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a b s t r a c t

This paper examines the link between a firm’s absorptive capacity-building activities and the search pro-
cess for innovation. We propose that the enhanced access to university research enjoyed by firms that
engage in basic research and collaborate with university scientists leads to superior search for new inven-
tions and provides advantage in terms of both the timing and quality of search outcomes. Results based
on a panel data of pharmaceutical and biotechnology firms support these contentions and suggest that
the two research activities are mutually beneficial, but also uncover intriguing differences that suggest
differing roles of internally and externally developed knowledge.
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. Introduction

It is now well accepted that establishing and sustaining com-
etitive advantage depends upon effectively developing internal
nowledge, utilizing external knowledge, and exploiting knowl-
dge to generate innovations (Kogut and Zander, 1992; Teece, 1996).
irms’ ability to assimilate and exploit external knowledge is nec-
ssarily related to the firms’ use of knowledge in the search for
nnovation. This paper examines the role of two firm research
ctivities, internal basic research and collaborations with exter-
al scientists, in identifying, assimilating, and exploiting external
nowledge and considers the role of this external knowledge in the
earch for new inventions. In doing so, this work both contributes to
nd tests theory related to the “absorptive capacity” of the firm and
xtends this literature to consider the impact of firm absorptive
apacity on the effectiveness of external collaborations. In addi-
ion, it adds to the recent literature on the search for innovation,

hich has largely examined invention importance, by also consid-

ring the implications of external knowledge exploitation for the
ace of search for new inventions.

∗ Present address: Fuqua School of Business, Duke University, 1 Towerview Drive,
urham, NC 27708, United States. Tel.: +1 919 660 7760; fax: +1 919 681 6244.

E-mail address: Kira.Fabrizio@duke.edu.

048-7333/$ – see front matter © 2008 Elsevier B.V. All rights reserved.
oi:10.1016/j.respol.2008.10.023
The conceptualization of absorptive capacity put forth by Cohen
and Levinthal (1989, 1990) highlights the fact that external knowl-
edge does not equally benefit all firms, and that the benefits
enjoyed by the firm are determined in part by the firm’s own
actions and resources. This has led to a vast and growing body
of research, much of which has obscured the concept’s original
meaning or glossed over important assumptions (Lane et al., 2006).
The value and appropriateness of various reconceptualization is a
matter of current debate in the literature (for example, see Zahra
and George, 2002 and Todorova and Dursin, 2007). However, in
all renditions, the fundamental argument remains the same: by
investing in certain (research or other capability-building) activi-
ties, firms can improve their ability to identify, value, assimilate,
and apply (or exploit) knowledge that is developed outside of the
firm.

The considerable literature addressing the absorptive capacity of
the firm has uncovered a multitude of performance benefits asso-
ciated with a variety of firm activities. Cohen and Levinthal (1989)
discuss the role of the firm’s own R&D in developing the necessary
expertise and ability to make use of external knowledge. Other lit-
erature has identified the importance of in-house basic research to

develop this capability, particularly when the external science from
which the firm draws is of a basic nature (Rosenberg, 1990; Lane and
Lubatkin, 1998; Dyer and Singh, 1998). Recent work has considered
the nature of research and similarity between knowledge sets (Dyer
and Singh, 1998; Lane and Lubatkin, 1998), the routines of the firm

http://www.sciencedirect.com/science/journal/00487333
http://www.elsevier.com/locate/respol
mailto:Kira.Fabrizio@duke.edu
dx.doi.org/10.1016/j.respol.2008.10.023
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provides an understanding of the area being searched and allows
researchers to place feedback from experimentation in the overall
context of scientific knowledge, providing additional opportunities
56 K.R. Fabrizio / Researc

Zahra and George, 2002), and employee skills (Vinding, 2006) as
ources of absorptive capacity.

The development of the firm’s ability to access external knowl-
dge sources is not limited to activities that take place strictly
ithin the firm. As emphasized by Cockburn and Henderson (1998)

nd Zucker et al. (1994, 1998), “connectedness” to outside knowl-
dge sources (particularly scientists) provides benefits in terms
f accessing and exploiting external knowledge. Other work has
ocused on the ability of firms to use connections and collaborations
ith university and other public sector scientists to gain advan-

age in accessing and developing public sector science (Zucker et
l., 2002). This is consistent with literature examining the effect of a
rm’s “network” of connections to potential knowledge sources on

nventive performance outcomes (Powell et al., 1996; Owen-Smith
nd Powell, 2004; Stuart, 2000), although network studies most
ften examine connections to other firms rather than university
cientists.

