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Users are an important source of innovation. Scholars have suggested that established firms
will gain valuable innovative insights by working with user innovators. However, no study
compares the extent to which knowledge sourced from innovative users, as compared to other
external sources of knowledge, triggers the creation of new technologies and commercial
products within established firms. This leaves established firms with little guidance when it
comes to choosing where to search for external knowledge that ignites innovation. Based on
existing empirical work in the literature on user innovation, we build a theoretical framework
that explains why user knowledge will provide established firms with more ‘useful’ innovative
insights than will other sources of knowledge. We test this claim in the context of corporate
venture capital investment in the medical device industry. We find that established firms
incorporate more knowledge from user innovators than from other sources of external knowl-
edge into their patents and highly innovative products. Accessing the knowledge contained in
user-generated innovations enriches the product development outcomes of established firms.
We trace the flow of knowledge from start-ups to established firms using both an established
method based on backward patent citation data and a novel algorithmic method that compares
the content of regulatory documents. Copyright © 2013 John Wiley & Sons, Ltd.

INTRODUCTION

Innovation is essential to the growth and survival
of technology-based firms, but innovation is also
a complex, challenging, and knowledge-intensive
activity. The process by which firms develop innova-

tive new products involves novel insights and consid-
erable learning about technologies and markets
(Clark and Fujimoto, 1991; Brown and Eisenhardt,
1995; Taylor, 2010). Research and development
activities seed new technological capabilities and
innovative products through the combination of
knowledge that is known to a firm with knowledge
that is new to it (Nelson and Winter, 1982; March,
1991; Leiponen and Helfat, 2010). New knowledge
can be generated internally or sourced from the
external environment. From a practical perspective,
however, many established firms find it difficult to
generate radical innovations solely through inter-
nal processes (Tushman and Anderson, 1986;
Henderson, 1993). Therefore, many established firms
look to acquire and exploit knowledge developed
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externally (Arora and Gambardella, 1990; Cohen and
Levinthal, 1990; Helfat, 1997; Chesbrough, 2003).

As firms search the external landscape, they seek
knowledge that contains valuable innovation-related
insights. User innovators are one possible source of
such insights. The term user innovator describes
innovators who expect to directly benefit from devel-
oping a product or service by using it (von Hippel,
1988; Kline and Pinch, 1996). An established litera-
ture shows that users are the source of many impor-
tant innovations in diverse industries, ranging from
automobiles to scientific equipment to library soft-
ware systems (Oudshoorn and Pinch, 2003; von
Hippel, 2005). The user innovation process is unique
in that users identify a variety of unmet needs,
immerse themselves in the context within which an
innovation is used, and garner resources from other
users through participation in user innovation com-
munities (von Hippel, 1988, 1994; Franke and Shah,
2003). These differences may lead to the creation of
knowledge that is distinct from that developed by
nonusers and more valuable to established firms.

While the user innovation literature has docu-
mented the prevalence of user innovation and its
importance to technological progress, it has focused
less on the implications of user innovation for estab-
lished firms. The implicit assumption in the literature
to date has been that established firms will benefit
from incorporating user knowledge into their R&D
processes. Hence, the focus of the literature has been
on suggesting methods by which established firms
can work with innovative users, such as the lead user
method (Urban and von Hippel, 1988; Lilien et al.,
2002), toolkits for user innovation (von Hippel and
Katz, 2002), and working with user innovation com-
munities (Jeppesen and Molin, 2003; Jeppesen and
Frederiksen, 2006; Shah, 2006). However, a critical
issue remains unexplored: does acquiring knowledge
from innovative users do more to benefit the inven-
tion and innovation outcomes of established firms
than acquiring knowledge from other sources? Put
another way, given that established firms can source
knowledge from a variety of external sources, will
knowledge sourced from innovative users be more
‘useful’ in developing new inventions and highly
innovative commercial products? This article seeks
to address this issue.

We investigate this question by measuring the
extent to which established firms incorporate knowl-
edge gained through relationships with innovative
users, as compared to other external sources of
knowledge, into their own inventions and innova-

tions. Specifically, we compare the knowledge that
flows from start-ups rooted in different knowledge
sources to established firms through the process
of corporate venture capital (CVC) investment.
Corporate venture capital investments are equity
investments by established firms into private entre-
preneurial ventures (Gompers and Lerner, 2000).
CVC investing is believed to offer corporations a
way to outsource, supplement, and/or accelerate
their internal R&D processes by providing access to
novel knowledge that fuels innovation (Dushnitsky
and Lenox, 2005; Wadhwa, Phelps, and Kotha,
2010). Established firms engage in CVC investing
to gain access to the technological knowledge
start-ups possess (Siegel, Siegel, and MacMillan,
1988; Katila, Rosenberger, and Eisenhardt, 2008;
Dushnitsky and Shaver, 2009).

We choose to conduct our study in the context of
CVC investing because it provides a relatively con-
trolled situation within which to compare the effects
of knowledge from different sources on the techno-
logical outcomes of established firms. We use a
founder’s background in the industry to indicate
the source of external knowledge being exploited
by the start-up (Boeker, 1988; Eisenhardt and
Schoonhoven, 1990; Beckman and Burton, 2008).
Within our sample, founders have backgrounds as
users of medical devices (i.e., practicing physicians),
academic scientists, and individuals previously
employed by established medical device firms.
While the founders in our sample draw upon distinct
knowledge sources, they also share common goals in
that they are looking to commercialize their idea(s),
have actively protected their intellectual property,
and are backed by independent and corporate
venture capital investors seeking a return on their
investments. Within this context, differences in the
integration of external knowledge from different
sources into patents and products are likely to reflect
inherent differences in the knowledge itself.

We construct a novel dataset of CVC relationships
in the medical device industry (n = 128 start-up-
investor dyads). The medical device industry is a
particularly active arena of CVC activity (Ernst and
Young, 2010): established medical device firms
actively search for external knowledge to combat
short product life cycles and intense competition,
while start-ups seek resources to develop their inno-
vative ideas. We examine two key indicators of an
incumbent’s innovative output—patents and innova-
tive new products. This allows us to document the
effects of knowledge sourced from user innovators
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on both an important intermediate inventive outcome
(patents) and the desired commercial outcome (inno-
vative new products) of the corporate R&D process.

