
w/geometric lagx =0.6) 0.032 (0.026)

CVC x IP Protection
IP Protection

0.091 (0.024) 0.06T (0.022)

0.362.176)

—0.756 (0.411)
2.424™ (0.301)

0.018 (0.040)  0.141(0.082)

In(Research) 1 0.142™ (0.023) 0.085(0.034) 0.117" (0.021) 0.244" (0.048) 0.085" (0.024) 0.225" (0.016)
In(Assets)_ 1 —0.077™ (0.019) —0.024 (0.030) —0.089™ (0.020) —0.233™ (0.043) —0.006 (0.024) —0.089™ (0.015)
Patent Stock 1 0.860™ (0.019) 0.800" (0.022) 0.861" (0.019) 0.838" (0.032) 0.848" (0.022) 0.001" (0.000)
Industry Citationg_ 1 0.0005™ (0.000) —0.0002 (0.000) 0.0001 (0.000) 0.0008 (0.001)  0.0001 (0.000) 0.00(0.000)
Year fixed effects Included Included Included Included Included Included
Sector fixed effects Included
Observations 2817 2815 4607 969 1830 10469

Firms 198 216 337 63 135 749

Wald 2 5517 2807 5255™ 1850™ 3348™ 2877
Overdispersion test 667 505™ 610™ 234™ 7 5217

A random-effects negative binomial specification is adopted in all mo
* p<0.05.

** p<0.01.

*** p<0.001.

output, i.e., the information and devices sectors (we
pool the sectors together and introduce sector dum-
mies). In Model 13, we see that for this reduced sample,
we continue to find a positive, significant coefficient for
a geometric lag specification of CVC investment.

As a first test oHypothesis 3we split our sample
based on the median level of our first proxy for ab-
sorptive capacity (AC)-Past RD. We observe that
those firms above the median levelRdst R.D dif-
fer considerably from those below the median level.
High absorptive capacity firms engage in more R&D

dels. Standard errors in parentheses.

Hypothesis 3To see why, recall that each sub-sample
includes CVC-investing firms as well as non-investing
firms. We find that the patenting output of low absorp-
tive capacity CVC-firms is no better than that of their
non-CVC, low absorptive capacity peers (Model 14).
However, high absorptive capacity CVC-firms experi-
ence significantly higher innovation rates compared to
similar companies of high absorptive capacity that do
not pursue corporate venture capital (Model 15).

As a more direct test, we pooled these two sub-
samples together and interacted CVC investment with

on average ($118M versus $1.8M) and generate greaterdummy variables indicating whether a firm has high

citation-weighted patents on average (204 versus 7.2).
This is driven in part by differences in firm size
($2593M versus $1198M in assets on average). Av-
erage CVC activity is substantially greater for high
AC firms versus low AC firms (In(CVC) =0.063 versus
0.023).

Estimating our model, we find that for those firms
with low absorptive capacity (i.e. below the industry
median) we are not confident that the marginal effect
of CVC is greater than zero (Model 14). In contrast,
for firms with greater than industry median absorp-
tive capacity, we find a significant, positive relation-
ship between CVC and quality patenting (Model 15).
These results allude to an interaction effect between
CVC and a firm’s absorptive capacity, consistent with

absorptive capacity or low absorptive capacity (using
Past RD once again). We find once again a signifi-
cant, positive coefficient on CVC investment for only
firms with high absorptive capacity (Model 16).

As a robustness test, we substituRedent Stockor
Past R D as our measure of absorptive capacity. Split-
ting the sample into high and low patent stock using
the four-digit SIC industry median, we find a signifi-
cant positive effect only in the high AC sampfeIn
Model 17, we present the estimates from pooling high
and low patent stock firms. We find, once again, that
only high absorptive capacity firms realize innovative
gains from CVC investment.

20 We do not present these two models for parsimony sake.



Table 6

Firm patent citation levels by absorptive capacity (AC) level for the information & device sectors (1975-1995)

AC measure,
sample, model

All firms,
13

Past R&D

Past R&D, all
firms, 16

Low AC firms, 14 High AC firms, 15

Patent Stock,
all firms, 17

Past R&D,
CVC-firms, 18

Venture proximity

CVC-firms, 19

CVC-firms, 20

IN(CVC)_;

wlgeometric lagX =0.6) 0.081™ (0.016) 0.257 (0.306)

CVC x High AC
CVC x Low AC
CVC x AC

CVC x AC?