While existing work emphasizes the advantages of accessing
xternal knowledge, it does not provide or test theory regarding
ow such knowledge benefits firms’ search for new inventions.
ecent work regarding the role of knowledge in the innovation
earch process suggests specific mechanisms by which an improved
nowledge base contributes to innovative outcomes. Knowledge
rovides researchers with an understanding of the fundamental
rincipals underlying a system, which may allow researchers to bet-
er anticipate the result of various possible experiments without
ctually proceeding with the experiment (Nelson, 1982; Fleming
nd Sorenson, 2004). This allows researchers to prioritize potential
esearch avenues and avoid costly and time consuming research tri-
ls that end is failure or low-valued outcomes. The limited empirical
esearch in this vein confirms that a better knowledge base, and in
articular scientific knowledge, generates more impactful inven-
ions, especially when the search process is complex (Fleming and
orenson, 2004).

This paper draws on the literatures describing absorptive capac-
ty, network connections, and the search theories of innovation and

akes two contributions to the literature. First, combining these
iteratures suggests a previously unexplored benefit of absorp-
ive capacity and network connections related to the efficiency of
earch for new invention. Both the absorptive capacity/networks
iteratures and the search for innovation literature have been
estricted to looking at quantities or importance of firm inven-
ive output, usually with a count of patents or citation-weighted
atents. This is consistent with search that leads to superior search
utcomes with the guidance of scientific knowledge. However,
etter access to knowledge inputs useful in the search for new

nventions is also expected to lead researches more directly to the
etter outcomes and help them avoid areas of less valuable out-
omes. This suggests a focus on the pace or speed of innovation
hat is currently absent from these literatures. This paper pro-
oses a novel measure of the pace of innovation, based on the
ime between establishment of existing knowledge and utiliza-
ion in a new innovation. Results presented here demonstrate that
rm research activities typically associated with building absorp-
ive capacity and network connections do result in a faster pace
f innovation, even controlling for the importance of the inventive
utcomes.

Second, few studies of firm’s collaborative networks consider the
ffect of variation in the network nodes (Owen-Smith and Powell,
004). Those that do are interested in the variation across the
otential knowledge sources, rather than the focal firms that are

ccessing the knowledge (Owen-Smith and Powell, 2004; Stuart,
000). We suggest that the absorptive capacity generated by the
rm’s internal research influences the ability of the firm to make
se of connections to external knowledge sources. Firms with supe-
ior internal research knowledge are expected to benefit more from
y 38 (2009) 255–267

connections to external scientists. Empirical results support this
expected complementarity.

The paper proceeds as follows. Section 2 presents theory related
to the role of knowledge in the search for innovation and the con-
cept of absorptive capacity, and presents hypotheses related to the
relationship between firm research activities and inventive perfor-
mance. Section 3 describes the sample, data, and key measures
employed in the analysis. The empirical methodology and result
are discussed in Section 4, and limitations are discussed in Section
5. Section 6 provides a discussion of the implications of this study
for the relevant literatures and suggests further research.

2. Theory development and hypotheses

The strategy literature that explores variation in firm perfor-
mance has highlighted the role of the resources or capabilities
of the firm as sources of firm competitive advantage, especially
when these capabilities are difficult to imitate and are not avail-
able through a market transaction. How firms create, maintain, and
enhance these capabilities is a fundamental question in the strat-
egy field and the subject of considerable recent literature (Cockburn
et al., 2000; Teece et al., 1997). The initial conditions, past activi-
ties and experience, and strategic adaptation by the firm over time
determine the current set of capabilities held by a firm (Cockburn
et al., 2000; Helfat and Peteraf, 2003). By studying the differences
among firm-specific characteristics such as experience, knowledge
stock, network position, or organizational focus, this research has
demonstrated the influence of these differences on firms’ innova-
tive performance.1 This paper adds to this literature by examining
differences in firms’ research-related activities and the implica-
tions of these activities for a firm’s absorptive capacity, access to
external knowledge, and resulting inventive performance. The fol-
lowing sections review and build upon existing literature regarding
absorptive capacity and search for innovation to develop empiri-
cally testable hypotheses.