We find that incumbents engaged in CVC invest-
ment more frequently incorporate knowledge from
innovative users into their subsequent inventions and
innovations than they do from other external knowl-
edge sources. Our contribution lies in showing the
valuable product development benefits that estab-
lished firms can derive from accessing knowledge
from innovative users. In doing so, we establish the
importance of user innovation on an outcome—the
technological performance of established firms—
that strategy scholars care deeply about. From a
practical perspective, we provide insights that estab-
lished firms can use to guide their search for external
knowledge by illuminating the differential value of
knowledge from distinct sources. In addition, this
article makes a methodological contribution by
introducing an algorithmic method for tracing
knowledge flows between written documents to the
strategy literature.

THEORY AND HYPOTHESES
DEVELOPMENT: UNIQUE
CHARACTERISTICS OF THE USER
INNOVATION PROCESS

Users are distinguished from other sources of inno-
vation by the primary motive that fuels their innova-
tion activity: users innovate because they expect to
derive benefit by using the innovations they create
(von Hippel, 1988; Kline and Pinch, 1996). In con-
trast, many firms innovate because they expect to
derive pecuniary benefits by selling the innovation to
others (Schumpeter, 1942; von Hippel, 1988;
Chandler, 1994). And, many academics innovate
because they expect to derive status and reputation-
enhancing benefits by publishing and promoting
their results (e.g., Merton, 1979). These differences
in motives produce differences in the process by
which users, as compared to academic scientists or
employees of firms, develop their innovations. We
build theory to explain how the unique characteris-
tics of the user innovation process—identifying a
variety of unrecognized needs, immersion in the
problem context, and community-based problem
solving—allow users to expose qualitatively differ-
ent insights than those exposed by other sources of
innovation. These insights can be used as an input to
the corporate innovation process. Later we will

describe each of these processes in detail and explain
how established firms who access this knowledge
will benefit from the unique insights this knowledge
contains.

Users conceive of a variety of previously
unrecognized needs

Users possess a deep understanding of the needs
created by the absence of a product designed for a
particular purpose, the absence of a product feature,
and/or by the failures and shortcomings of existing
products (von Hippel, 1988). They utilize this
knowledge to identify the problems for which they
will find innovative solutions. As a result, user inno-
vations provide value by identifying and satisfying
needs that are inadequately addressed by existing
products. Nonusers may not be able to recognize
these needs as quickly or at all.

Users develop innovations that established firms
are unlikely to conceive on their own (von Hippel,
1988). Whereas innovations made by firms are more
likely to improve product performance along estab-
lished performance parameters (e.g., make a laptop
lighter, faster, or more durable), user innovations are
more likely to uncover altogether new features
and/or product functionality (Riggs and von Hippel,
1994). One effect of this is that users developed
early, field-defining innovations in a variety of indus-
tries (Franz, 2005; Shah, 2005; Mody, 2006). For
example, users developed the first atomic force
microscope as a tool to inspect thin-film supercon-
ducting materials (Mody, 2006). It would have been
difficult for an existing scientific instruments manu-
facturer to realize that such a tool was needed by a
small group of engineers seeking to build the first
superconducting computer, hence these engineers
had to create and build their own microscopes in
order to use them. More generally, established firms
find it difficult to identify the types of needs that
users encounter and create on a routine basis.

User innovations often signal areas where con-
sumers require a new element of functionality. By
working with innovative users, established firms will
gain valuable insights into previously unrecognized
needs and their significance to consumers that they
cannot gain from other sources.

Users immerse themselves in the
problem context

Different users may use a product in different ways
or in different environmental conditions. Because
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individual users are situated in the environment in
which an innovation will be used, they are often able
to build a deep and accurate understanding of the
environment. This is important because environmen-
tal factors often affect the functioning of an innova-
tion in unexpected ways (Tyre and von Hippel,
1997). User innovators utilize this knowledge as they
troubleshoot and correct problems with existing
products and as they design and construct new inno-
vations (Ogawa, 1998).

In contrast, nonusers’ perceptions of the circum-
stances under which the product will be utilized can
diverge from the realities of actual use. Such mis-
matches can lead products designed by nonusers to
fail in practice. When a product fails, substantial
problem-solving effort goes into uncovering and
understanding the context in which a problem
resides (Tyre and von Hippel, 1997). However,
knowledge pertaining to the problem context can be
costly to acquire, transfer, and use in a new location,
making it difficult for scientists and engineers at
established firms or academic institutions to correct
the product’s shortcomings (von Hippel, 1994;
Ogawa, 1998). Understanding the nuances of the
environments in which products are used would
enable an established firm to design more effective
products. By working with innovative users, estab-
lished firms will gain a more nuanced understanding
of the context(s) in which a product is utilized, and
they will be able to incorporate this knowledge into
their innovation process. Knowledge sourced from
innovative users is, therefore, likely to provide valu-
able insights to established firms in the industry,
enabling them to develop more robust products.

Users interact with innovation communities

Many users choose to work collectively in commu-
nities, sharing resources, knowledge, ideas, and
innovative prototypes (Franke and Shah, 2003; von
Hippel and von Krogh, 2003). These voluntary asso-
ciations are composed of loosely affiliated users with
common interests and provide a forum for relatively
free and open information exchange. Individual
users come from a wide variety of backgrounds and
possess distinct and heterogeneous knowledge bases
(Lüthje, Herstatt, and von Hippel, 2005).

By working within communities, users are able to
tap a pool of heterogeneous knowledge and bring
that knowledge to bear on a particular problem
(Wenger, 1998; Brown and Duguid, 2001; Franke
and Shah, 2003). Increasing the variety and diversity

of solutions considered leads to the creation of prod-
ucts that are more innovative (March, 1991). Bring-
ing together individuals from outside the core
discipline of a given field improves the chances of
solving a problem and often results in the creation of
highly innovative solutions because outsiders frame
problems differently (Guimerà et al., 2005; Tapscott,
2006).