CVC x unknown AC
In(Research) 1
In(Assets)_ 1

Patent Stock_ 1
Industry Citationg_ 1
Year fixed effects
Sector fixed effects
Observations

Firms

Wald x?
Overdispersion test

0.078 (0.017)

0.081™ (0.016)
0.131 (0.247)

0.084" (0.015) 0.067" (0.017) 0.015 (0.042)

—0.284 (0.206)

0.305 (0.246)

0.0%8(0.018)

—0.023 (0.056)

0.573™ (0.167)
—0.561" (0.214)
—0.036 (0.026)

0.118™ (0.018) 0.273" (0.067) 0.073" (0.022) 0.118" (0.018) 0.118" (0.018) 0.180" (0.035) 0.168" (0.034) 0.175" (0.034)
—0.085" (0.020)—0.079™ (0.016)—0.078™ (0.016)—0.114™ (0.036)—0.104" (0.035)—0.107" (0.035)
0.825™ (0.013) 1.075" (0.041) 0.80%" (0.015) 0.825" (0.013) 0.823" (0.014) 0.91T" (0.022) 0.915" (0.022) 0.914" (0.022)

—0.078" (0.016) 0.018 (0.031)

Sk

0.001
Included
Included
7422

553

8306™
1284

Included
Included
2217
175
1001™
20.23"

included
included
5205
378
6189™
1217

included
included
7422
553
8307
1294™

Included
Included
7422
553
8350™
1288™

(0.000) —0.0001 (0.000) 0.000T (0.000) 0.001" (0.000) 0.0001" (0.000) 0.0001 (0.000)

included
included
1941
113
4407
237"

0.0001 (0.000)
included
included

1941
113
4474™

ko

241

0.0001 (0.000)
included
included

1941

113

4406™
239™

A random-effects negative binomial specification is adopted in all models. Standard errors in parefhe8€s.

# p<0.01.
*#* n<0.001.
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Finally, we adopt our measure of venture proximity
as our measure of absorptive capacity. Becatese
ture Proximityis missing for non-investing firms (who,
by definition, have no ventures), we limit our sample
solely to CVC-investing firms in the subsequent anal-
yses. For comparison, in Model 18 we replicate Model
16 for the limited sample of 113 CVC-investing firms.
We find once again a significant, positive coefficient
on CVC investment for only firms with high absorptive
capacity (using th@ast R D measure). The signh and
significance of Inisset} In(Research Patent Stock
andIndustry Citationscoefficients remain unchanged.

In Model 19, we present estimates splitting the sam-
ple based on those with high venture proximity and low
venture proximity using the median venture proximity
for a given four-digit SIC industrg? Surprisingly, we
find that those firms who invest in technologically dif-

G. Dushnitsky, M.J. Lenox / Research Policy 34 (2005) 615-639

learning when knowledge bases overlap. The first view
suggests that as two agents become closely aligned in
their knowledge sets, their knowledge becomes redun-
dant, and thus very little learning occukddwery et al.,
1998; Ahuja and Katila, 2001; Lenox and King, 2004
In the context of CVC, ventures and investing firms
who are well-aligned in their technological knowledge,
have little to learn from one another. As the divergence
between knowledge sets grows, investing firms will be
able to learn novel insights from their ventures. Eventu-
ally, however, this learning will diminish as the invest-
ing firm’s knowledge is so divergent from the venture’s
knowledge space that the investing firm fails to assim-
ilate knowledge from the venture.

The second explanation assumes that CVC investors
are interested in learning but have little opportunities to
do so given the actions of venturédWhile the greatest

ferent ventures experience greater increases in qualitylearning potential may exist when two agents become

patents than those who invest in technologically similar

ventures. Further inquiry revealed a concave relation-

ship betweerVenture Proximityand Citations 22 In
Model 20, we estimate the interaction effect between
CVC investment and/enture Proximityand Venture
Proximitysquared. We find a positive, significant coef-
ficient for the interaction with the primary term and a
negative, significant coefficient for the interaction with

closely aligned, competitive pressures may lead highly
innovative entrepreneurs to avoid CVC investors: “A
small high-technology company might be reluctant to
approach IBM or Sony directly for funding. Therefore,
the very companies in which these corporations wanted
toinvestwere usually the ones that never made itto their
doorsteps” Gompers, 2002). Based on a large sam-
ple analysisDushnitsky (2004)concludes that ven-

the squared term. The similar absolute magnitude of the tures are most likely to be driven away from corpo-
coefficients suggests a concave relationship betweenrate investors when the two operate within the same

zero and one with approximately a Ovnture Prox-
imity score having the largest marginal effect of CVC
investment.

This concave relationship is consistent with two
potential explanations: substitution and competition.
Both suggest that little learning occurs when firms’

industry2 Consequently, CVC investors will not be
exposed to novel technologies in their primary domain
of expertise or will be privy only to lower quality en-
trepreneurial inventions.