2.1. Scientific knowledge and the search for inventions

Following Nelson (1982), others have focused on the role of
scientific knowledge in the search process for new inventions.
Inventions are novel combinations of existing and/or new compo-
nents (Schumpeter, 1934; Kogut and Zander, 1992; Fleming, 2001;
Fleming and Sorenson, 2001). The search for a new invention is
an uncertain process across a multi-dimensional space of possible
new combinations, conditioned by the bounded rationality and pre-
existing familiarity of the researcher with respect to the research
space (Fleming, 2001). A search generates a new invention when
the new combination provides an outcome above some threshold
level of usefulness or value.

What is particularly interesting about this process is the
role played by knowledge. Because innovation is cumulative,
accumulated knowledge provides a guide to the search process
(Helfat, 1994; Nelson, 1982). Scientific knowledge, however, is
different from knowledge developed through prior experimenta-
tion because scientific knowledge provides an understanding of
the underlying fundamental properties generating the observed
outcome–knowledge of why rather than simply what happened
(Fleming and Sorenson, 2004). In this way, scientific knowledge
for extrapolation and learning.

1 For example, see Gulati et al. (2000), McGahan and Porter (2002), Gambardella
(1992), Henderson and Cockburn (1994), Cockburn et al. (2000).
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researcher with enough knowledge to utilize the results in the
absence of the related tacit knowledge that remains uncodified
(Dasgupta and David, 1994; David et al., 1992a,b). As described by
von Hippel (1994), research-related knowledge often resides with
K.R. Fabrizio / Researc

This understanding benefits the search for innovation by allow-
ng researchers to reason through experiments and form an
xpectation of the outcome without actually running the trial
Fleming and Sorenson, 2004). Such knowledge facilitates the
earch for new innovations by suggesting possible solutions and
llowing researchers to focus their search in the most likely areas of
pportunity and eliminate areas of search that would have proved
ruitless (Nelson, 1982; Kortum, 1997; David et al., 1992a,b; Fleming
nd Sorenson, 2004). Fleming and Sorenson (2004) predict that
[Science] should allow inventors to move quite directly toward
he highest peak–the most useful configurations–on the landscape”
p. 914). Those authors demonstrate empirically that utilization
f scientific knowledge in patented inventions is associated with
nventions of greater importance, especially for complex inventions
xpected to benefit from science-guided search. This is consistent
ith science guiding search to better search opportunities. They do
ot make or test specific predictions regarding the pace of search,
lthough this follows from their discussion of scientific knowledge
nd search. Search guided by more scientific knowledge should
rrive at inventive outcomes more quickly.

One important external (to the firm) source of knowledge rele-
ant for industrial innovation, especially in the biopharmaceutical
ndustry studied here, is university-generated science. Universi-
ies are a valuable source of research results for firms in many
ndustries, and this importance has been growing over time (Narin
t al., 1997). Several researchers have described industry use of
niversity-based basic scientific research in the development of
ew products and processes (Cohen et al., 2002; Mansfield, 1991,
995; Mansfield and Lee, 1996; Mansfield, 1998; Grossman et al.,
001; McMillan et al., 2000; Narin and Olivastro, 1992; Cockburn
nd Henderson, 2001). Public science is particularly important
s an input to innovation in the biotechnology and pharmaceu-
ical industries (McMillan et al., 2000). Firms in the “drugs and

edical products” industry report that their innovations draw
eavily from academic research and that new products and pro-
esses would have been delayed without access to this research
Mansfield, 1991, 1998; Collins and Wyatt, 1998). Patents in the
rugs and medicine category cite significantly more scientific pub-

ications than patents in other fields (Narin et al., 1997), and
hese patents more heavily cite basic research journals (Narin and
livastro, 1992). Firms rely on basic science developments in biol-
gy and biochemistry, and many new drugs and delivery systems
ave their origins in discoveries at universities or government

abs.2

Based on the expected role of scientific knowledge in the
earch process and the importance of university-generated scien-
ific knowledge, it follows that firms enjoying enhanced access to
niversity-generated scientific knowledge will demonstrate supe-
ior search for new inventions. We test two dimensions of search:
he speed with which firms arrive at the new invention, and the
uality or importance of the inventive outcome.