Working within user communities also allows
innovators to gauge interest in the innovation
(Franke and Shah, 2003). As the innovator reaches
out to others in the community, others may express
interest in the innovation and choose whether to
adopt the innovation for their own use, allowing the
innovator to ascertain whether or not the innovation
has broader appeal (Shah, 2005; Mody, 2006). Com-
munity participation, therefore, allows users to
gauge demand for their innovation prior to starting a
firm, reducing the innovation’s commercial risk
(Shah, 2005; Shah and Tripsas, 2007).

Interacting with a large number of individuals
who possess distinct knowledge bases, are willing to
provide feedback to improve the innovation, and
indicate their personal interest in utilizing the inno-
vation, allows users to generate effective—and
sometimes even ingenious—solutions to their prob-
lems. By working with innovative users, established
firms gain valuable insights that broaden their
knowledge base in unexpected directions, expand
the solution spaces they consider, and gauge the
potential for consumer interest in the innovation
needs. Knowledge sourced from innovative users is,
therefore, likely to provide valuable insights to
established medical device firms.

Three characteristics can differentiate the pro-
cess of user innovation from the innovation pro-
cesses of most firms and academic institutions: users
(1) experience the shortcomings of existing pro-
ducts, (2) immerse themselves in the problem
context, and (3) work collaboratively within innova-
tion communities. These characteristics allow users
to expose qualitatively different insights from those
exposed by other sources of innovation. These
insights can be used to inform an established firm’s
technological- and market-related decisions. Pos-
sessing user knowledge will allow established firms
to create innovations that are more likely to address
altogether novel needs, embody a deep and nuanced
understanding of the environmental context in which
the innovation must function, and integrate hetero-
geneous solution knowledge. Therefore, we expect
that established firms will be more likely to use this
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knowledge to fuel their R&D processes. We hypoth-
esize that established firms will incorporate more
knowledge from innovative users—as compared to
nonusers—into their patents and innovative new
products.

Hypothesis 1: Established firms will more fre-
quently incorporate knowledge from users, rela-
tive to nonusers, into their new technologies.

Hypothesis 2: Established firms will more fre-
quently incorporate knowledge from users,
relative to nonusers, into their new products.

RESEARCH SETTING: CORPORATE
VENTURE CAPITAL INVESTING IN
THE MEDICAL DEVICE INDUSTRY

Several characteristics of CVC investing in the
medical device industry make it a theoretically and
methodologically attractive setting in which to
examine the value of knowledge sourced from inno-
vative users to established firms. First, individuals
from a variety of backgrounds generate knowledge
and found start-ups in the medical device industry
and appear in our sample: users (physicians) gener-
ate knowledge as they seek to improve patient out-
comes, academic scientists generate knowledge as
part of their research endeavors, and former employ-
ees of established firms generate knowledge as
they design, produce, and market commercial
products. Because start-ups are highly influenced
by their founders (Boeker, 1988; Eisenhardt and
Schoonhoven, 1990; Delmar and Shane, 2006;
Beckman and Burton, 2008), we can use a founder’s
background as an indicator of the source of external
knowledge being exploited by the start-up.

Second, CVC investing is a well-established prac-
tice in the medical device industry (Pricewaterhouse
Coopers, 2006). Established firms view CVC invest-
ing as a mechanism for gaining access to valuable
technological insights (Siegel et al., 1988; Katila
et al., 2008; Dushnitsky and Shaver, 2009). Four
well-regarded established firms have established
formal CVC programs through which they system-
atically identify, assess, and potentially invest in
start-ups (Winston Smith, 2009). In preliminary field
interviews, managers described how they identify
promising start-ups in which to invest: they search
widely for ideas, looking to identify the start-ups
with the best ideas. They do not appear to differen-

tiate between start-ups based on the source of a
founder’s knowledge and, in fact, they sought to
understand the value of each start-up’s ideas indi-
vidually. Their investment approach is illustrated by
the following quote: ‘the sieve is broad, but inside
the sieve the competition is fierce’ (pers. comm.,
2006). Because these sophisticated established firms
run systematic programs with the goal of identifying
valuable knowledge and utilizing that knowledge in
their internal product development process, we
expect technological knowledge to flow from start-
ups (i.e., the external knowledge source) to investors.
This provides an ideal context to examine whether
established firms are more likely to incorporate
knowledge from innovative users than from other
sources.

Third, formal intellectual property rights are uti-
lized heavily in the industry to protect innovations
(Levin, Cohen, and Mowery, 1985). The near univer-
sal use of patents by medical device firms and the
cumulative nature of innovation in this industry
provide us with a ‘paper trail’ through which to trace
knowledge flows. As one manager explained: ‘By its
very nature, the device industry “stacks” patents on
successful prior ones. . . . This is distinctly different
from the pharmaceutical industry where the drug
patent usually is the end product; [in contrast] there
are literally thousands of patents that relate to a
pacemaker.’

Fourth, regulatory requirements within the
medical device industry also create a ‘paper trail’
through which we can trace the flow of knowledge
from start-ups to CVC investors’ highly novel prod-
ucts. A pre-market approval (PMA) must be submit-
ted to the U.S. Food and Drug Administration for all
novel devices (i.e., devices without a ‘predicate’)
and ‘supplemental’ applications must be filed for all
changes that will substantially impact the safety and
effectiveness of the device (United States Food and
Drug Administration, 2012). The PMA process
involves extensive laboratory and clinical testing and
external scientific review to ensure the safety and
effectiveness of devices that sustain or support
human life, prevent impairment of human health, or
present an unreasonable risk of injury, (i.e., Class III
medical devices). Collecting clinical trials data for a
single, highly novel new product can cost upwards of
$100 million (Ernst and Young, 2009). Due to the
regulatory oversight involved, medical devices for
which PMA applications are submitted are highly
novel and believed by the submitting firm to be com-
mercially valuable.
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RESEARCH METHOD

We test our hypotheses using a novel dataset on CVC
investing in the medical device industry. We create
this dataset by combining data from a number of
sources, including CVC data, patent data, and PMA
data. Our focal unit of analysis is the pair (‘dyad’)
formed by a CVC investor and the start-up company
in which it invests (n = 128).