The results presented frables 3, 5 and ére robust
to a variety of specifications. To test the sensitivity of

knowledge bases are diverse due to a lack of absorp-our results to construct measurement, we estimated all

tive capacity, but offer different reasons for lack of

21 Due to data limitations, we were not able to calculsémture
Proximityfor all the firms in the Information & Devices sectors. To
maintain comparable samples, we created a dummy varldble
known AQto control for those firms for which we could not calculate
Venture Proximity

22 While R& D Expendituresand Patent Stoclare concerned with
the overallmagnitudeof an investing-firm’s knowledge baséenture
Proximity gauges the specifizverlapin knowledge bases vig-vis
portfolio companies. The former measures should exhibit a positive
relationship with firm patenting output: the greater firm’s knowledge
base, the more it is able to learn from CVC. However, the latter

the models specified above using simple patent counts
rather than citation-weighted patent counts. Our coef-
ficient estimates were consistent though often slightly
less significant. In addition, we explored alternative

23 To the extent that entrepreneurial startups may be a valuable
source of innovations{ghion and Tirole, 1994; Kortum and Lerner,
2000; Shane, 20Q,LCVC investors may be interested in learning
from them. Moreover, the corporation may be particularly interested
in learning from ventures that operate in the same technological do-
main. These ventures are likely to possess the cutting edge technol-
ogy within that technological field.

measure should exhibit an inverted U-shape relationship, where a 24 Dushnitsky (20043Iso reports that competitive pressures dimin-

moderate level of overlap is associated with highest firm patenting.

ish as the level of complementarity between the two increases.
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measures of corporate venture capital investment in- tervailing substitution and competitive effects kick-in
cluding the intensity of CVC spending and the number (Lenox and King, 2004 In particular, firm’s may find
of ventures invested. Once again, our results were con-that the have little to learn from ventures with simi-
sistent with the specifications presented. Finally, we lar technological expertise. In addition, ventures may
tested alternative specifications using negative bino- have strong incentives to either avoid or atthe very least
mial fixed-effect and Poisson fixed-effect estimators keep atarm’s lengths, CVC investors whose knowledge
and found consistent results. The authors may provide (and likely whose products) greatly overlap their own
these results upon request. (Dushnitsky, 200%
Our results are robust to a number of controls and
model specifications. We adopt a lagged specification,

5. Discussion examining the association between previous year’s val-
ues of our independent variables and this year’s patent-
Consistent withHypothesis 1we find strong evi- ing levels, in an effort to mitigate concerns of reverse

dence that increased corporate venture capital invest-causality. Year fixed-effects, annual industry citation
ment is associated with higher future patent citation levels, and sector dummies help alleviate concerns that
levels. Consistent witlhlypothesis 2we present evi-  technological ferment is driving our findings. The in-
dence that the relationship between CVC and patent- clusion of firm size, research expenditures, previous
ing is driven by CVC investments in industries where innovation rates, and firm-effects help control for the
patent effectiveness is low. Consistent withpothesis possibility that firms who pursue CVC are more inno-
3, we find that the marginal contribution of CVC in- vative than those who do not.

vestment to patenting is greater for firms with greater ~ Furthermore, our findings are robust to inter-
absorptive capacity. However, we present evidence thatindustry heterogeneity. The analysis includes a group
when ventures and investing firms overlap in their tech- of industry peers — all non-CVC firms who operate
nological knowledge sets, the learning benefits of CVC in the same industry — that do not exhibit the same

investments may be limited. increases in patenting output as CVC firms do. This
Our findings echo recent work on inter-industry supports our view that it is the practice of corporate
differences in appropriability regime£ohen et al., venture capital, rather than industry attributes, that is

2001). We find evidence that corporate venture capi- associated with enhancement in firm innovativeness.
tal serves as a window on technology only in the in- Moreover, our inter-industry findings are conservative.
formation and devices sectors. These two sectors arelf industry technological opportunity or firm innova-
characterized by relatively weak intellectual property tiveness were driving our results, we would expect the
regimes. We do not find evidence that firmsinthe chem- relationship between afirm’s CVC investmentlevel and
icals, vehicles, and pharmaceuticals sector (where theits innovative output to disappear in weak IP regimes.
IP regime is stronger) receive an innovation benefit All else being equal, more innovative firms with greater
from CVC investment. We speculate that firms in these innovative opportunities will patent less in weak IP en-
sectors are pursuing CVC primarily for identification vironments. While we find that firm citation-weighted
of future partners or direct financial returns. However, patenting declines as patent effectiveness decreases, we
we should be careful not to infer too much from the report a positive and significant relationship between
lack of statistical finding in these industries. CVC and innovation within the segment of the popu-
Our findings are also consistent with recent work lation characterized by weak patent effectiveness.
on absorptive capacity. To the extent that absorptive  While we can never completely rule out the possi-
capacity is domain specific, we expect to observe a bility of some unobserved time-variant factor driving
non-monotonic relationship between absorptive capac- our results, any potential confound to the observed re-
ity and learning. On one hand, a firm will learn little lationship would have to vary contemporaneously with
if it lacks expertise related to the knowledge the firm CVC investment. For example, their remains the pos-
wishes to acquireGohen and Levinthal, 19900n the sibility that firms simultaneously increase their CVC
other hand, to the extent the desired knowledge over- investments as they pursue new technology alliances
laps with the firm’s existing knowledge base, coun- or university research consortia. However, we believe