.2. Developing absorptive capacity

If university-generated scientific knowledge is useful for search,
hen it is important to consider how firms can improve their ability
o access and utilize such knowledge. The concept of absorptive
apacity focuses attention on the fact that knowledge outside the

oundaries of the firm is not freely and effortlessly absorbed by the
rm, even if it is in the public domain, and it is thus not equally
bsorbed and exploited by all firms. Instead, effort, expertise, and
urposeful action on the part of firm researchers are required to

2 Cockburn and Henderson (1998) summarize case studies of many important
rug developments with their origins in public sector science.
y 38 (2009) 255–267 257

identify, assimilate, and exploit this external knowledge (Cohen and
Levinthal, 1989).3

Existing absorptive capacity literature has considered a multi-
tude of firm activities that may contribute to the firm’s absorptive
capacity, including investments in R&D (Cohen and Levinthal,
1989), the firm’s basic research activities (Rosenberg, 1990; Lane
and Lubatkin, 1998; Dyer and Singh, 1998), the routines of the
firm (Zahra and George, 2002), technological overlap or related-
ness of research (Mowery et al., 1996; Prager and Omenn, 1980),
trust and cultural compatibility across acquiring firm and source of
knowledge (Lane et al., 2001), employee skills (Vinding, 2006), and
collaborations with external (especially university) scientists sci-
entists (Cockburn and Henderson, 1998; Zucker et al., 1994, 1998,
2002; Gambardella, 1992). Here I will consider separately absorp-
tive capacity developed via the firm’s own basic research and the
access to knowledge via connections between firm researchers and
university scientists.

Some commonality between the firm’s internal research and the
external research is necessary for successful knowledge transfer
(Lane and Lubatkin, 1998; Prager and Omenn, 1980). Basic research
performed internally by the firm creates a bridge of familiarity
between firm and university researchers and provides a common
vocabulary that facilitates communication. This common knowl-
edge base assists firm researchers in identifying and exploiting
university science and also allows for more effective commu-
nication, understanding, and, consequently, knowledge transfer
between the university and firm researchers.

Collaborations between firm and external researchers aid in
identifying and incorporating external science. This has been
described in the considerable body of research addressing learn-
ing and knowledge transfer in firm-to-firm strategic alliances (see
for example example Mowery et al. (1996), Stuart (2000) and Grant
and Baden-Fuller (2004)) and is the focus of much of the litera-
ture on knowledge flows within interorganizational networks (for
example Powell et al., 1996 and Owen-Smith and Powell, 2004).
Recent work in the “open innovation” paradigm draws attention
to the fact that firms benefit from an active awareness and focus
on external research and innovation (Chesbrough, 2003; Laursen
and Salter, 2006). Consistent with the logic put forth by Cockburn
and Henderson (1998), a firm that operates under a particularly
insular research culture will have difficulty keeping up with recent
scientific developments, while a firm that maintains connections
to the larger research community will enjoy superior access to the
knowledge within that community.

Although many of the studies concerned with collaborations,
networks, and access to knowledge focus on firm-to-firm link-
ages, the same knowledge-sourcing logic applies to collaborations
between firm researchers and university scientists. Collaborations
with university scientists not only help to identify relevant sci-
entific research, which may or may not be published, but also
provide the firm with access to the tacit knowledge complementary
to published research results. In many cases, reading the pub-
lished or otherwise codified research results may not provide a
3 Factors affecting the use of knowledge external to the firm in the innovation and
development process have been discussed in the context of the monitoring role of
R&D (Kline and Rosenberg, 1986; Rosenberg, 1990), the necessity of investment in
absorptive capacity (Cohen and Levinthal, 1990; Pavitt and Patel, 1995), the scope,
depth, and breadth of search (Katila and Ahuja, 2002; Laursen and Salter, 2006), and
the market for intellectual property (Arrow, 1971; Williamson, 1975, 1985; Teece,
1981, 1989, 1996; Lamoreaux and Sokoloff, 1999; Nelson, 1959, 1982).
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1976–1999 period from several sources. In order to compare sim-
ilar technologies, my sample of patents is limited to the fifteen
4-digit international patent classes most closely associated with
pharmaceutical and biotechnology firms.5
58 K.R. Fabrizio / Researc

he researcher, and is “sticky” and difficult to transfer. Knowledge
ransfer among individuals with an on-going pattern of collabora-
ions is more fine-grained, tacit, and cooperative than otherwise
ossible (Uzzi, 1996, 1997).