Sample selection and data sources

CVC investments are equity investments made by
established firms in start-up companies (Gompers
and Lerner, 2000; Chesbrough and Tucci, 2003;
Dushnitsky and Lenox, 2005). We are interested in
the differential effects of user knowledge on estab-
lished firms’ innovative output and, therefore, we
analyze the behaviors of corporate investors running
systematic investment programs through which they
invest in multiple start-ups. Our sample includes
all CVC investments made by the four established
medical device firms running formal CVC investing
programs during the 1978 to 2007 time period.
These four firms are Boston Scientific, Medtronic,
Guidant, and Johnson & Johnson. We exclude firms
with one-time or sporadic CVC investments, as the
literature shows that such firms rarely reap strategic
benefits from their investments (Gompers, 2002;
Benson and Ziedonis, 2009).

We identify pairs of CVC investors and the start-
ups in which they invest (i.e., dyads) using the Ven-
tureXpert database. VentureXpert aggregates data
from the National Venture Capital Association and
other sources and is used widely in studies of CVC
activity (Dushnitsky and Lenox, 2005; Dushnitsky
and Lenox, 2006; Benson and Ziedonis, 2009). Our
unit of analysis is the dyad formed by an established
firm and a start-up. If a start-up company received
investment from more than one established firm, we
count each CVC investor-start-up relationship as a
unique dyad. Our data are cross-sectional in nature,
as we follow each dyad over time. The original
sample included 134 unique dyads, of which six
were dropped due to incomplete data, leaving 128
unique dyads (n = 128). Over the sample period, the
four established firms we studied invested approxi-
mately $589 million in these start-ups through the
process of CVC investment.

We create a novel dataset by matching each dyad
with important innovation outcomes, namely patents
and regulatory approval documents for highly novel

commercial products. We obtain the full text of all
patents associated with every established firm and
start-up company in our sample from the U.S. Patent
and Trademark Office (USPTO) database. We verify
corporate hierarchies and assignee names using
Delphion’s CorporateTree database to account for
acquisitions and name changes. We then identify all
citations to start-up patents in all CVC investor
patents using software code written for this purpose.
We also link our dyads with data documenting com-
mercial products introduced by the established firms.
We obtain the full text records of all PMA applica-
tions filed by Medtronic, Boston Scientific, Guidant,
and Johnson & Johnson over the sample period from
the PMA database of the U.S. Food and Drug
Administration.

We assemble detailed career history data for the
founder(s) of all start-ups in our sample. There is no
one source for such data, hence career history data
were aggregated from a variety of sources, includ-
ing: personal, corporate, and institutional Web sites;
SEC documents; professional directories; Forbes
and Businessweek databases of executives and
boards of directors; patent applications; social net-
working Web sites such as LinkedIn; and phone calls
with founders.

Dependent variables

We wish to analyze the extent to which a start-up’s
knowledge is integrated into an established firm’s
patents and novel products, as a function of the
source of a start-up’s knowledge. Therefore, we con-
struct two dependent variables in our analysis: the
number of times an established firm cites the patents
of a start-up in their own patents (Backward Cites),
and the number of times an established firm draws
on knowledge contained in the patents of a start-up
in their own PMAs (Product Generation). Both
patents and new product introductions are important
technological outcomes for firms in the medical
device industry (Ernst and Young, 2010).

Knowledge incorporated into new technologies
(backward cites)

Our first dependent variable is Backward Cites, a
count variable of the number of times a corporate
investor’s patents cite a given start-up’s patents.
‘Backward citations’ to prior patents represent a
legally enforceable boundary between existing
prior art and the new invention (Trajtenberg, 1990).
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Existing theory and a substantial empirical literature
establishes backward patent citations as a measure of
knowledge transfer between individuals or organi-
zations (Mowery, Oxley, and Silverman, 1996;
Griliches, 1998; Hall, Jaffe, and Trajtenberg, 2005).
The literature suggests that the rate of backward
citation peaks approximately three years after the
original patent application is filed (Jaffe and
Trajtenberg, 2002; Puranam and Srikanth, 2007). We
collect backward patent citation data through 2010
to account for a minimum three-year lag (note that
CVC investment data is collected through 2007).

Our measure of backward citations includes only
citations made after the first round of CVC invest-
ment by the focal investor in the focal start-up. This
allows us to truly compare the knowledge transferred
from each start-up as part of the CVC investment
process. We take any prior use of the start-up’s
knowledge by the established firm into account by
controlling for backward citations made prior to the
first round of CVC investment.

Knowledge incorporated into new products
(product generation)

Our second dependent variable is Product Genera-
tion. This variable is a count of the number of PMA
applications filed by an established firm that incor-
porate knowledge from a start-up company in which
an established firm invests. Conceptually, we use this
measure to indicate the extent to which innovative
insights from a start-up company contribute to the
creation of innovative products by the established
firm who invests in the start-up. This variable is
created by comparing the text contained in all of the
start-up’s previously filed patents with the text con-
tained in each of the investor’s subsequent success-
ful PMA filings using a text-matching algorithm
and calculating the ‘knowledge overlap’ between
the two sets of documents. We then count the number
of PMA applications that include a ‘knowledge
overlap’ between the start-up’s patents and the estab-
lished firm’s PMA applications and use this value as
our dependent variable. We construct this variable
through a multistep process.

The text-matching algorithm used to construct the
Product Generation variable is based on the vector
space model. The vector space model is a well-
known technique in computer science for measuring
the similarity between two documents (Salton,
Wong, and Yang, 1975; Salton, 1988; Kwon and
Lee, 2003; Manning, Raghavan, and Schutze, 2008).
A related technique has been applied in the finance

literature to identify product market synergies in
mergers and acquisitions (Hoberg and Phillips,
2010) and to analyze the relationship between IPO
prospectuses and pricing (Hanley and Hoberg,
2010). To our knowledge, this is the first use of such
an algorithm in the strategy literature.