636 G. Dushnitsky, M.J. Lenox / Research Policy 34 (2005) 615-639
our inclusion of the stock of past patents goes along While we do not have data on program goals, to the
way to control for these non-CVC activities aimed at extent that the governance of corporate venture capital
acquiring externalknowledge. Moreover, the results for programs is relatively constant within individual firms
the Venture Proximityanalysis are consistent with the acrosstime, our firm-effect specification should control
view of CVC as an important venue for learning and for this unobserved heterogeneity.
driving firm’s innovative output. Other measures of ab-
sorptive capacity (such as R&D expenditure) may ac-
tually signify the fact that firms decide to adopt a more 6. Conclusion
innovation-focused strategy relative and pursues alter-
native innovation effortsvVenture Proximityhowever, Does participation in venture capital markets allows
is specific to firm's CVC activity and is not confounded firms to access knowledge from entrepreneurial ven-
with other contemporaneous innovation effort. More- tures that lead to innovation? To address this question,
over, the results are consistent with a learning story: we explore the relationship between corporate ven-
increases in firm patenting quality are highest when ture capital investment and incumbent firm innovation
the venture’s technological portfolio is close enough — by analyzing a sample of approximately 2300 public
but not too close — to the investing firm’s technological firms over a 20-year period. Our findings suggest that
portfolio. the level of citation-weighted patenting-output is pos-
The variableVenture Proximityis not without lim- itively related to the level of prior CVC investment.
itations. Notably, it is sensitive to the assumption that This finding is robust to different specifications to con-
ventures’ technological profiles mimic that of the in- trol for unobserved heterogeneity and the inclusion of
dustry they operate in. Due to the fact that many young firm R&D expenditures and size.
ventures have not yet applied, or were granted, patents We further find that the association between CVC
at the time of investment we cannot observe venture’s and firm innovation rates is greater when firms oper-
knowledge base directly. Building a proximity mea- ate in an external context that permits capitalization
sure for patent-holding ventures would have limited on venture knowledge and possess the internal capa-
our sample significantly. We opt to infer their knowl- bilities to leverage that knowledge. In particular, we
edge base from their line of business usHilgerman’s present evidence that the relationship between CVC
(1996)concordance. investment and quality patenting is strongest when in-
As a final caveat, we recognize, once again, that tellectual property protection is weak. In addition, we
firms self-selected to pursue CVC investments. We cast find that a well developed internal research capability

doubt on the possibility that self-selection is driving our
results by presenting evidence of a significant, posi-
tive CVC-patenting relationship even within the sub-

sample of firms who invest CVC. That is, a firm’s out-

put of quality patenting is associated not only with the
existence of CVC investment effort, but also with the
magnitude of the investment. However, we recognize

may be necessary to effectively learn via CVC invest-
ment. For a firm to learn from the ventures it invests, it
must first possess sufficient absorptive capacity.

The findings of this study have important impli-
cations for the role of corporate venture capital pro-
grams in firms’ overall innovation strategies. The dy-
namic capability view suggests that the ability to source

that while these firms may (as our results suggest) seeexternal knowledge is critical to competitive success.
increases in their citation levels as they increase CVC While alternative inter-organizational forms such as
investment, this does not necessarily mean that othertechnology alliances have been found to be important
firms would experience similar increases if they also sources of external knowledg@dwell et al., 1996;
choose to invest in new ventures. Stuart, 200} corporate venture capital programs have
For example, the performance of corporate venture been the subject of little formal, empirical analysis.
capital programs may be driven by the structure of We conjecture that venturing activity might serve to

the programs themselveBlock and MacMillan, 1993;
Siegel et al., 1988; Thornhill and Amit, 20p0Firms

satisfy incumbent firms’ inclination towards introduc-
ing innovations by accessing an increasingly important

may espouse different goals when they establish cor- source of knowledge—competent entrepreneurial star-

porate venture capital programSHesbrough, 2002

tups. We present evidence that corporate venture cap-
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ital programs may be instrumental in harvesting inno-
vations from these entrepreneurial ventures in certain
environments. As a result, we assert that corporate ven-
ture capital may be a vital part of a firm’s innovation
toolkit.
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