In several empirical studies, internal basic research and collabo-
ation with university scientists have been shown to be significantly
nd positively related to the number of pharmaceutical firm patents
Cockburn and Henderson, 1998; Gambardella, 1992) and the num-
er and importance of biotechnology firm patents (Zucker et al.,
002; Baum et al., 2000), providing some evidence of the expected

nnovative performance benefits of absorptive capacity. In a sur-
ey of firms in the information technology, scientific instruments,
nd new materials sectors, industry researchers report that linkages
o universities provide substantial advantage in terms of keeping
breast of university research, gaining access to the expertise of
niversity researchers, and receiving general assistant with prob-

em solving (Rappert et al., 1999). Similarly, Thursby and Thursby
2000) find that personal contacts of firm researchers are often the
ource of information about technologies available from university
esearch. Both studies highlight the importance of interpersonal
inkages and interactions for research knowledge transfer.

This paper considers that a firm’s research and collaborations
ot only provides access to external knowledge that would oth-
rwise be missed, which in itself in expected to produce more
fficient search, but also allows firm researchers to identify and
bsorb external knowledge more quickly. The president of Centocor,
biotechnology company, claims that by providing their scientists

he freedom to develop scientific expertise, keep up with recent
cientific discoveries, and maintain a social network within the sci-
ntific community, “Centocor should know about major research at
east a year before it’s published” (Gibson, 1985). Both faster iden-
ification and assimilation and more efficient search improve the
nnovative performance of a firm.

Finally, there is reason to expect that the firm’s internal research
nd external collaborations are complementary activities (Powell
t al., 1996; Arora and Gambardella, 1994). The firm’s internally
eveloped research capability allows it to better evaluate, under-
tand, and assimilate new knowledge to which it is exposed via
xternal collaborations. Hence, collaborations with university sci-
ntists should be more beneficial, in terms of accessing knowledge,
o firms with more internally developed research capabilities. Like-
ise, the internal research of firms is of more value to firms that

lso engage in external collaborations because these firms exploit
he absorptive capacity provided by their internal research more
xtensively.

Firms have pursued differing strategies along these dimensions.
or example, Merck focused on building internal research exper-
ise. Merck’s early internal research regarding the formation of
holesterol allowed it to take advantage of (Nobel Prize winning)
ublished research by two University of Texas researchers regard-

ng a key step in the production of cholesterol. This research led
erck scientists to the discovery of cholesterol inhibitors and the

evelopment of the blockbuster drug Mevacor. Other firms did not
xploit this published science as effectively (Gambardella, 1992).
n contrast, Novartis has focused more on building connections to
niversity scientists as avenues for identifying and exploiting pub-

ic science. The company sponsors weekly seminars on site, where
niversity scientists discuss cutting edge work.

.3. Absorptive capacity & search for innovation
Combining the absorptive capacity literature with the recent
heory regarding the role of scientific knowledge in the search for
ew inventions leads to straightforward predictions. Absorptive
apacity-enhancing research activities provide benefits in terms
f the level of external scientific knowledge available and/or the
y 38 (2009) 255–267

timeliness with which it is available, which will help guide the
uncertain search for new inventions. As a result, firms investing in
more absorptive capacity-generating research activities will enjoy
superior search, in terms of pace of search and the importance of
inventive outcomes.

Hypothesis 1. Firms that perform more in-house basic research
will exhibit superior search for new inventions.

In addition, the collaborations between firm researchers and
university scientists provide a firm with earlier, richer, and more
comprehensive access to important university-based science. Con-
trolling for the amount of basic research done by the firm, firms that
do more of this research in collaboration with university research
are expected to enjoy search benefits.

Hypothesis 2. Firms with a greater degree of connectedness to
university scientists will exhibit superior search for new inventions

Finally, internal research and external collaborations are
complementary activities that together allow greater access to
knowledge, and as a result promote superior search outcomes.
Specifically, we expect that collaborations provide more benefit
when a firm also possesses greater internal research, and the bene-
fits resulting from internal research are greater when the firm also
engages in external collaborations. Note that these possibilities are
not inseparable: each refers to the difference in marginal effects
of one activity on search outcomes at different values of the other
activity.

Hypothesis 3a. The relationship between the firm’s internal basic
research and search for inventions is more pronounced when the
firm also collaborates more with university scientists.

Hypothesis 3b. The relationship between the firm’s collabora-
tions with university scientists and search for inventions is more
pronounced when the firm also does more basic research.