We begin by identifying the documents we want
to compare. For each dyad, we wish to compare each
PMA application filed by an established firm with
the knowledge contained in all the patents previously
filed by the start-up. For each PMA application, we
create a document that contains the text of all of the
patents previously filed by a start-up. Differences in
document length and word frequency are accounted
for through the use of standard normalization tech-
niques employed in the computer science literature
(Manning et al., 2008).

We then identify all the words present in each
document (i.e., the established firm’s PMA applica-
tion and the document containing the corresponding
set of patents filed by the start-up). We remove
common ‘stop words’ (e.g., a, an, the, of), proper
nouns (e.g., names, companies, cities, and coun-
tries), and generic words (e.g., application, manufac-
turing, facility) (Manning et al., 2008). We are left
with key words only. Through this process, we create
a list of key words present in each PMA application
by the established firm and a list of key words
present in the set of patents previously filed by the
start-up.

Next, we measure the knowledge overlap between
the two documents. We do this by measuring the
similarity between the words contained in the two
sets of documents. This is accomplished mathemati-
cally by representing the two documents as vectors
in a multidimensional vector space, with each
dimension representing a particular key word, and
then measuring the angle between the vectors. The
intuition behind this approach is roughly as follows:
two documents that overlap completely are repre-
sented by identical vectors, whereas two documents
with no overlap might be thought of as vectors that
are positioned at right angles to one another. Math-
ematically, we can then describe the similarity
between the two documents by calculating the
cosine of the angle between the two vectors (recall
that each vector represents the content of a particular
document). The cosine of the angle between the two
documents that overlap completely is 1 (i.e., the
cosine of 0 degrees), representing a high degree of
knowledge overlap; whereas the cosine of the angle
between the two documents with no overlap is 0 (i.e.,
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the cosine of 90 degrees). The resulting value indi-
cates the similarity between a particular PMA appli-
cation and the set of patents previously filed by a
start-up, and it ranges from 0 to 1; this value is our
knowledge overlap score (and is also referred to as a
cosine similarity score in the literature). A simplified
example and graphical illustration of this process is
provided in the Appendix.

We repeat this process for each PMA application
filed by an established firm, thereby measuring the
extent of the knowledge overlap between every PMA
filed by the established firm and the corresponding
set of a given start-up’s patents. For each dyad, we
then count the number of PMA applications filed by
the established firm that have a knowledge overlap
with the start-up’s patents. In order to ensure that we
are capturing a meaningful degree of knowledge
transfer, we set a minimum threshold value at a
knowledge overlap score of 0.3. This is in keeping
with approaches in the computer science literature,
which suggest taking into account the context in
determining a threshold for ranking information
(Manning et al., 2008). We also explore sensitivity to
higher and lower thresholds.1 Thereby, the Product
Generation variable indicates the extent to which
knowledge from a particular start-up is incorporated
throughout the established firm’s product portfolio.

Independent variable

Physician-founded start-up (physician founded)

Our focal explanatory variable is a dummy variable
equal to ‘1’ if a start-up was founded by a practicing
physician and ‘0’ otherwise (Physician Founded).
Because we wish to identify benefits of knowledge
derived through use, we ensure this variable included
only founders who were practicing physicians
immediately prior to founding their start-up. Practic-
ing physicians are the users of medical devices: they
use devices to treat patients. Individuals who possess
MD degrees but chose not to practice medicine are
not considered users by our definition: these indi-
viduals possess medical knowledge derived through
education, but they do not possess knowledge of
medicine derived through use.

Control variables

Start-up controls

The likelihood of citations to a given start-up’s
patents should increase with the number of patents
the start-up company has and with the start-up’s age
(Sorensen and Stuart, 2000). Therefore, we control
for the number of patents filed by the start-up over
the lifetime of the company (LN-Start-up Patents)
and for the age of the start-up (in years) based on the
founding date in the VentureXpert database (Age of
Start-up).

Dyadic controls

We include controls for dyad-level characteristics
that might influence innovation outcomes. We
include a dummy variable in our patent citation
regressions for whether the established firm cited a
start-up’s patents prior to making the first round of
CVC investment (Cited Prior). Existing backward
citations from the established firm to the start-up’s
patents indicate the relevance of start-up knowledge
prior to the formation of a CVC relationship and
might influence the likelihood of subsequent cita-
tion. Rosenkopf and Almeida (2003) and Agarwal,
Ganco, and Ziedonis (2009) used similar measures
to account for the relevance of a given firm’s patent
portfolio to the citing firm.

We also control for the total amount of money
invested by the established firm in the start-up
company (LN-CVC Investment). The total amount of
CVC funding has been shown to increase start-up
performance (Park and Steensma, 2012) and investor
patent output (Dushnitsky and Lenox, 2005). We
control for the year in which the investment was
made (Year) to account for any exogenous events
related to the specific year in which the dyad was
initiated.

CVC investor control variables

We include dummy variables for three of the four
established firms in our sample—Boston Scientific,
Medtronic, and Guidant—to account for heterogene-
ity among the established firms. To avoid multicol-
linearity, the fourth firm—Johnson & Johnson—is
the benchmark.

Model and econometric approach

We test our first hypothesis by using backward patent
citations to measure the knowledge transferred from a

1 Knowledge overlap scores in our sample range from 0 to 0.62.
In unreported regressions, we experiment with thresholds set at
0.15, 0.2, 0.4, and 0.45. The effect of having a physician
founder remains positive and significant at all of these levels,
with the magnitude of the effect generally increasing as the
threshold becomes more stringent.
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start-up’s patents to an established firm’s patents
(Backward Cites). These patent citation counts are
bounded by zero and assume integer values. Given the
nature of count data, we model the relationship
between CVC investment and incorporation of
knowledge from the start-up as a negative binomial
distribution (Greene, 2008).

Our data exhibit overdispersion around the mean,
suggesting that the negative binomial distribution is
a better fit for the data than the Poisson distribution.
The negative binomial specification adjusts for over-
dispersion in variance. It can be used to allow for
observation-specific effects (Hausman, Hall, and
Griliches, 1984) and has been widely used to analyze
non-negative count data, such as patent citations, in
which the assumption of mean equal to variance in a
Poisson distribution is violated.

The expected number of backward citations
from established firm i to start-up j’s patents is
assumed to be an exponential function of whether
the start-up founder is a physician or not, and Xij,
a vector of dyad, start-up, and established firm
controls. We model the transfer of knowledge from
a start-up’s patents to an established firm’s
patents as:

E backward cites Physician Founder

Xij

[ ] = (
+ ′ + )

∗exp β
β ε

1

(1)

We account for differences in duration of the rela-
tionships by econometrically treating the age of the
investment (CVC-Investment Age) as the period of
exposure.

We test our second hypothesis by measuring the
number of new products generated by the established
firm that incorporate knowledge from start-up
patents (Product Generation). Again, this variable is
a count variable that exhibits overdispersion around
the mean, therefore we estimate the relationship
using negative binomial regression (Greene, 2008).
We model Product Generation as a function of
whether the start-up founder is a physician, and Xij,
a vector of dyad, start-up, and established firm
controls:

E Product Generation

Physician Founder Xij

[ ]
= + ′ +( )∗exp β β ε1

(2)

All regressions are carried out with
heteroskedasticity-robust standard errors. We control

for unobserved heterogeneity due to external shocks
with year dummies. The specifications also include
firm-specific dummies, which capture the time-
invariant effects specific to each of the established
firms.

FINDINGS

We present summary statistics for our main variables
in Table 1 and a correlation matrix in Table 2. The
descriptive statistics show that physicians founded
51 percent of the start-ups in our sample. Of the
remaining 49 percent of start-ups in our sample, 13
percent were founded by academic scientists and 36
percent by former employees of medical device
companies. Physician-founded start-ups produce
similar numbers of patents as non-physician-
founded start-ups.

The results of the negative-binomial maximum-
likelihood models in Table 3 consistently support
Hypothesis 1: established firms more frequently cite
the patents of user-founded start-ups than they cite
the patents of other start-ups. The dependent variable
is Backward Cites. The coefficient on our focal
explanatory variable, Physician Founded, is positive
and highly significant (p < 0.01) (Table 3, Column
1). The effect is large in magnitude.

To illustrate the magnitude of the effect, we cal-
culated the incidence rate ratio by exponentiating the
coefficient of interest, holding all other coefficients
constant (Table 3, Column 2). Established firms are
expected to cite the patents of physician-founded
start-ups 2.14 times more often than they cite the
patents of non-physician-founded start-ups, all else
equal. Holding all other variables at their means, the
marginal impact of investing in a physician-founded
start-up is an additional 1.3 citations.

Approximately 9 percent of the start-ups in our
sample had no backwards citations. Start-ups may
lack citations for two distinct reasons: a start-up may
not have any patents or a start-up may possess
patents that received no backward citations. We took
this into account using zero-inflated negative bino-
mial (ZINB) estimation, which allows us to first
estimate the likelihood of falling into either category
and then, taking this into account, estimate the
expected number of citations (Greene, 2008). We
allowed for zero inflation around the number of
patents (Table 3, Column 3). A Vuong test confirmed
the appropriateness of the zero-inflated model. The
results of the zero-inflated negative binomial
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regressions provide similarly strong support for
Hypothesis 1: established firms are expected to cite
the patents of user-founded start-ups 1.96 times
more often than they cite the patents of non-
physician-founded start-ups, all else equal.

The results in Table 4 provide consistent support
for Hypothesis 2: established firms more frequently
incorporate knowledge from user-founded start-ups
than from other start-ups into their PMA applica-
tions. The dependent variable is Product Generation.
We see that the coefficient on Physician Founded is
strongly positive and significant based on negative
binomial regression (Table 4, Column 1). The mag-
nitude of the effect is large and strongly significant

(p < 0.05). To calculate the magnitude of this effect,
we exponentiate the coefficients (Table 4, Column
2). The expected number of PMAs an established
firm will produce based on external knowledge
sourced from a physician-founded start-up is 0.7, as
compared to only 0.2 for knowledge sourced from a
non-physician-founded start-up. Holding all else
equal, an established firm is expected to introduce a
new PMA incorporating knowledge from a start-up
3.08 times more frequently if the founder of the
start-up is a physician. For robustness, we further
employ zero-inflated negative binomial (ZINB) esti-
mation (Table 4, Column 3). The results are nearly
identical to the negative binomial estimation.

Table 1. Summary statistics

Full sample (All start-ups) Physician-founded Non-physician-founded

N = 128 N = 66 N = 62

Mean Min Max Mean Min Max Mean Min Max

Dependent variables
Backward cites 7.859 0 196 9.394 0 196 6.226 0 121
Product generation 0.766 0 10 1.167 0 10 0.339 0 5
Independent variable
Physician founded 0.516 0 1
Start-up controls
LN-start-up patents 2.148 0 4.4 2.115 0 4.3 2.182 0 4.4
Age of start-up 12.80 4 34 12.67 6 34 12.95 4 29
Dyadic controls
Cited prior 0.203 0 1 0.258 0 1 0.145 0 1
LN-CVC investment 7.864 3.049 10.5 7.993 3.555 10.5 7.726 3.049 10.0
CVC investor controls
CVC investor is
Boston Scientific 0.156 0 1 0.197 0 1 0.113 0 1
Medtronic 0.281 0 1 0.227 0 1 0.339 0 1
Guidant 0.125 0 1 0.136 0 1 0.113 0 1
J&J 0.430 0 1 0.439 0 1 0.419 0 1