3. Methodology

In order to test these hypotheses, I examine the relationship
between firm research activities and the effectiveness of search for
new inventions with two outcome measures: (1) the pace of inno-
vation, measured as the speed with which the firm is able to exploit
existing knowledge in new patented inventions and (2) importance
of the new inventions developed. These measures correspond to the
efficiency or pace of the search for inventions and the quality of the
search outcome. The following sections describe the sample and
data used in the empirical analysis, and each of the variables used
in the analysis. The variables and data sources are summarized in
Table 1.

3.1. Sample and data

I construct a panel data set of 83 firms in the biotechnology
and pharmaceutical industries during the 1976–1999 period. The
sample of firms is composed of companies listed as major pharma-
ceutical firms and those listed as biotechnology firms in Standard
& Poor’s Industry Surveys for the years 1979, 1985, 1990, 1995 and
2003.4 For each company, I collect firm-specific data covering the
4 These industries were not surveyed in the 1980 edition.
5 The international patent classes that I include are A01N, A61B, A61F, A61K, A61M,

C07C, C07D, C07F, C07H, C07K, C08F, C08G, C12N, C12P, and G01N. These classes
account for 80% of all patents associated with the sample companies.
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Table 1
Description of variables, data and sources.

Construct Variable name Description Data source

Pace of knowledge exploitation MeanCiteLagf,k,t Natural log of mean number of years between
grant date of cited patent prior art and application
date of focal patent, excluding self-citations

NBER Patent Database

Invention importance #ForwardCitesf,k,t Natural log of average number of citations received
by firm’s patents in class and year

NBER Patent Database, MicroPatent
database

Firm basic research #Pubs/R&Df,t Ratio of number of publications by firm
researchers in given year to R&D spending

Science Citation Index, Compustat

Firm collaboration w/university scientists %UnivCo–AuthorP ubsf,t Percentage of firm publications co-authored with
university scientists in given year

Science Citation Index

Firm Research Intensity R&D/Employeef,t−1 R&D expenses per employee in thousands of
dollars, in prior year

Compustat and Datastream

Firm size #Employeesf,t−1 Natural log of the # Employees in prior year Compustat and Datastream
Firm age Firmagef,t Number of years since firm founding Corptech, Mergent, Lexis Nexis
Foreign firm indicator ForeignFirmIDf Equal to 1 for non-U.S. firms, 0 for U.S. firms Corptech, Mergent, Lexis Nexis
Biotechnology firm indicator BiotechIDf Equal to 1 for biotechnology firms, 0 for

pharmaceutical firms
Standard & Poor’s Industry Surveys

Avg. number of citations #Citationsf,k,t Natural log of the average number of citations to
patent prior art in firm, class, year, excluding self
citations

NBER Patent Database

Avg. number of claims #Claimsf,k,t Natural log of average number of claims in firm,
class, year patents

NBER Patent Database

% Self citations %SelfCitesf,k,t Average percent of self-citations (to same assignee)
contained in patents in firm-class-year

NBER Patent Database

Patent class size #Patents #Patents in technology class-year observation NBER Patent Database
G ents in
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rowth in patent class GrowthOfPatentk #Pat
year

ubscripts t (time), f (firm), k (patent class).

Corptech, Hoovers Online, Mergent, Lexis-Nexis article searches,
nd the Capital Changes Reports provide corporate structure infor-
ation detailing the founding date, geographic location, and
ergers and acquisitions for each firm.6 I was able to locate the

equired firm level data for 83 companies.7 Note that use of public
ata restricts the sample of firms to those that went public, indi-
ating at least some level of success (although some went on to fail
r be acquired). Drawing the sample from Standard & Poor’s Indus-
ry Surveys also introducing a large-company bias. Therefore, all
esults should be interpreted as conditional on at least achieving
ublic status.8

I rely on information found on the front page of each of the sam-
le firms’ patent to develop measures of the pace of knowledge
xploitation and importance of inventions. The dependent variables
ased on firms’ patents are described in the following sections.

.2. Pace of innovation

Each patent lists U.S. and foreign patents cited as prior art in the
References Cited” section. The dependent variables measuring the
ace of innovation are calculated based on each patent’s prior art

itations; that is, the U.S. patents and published articles listed in the
References Cited” section of the patent. These prior art citations
ndicate the existing knowledge on which the new patent builds.9

he grant dates of the patents cited as prior art and the publication

6 When a firm merges with or acquires another firm, the surviving firm remains
n the sample and publications with either original firms’ name are used for the
esulting firm in subsequent years.