Table 2. Correlation coefficients of major variables

Variable Backward
cites

Product
generation

Physician-founded
start-up

LN-start-up
patents

Age of
start-up

Cited
prior

LN-CVC
investment

Backward cites 1.000
Product generation 0.084 1.000
Physician-founded 0.063 0.219 1.000
LN-start-up patents 0.273 0.186 -0.014 1.000
Age of start-up 0.177 -0.006 -0.025 0.253 1.000
Cited prior 0.260 0.063 0.140 0.262 -0.030 1.000
LN-CVC invest. -0.119 -0.015 0.108 0.316 -0.275 0.066 1.000
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Finally, it is worth noting that our results also
show that established medical device firms differ in
the extent to which they utilize knowledge from
start-ups. Boston Scientific is the most likely to
incorporate start-up knowledge into their patents,
followed by Medtronic, Johnson & Johnson, and
then Guidant (Table 3). Established firms also seem
to differ in their ability to incorporate new knowl-
edge into products. Johnson & Johnson is the most
likely to incorporate knowledge into PMAs, fol-
lowed by Medtronic, Guidant, and Boston Scientific
(Table 4). These differences suggest that an estab-
lished firm’s ability to incorporate knowledge into
its patents does not guarantee that knowledge will be
incorporated into commercial products. This is
perhaps not surprising, given the complexity of the
innovation process as it goes from early develop-

ment through to commercialization. However, it
does highlight the importance of examining multiple
outcome measures when conducting studies of the
corporate innovation process.

DISCUSSION

Our findings show that the source of innovative
knowledge matters: accessing knowledge from dif-
ferent sources results in different levels of innovation
for established firms. Established firms can gain sig-
nificant and valuable product development benefits
by accessing knowledge from innovative users.
Moreover, in the context we study, these benefits are
greater than the benefits derived by accessing knowl-
edge from universities or other established firms.

Table 3. Total number of backward citations by CVC investor patents to start-up patents

Dependent variable: (1) (2) (3) (4)
Backward cites Negative binomial

regression
Incidence ratio Zero-inflated negative

binomial regression
Incidence ratio

Independent variable
Physician founded 0.760*** 2.14 0.671*** 1.96

[4.48] [3.29]
Start-up controls
LN-start-up patents 1.244*** 3.47 1.047*** 2.85

[12.53] [14.13]
Age of start-up -0.143*** 0.87 -0.161*** 0.85

[-3.19] [-4.43]
Dyadic controls
Cited prior 1.362*** 3.91 1.394*** 4.03

[2.77] [2.64]
LN-CVC investment -0.351*** 0.70 -0.398*** 0.67

[-6.38] [-7.36]
Year of investment -0.121** 0.886 -0.154*** 0.86

[-1.88] [-2.81]
CVC investor controls
CVC investor is:
Boston Scientific 1.087*** 2.97 1.178*** 3.25

[6.68] [5.36]
Medtronic 0.844*** 2.33 0.931*** 2.54

[5.04] [7.49]
Guidant -0.489*** 0.61 -0.406*** 0.67

[-4.87] [-8.87]
Inflated (LN-start-up patents) -2.772***

[-2.14]
Observations 128 128
Log pseudo-likelihood. -244.09 -242.85
Wald chi-squared 87.39 80.03

z-statistics in brackets, two-tailed tests ***p < 0.01, **p < 0.05, *p < 0.1.
Robust standard errors are clustered at the CVC-investor level. For all regressions, the omitted CVC investor is Johnson & Johnson.
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User innovators are a critical and important compo-
nent of the innovation landscape. The importance of
users as a source of innovation has been largely
overlooked in the strategy, product development, and
search literatures. This study establishes the distinct
value that established firms can generate by utilizing
knowledge sourced from innovative users.

To date, research on user innovation has focused
largely on documenting the prevalence and impor-
tance of user innovation and identifying ways in
which established firms can work with users (Urban
and von Hippel, 1988; Lilien et al., 2002; von Hippel
and Katz, 2002; Jeppesen and Molin, 2003; Jeppesen
and Frederiksen, 2006; Shah, 2006). The existing
literature has not explained why the insights pro-
vided by innovative users might enrich the R&D
processes of established firms nor illustrated the dif-
ferential value that users might bring to established

firms. In this manuscript, we build theory to explain
why insights from innovative users will be beneficial
to established firms. Our theory is grounded in
empirical research documenting the unique elements
of the user innovation process. We then examine the
effects of user, as compared to nonuser, knowledge
on the invention and innovation outcomes of estab-
lished firms. We find that user knowledge is more
beneficial to established firms with respect to two
important outcomes of the R&D process: patenting
and new product development. These findings dem-
onstrate the importance and relevance of user inno-
vation to the technological performance of
established firms, thereby connecting the phenom-
enon of user innovation to the field of strategic man-
agement.

These findings also contribute to the literature on
product development. The process by which new

Table 4. Total number of CVC investor PMA applications incorporating start-up knowledge

Dependent variable: (1) (2) (3) (4)
Product generation Negative binomial

regression
Incidence ratio Zero-inflated negative

binomial regression
Incidence ratio

Independent variable
Physician founded 1.124** 3.08 1.231** 3.43

[1.84] [1.89]
Start-up controls
LN-start-up patents 0.666*** 1.95 0.056 1.06

[3.71] [0.32]
Age of start-up -0.057 0.95 -0.045 0.96

[-0.91] [-0.71]
Dyadic controls
LN-CVC investment -0.451 0.64 -0.306* 0.74

[-1.60] [-1.67]
Year of investment 0.216*** 1.24 0.217*** 1.24

[2.34] [2.19]
CVC investor controls
CVC investor is:
Boston Scientific -1.066*** 0.35 -1.027*** 0.36

[-5.38] [-3.19]
Medtronic -0.001 1.00 0.033 1.03

[-0.00] [0.16]
Guidant -0.211 0.81 -0.278 0.76

[-0.54] [-0.94]
Inflated (LN-start-up patents) -0.917

[-1.45]
Observations 128 128
Log pseudo-likelihood -116.87 -113.89
Wald chi-squared 49.04 38.89

z-statistics in brackets, two-tailed tests ***p < 0.01, **p < 0.05, *p < 0.1.
Robust standard errors are clustered at the CVC-investor level. For all regressions, the omitted CVC investor is Johnson & Johnson.

162 S. Winston Smith and S. K. Shah

Copyright © 2013 Strategic Management Society Strat. Entrepreneurship J., 7: 151–167 (2013)
DOI: 10.1002/sej



products are developed within firms generally begins
with market research aimed at identifying the needs
of customers and progresses through a number of
internal processes by which a firm matches customer
needs with its own capabilities to establish a product
vision and then designs, produces, advertises, and
distributes a product (Brown and Eisenhardt, 1995;
Prandelli, Sawhney, and Verona, 2008; Taylor,
2010). However, from a practical perspective, most
new product development attempts fail (Cooper and
Kleinschmidt, 1995; Prandelli et al., 2008). There
are many causes for these problems, and the existing
literature has examined issues related to the internal
dynamics of the firm in detail (e.g., Brown and
Eisenhardt, 1995; Taylor, 2010). Our theory and
findings suggest another pathway for increasing
returns from the new product development process:
by working with innovative users, established firms
may be able to access better market and technologi-
cal insights that ultimately result in the creation of
more products. That is to say, knowledge gained
from innovative users appears to be particularly gen-
erative for the new product development process. To
this end, it is important to note that there is a variety
of methods through which firms might engage inno-
vative users. CVC investment in user-founded firms
is just one of several methods; other methods
include, but are not limited to, participation in user
innovation communities, consulting or licensing
arrangements, and implementation of the lead user
method.

This article also contributes to the literature on
CVC investing. Scholars have posited that CVC
investment benefits established firms by allowing
them to access the valuable technological knowledge
possessed by start-ups (Dushnitsky and Lenox,
2005; Schildt, Maula, and Keil, 2005; Wadhwa
et al., 2010). Correlational support for this claim
exists, showing that engaging in CVC investment
leads to the production of greater numbers of
patents. However, this research has not been able to
document the actual transfer of knowledge and,
hence, the mechanisms underlying how established
firms derive benefit from CVC investment are
unclear.2 We provide evidence supporting the idea
that CVC investing provides a ‘window on technol-
ogy’ for established firms through which they access
innovative insights from start-up firms. We show that

these insights are used as inputs into the established
firm’s R&D processes and integrated into new
products.

This article also makes a methodological contri-
bution to the management literature by introducing a
method for tracing knowledge flows that is based on
the vector space model drawn from the field of com-
puter science. Knowledge is a prominent theoretical
construct in the strategy and technology manage-
ment literatures (Cohen and Levinthal, 1990;
Nonaka and Takeuchi, 1995; Grant, 1996; von
Krogh, Nonaka, and Nishigushi, 1999; Helfat and
Raubitschek, 2000). However, our ability to examine
knowledge flows and the effects of knowledge flows
using quantitative methods is somewhat limited;
most scholars studying knowledge use either quali-
tative methods or quantitative methods based on
backwards patent citation measures. Utilizing the
vector space model to directly measure knowledge
flows—as we do through the use of the Product
Generation measure—will improve the field’s
ability to test and improve existing theories and build
new theory.

Finally, our study provides practical guidance for
established firms as they search externally for
knowledge. The existing literature on search and
organizational learning suggests that organizations
seek knowledge that is different from that the
firm already possesses and from partners whose
organizational characteristics are similar to their
own (see, for example Mowery et al., 1996; Lane
and Lubatkin, 1998; Katila and Ahuja, 2002). We
suggest that organizations also consider the source
of innovation-related knowledge by investigating
where the roots of that knowledge lie: in use, aca-
demic scientific inquiry, or the industrial product
development process. This insight might be particu-
larly helpful to organizations limited in their ability
to search for knowledge, due to resource constraints
or other limitations.

We hope this manuscript will be the first in a series
of articles that investigate the value of knowledge
sourced from innovative users to established firms.
Much work remains to be done in this area. Ours is
a single industry study and future research might
wish to replicate and expand these findings in other
industries. Innovative users are present in many
industries (von Hippel, 1988; Shah and Tripsas,
2007; von Hippel, de Jong, and Flowers, 2010;
Shah, Winston Smith, and Reedy, 2012). In addition,
while we investigate two outcomes that are of
immense importance to product development within

2 We thank an anonymous reviewer for pointing this out as a
contribution of this study.
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established firms, other outcome variables remain
to be investigated, particularly in light of the fact
that established firms do source knowledge from
a variety of external knowledge sources. Future
research might examine additional outcome vari-
ables to refine our understanding of the differential
benefits derived from different knowledge sources—
such as universities, competitors, and users. We
encourage scholars to examine differences in the
types of products produced using insights from
different knowledge sources (e.g., products em-
bodying incremental versus radical innovations),
as well as the effects of differences in the character-
istics of knowledge sourced from different knowl-
edge sources (e.g., by working with academics,
firms might access very early-stage and cutting-
edge technological insights, whereas by working
with other established firms or previous employees
of those firms, firms might access insights pertain-
ing to manufacturing processes or architectural
innovations).

CONCLUSION

Innovative users matter. Scholars have long been
aware that innovations come from a variety of
sources, including employees of firms, scientists
at academic institutions, and users. While much
effort has gone into investigating each of these
sources individually, little research has sought to
compare the differential effects of knowledge
from these sources on the innovation outcomes of
established firms. We find that sourcing knowledge
from users, as compared to nonusers, provides
greater innovation-related benefits to established
firms.
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APPENDIX

We provide a hypothetical example to illustrate our
text matching algorithm. We compare two patents to
one PMA application. For simplicity, assume that the
patents and PMA applications of interest contain
only three words: ‘bone,’ ‘graft,’ and ‘chamber.’
Thus, we have a three-dimensional vector space. We

match the PMA document with Patent 1 and Patent
2. Each document is represented as a word vector.
Every word forms one component of the vector and
the weighted frequency of each word provides the
magnitude. Graphically, we can represent this as a
three-dimensional vector space as shown in
Figure 1. Thus, in this diagram, the PMA document
is more similar to Patent 2 than it is to Patent 1 and,
thus, it will have a higher knowledge similarity
score.

Patent 2 (1.5,1,0.75)
Patent 1 (0,1.5,2)

PMA (1,1.25,1)

Chamber
(Z-axis)

Bone (X-axis)

Graft (Y-axis)

Figure 1. Illustration of knowledge matching technique
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