7 I could not include companies with no identifiable patents during the sample
eriod, so all results should be interpreted as conditional on having at least one
atent.
8 Many of the firms do not span the entire 24-year window. A firm enters my

ample in the first year for which Compustat reports employee data, and exits when
his data item is no longer reported. Unfortunately, Datastream provides data only
or 1980 and subsequent years, so the six foreign firms in the sample that are not
overed by Compustat do not enter until 1980.

9 The information contained in patent citations has been used to trace the transfer
f knowledge across inventors, institutions, geographic locations, and technol-
gy classes, and to develop measures of importance, generality, and originality
technology class in current
tents in technology class 10 years prior

NBER Patent Database

dates of non-patent prior art references provide an indication of
the age or vintage of the knowledge being built upon. The time lag
between the cited patents or publications and the new invention
therefore represents the speed with which that prior knowledge is
utilized in the new invention, with longer lags indicating a slower
pace of knowledge exploitation.10 Other studies, such as Sorenson
and Fleming (2004), have used forward citation lags similarly to
measure the speed of diffusion. I am interested in the backward
citation lag as a measure of the age of prior art being built upon.

Patents in technology classes experiencing more rapid advance
will cite, on average, more recent prior art. Fig. 1 displays the
smoothed distribution of backward citation lags for citations made
by patents applied for in 1985 in each of four patent classes. Fields
characterized by fast follow-on innovation and relatively rapid
obsolescence of the knowledge base, medical preparations and
semiconductors, are characterized by quickly peaking distributions
of backward citation lags with relatively low average backward cita-
tion lags. Patents in the other two categories, stone working and
hinges, rely on relatively older technology as patented prior art and
are characterized by a less peaky distribution with a higher aver-
age citation lag. The mean backward citation lag for each patent is
calculated, and then averaged at the firm-class-year level for the

analysis.11 The distributions the average citation lag is significantly
skewed, and so I use the natural log as the dependent variable in
the regression.

(Trajtenberg et al., 1997; Henderson et al., 1998a,b; Hall et al., 2001). See Narin (1994)
for a discussion of the use of patent citations generally.

10 Similarly, Narin (1994) defines the technology cycle time of an industry as the
median age of the patents cited in other patents. As an example, he states that elec-
tronics, which is a “relatively fast moving area,” has a much shorter cycle time than
slower moving areas such as mechanical areas. Deng et al. (1999) use the technol-
ogy cycle time at the patent level to proxy for how quickly firms are innovating.
Trajtenberg et al. (1997) describe the average backward citation lag of a patent as a
measure of the remoteness in time of the patent, where a longer lag corresponds to
drawing from older sources.

11 I exclude self-citations, or citations where the assignee of the cited patent is the
same as the assignee of the citing patent, following Mowery et al. (2002). Patent
citation lags are grant year to application year.
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patents, I control for the average percentage of backward citations
that are to the firm’s own patents, %SelfCite. Firms building heav-
ily on their own prior art may be developing primarily incremental
inventions or lower average importance.16
Fig. 1. Distribution of backward citation lags for patents applied for in 1985.

.3. Invention importance

As in other recent studies, I use a count of the forward cita-
ions received by a patent as a measure of the patent’s quality
r importance (Hall et al., 2001; Trajtenberg, 1990; Fleming and
orenson, 2004). Conceptually, the number of citations received
s an indication of the invention’s usefulness to future, follow-on
nventions–those follow-on citing patented inventions are refer-
ncing the focal patent as relevant prior art relied upon in the new
nvention. Empirically, the number of forward citations received by
firm’s patents has been shown to be positively related to the mar-
et value of the firm (Hall et al., 2005) and the social value of a given
atented invention (Trajtenberg, 1990). The dependent variable at
he firm-class-year level is the average number of forward citations
eceived by patents generated by the focal firm in that technology
lass and application year.

.4. Firm research activities

To test the hypotheses described above, I develop proxies for the
asic research performed by the firm and the collaborative linkages
etween the firm and university scientists. The ratio of the num-
er of the annual scientific publications by firm researchers to firm
xpenditures on R&D is used as a proxy for the internal basic sci-
nce expertise of the firm, as it was in Cockburn and Henderson
1998).12 The number of publications appears to reflect the under-
ying research focus and activity. For example, Merck is well known
or a strong focus on internal research rather than external col-
aborations, as well as an organizational structure that promotes
cademic norms (Gambardella, 1992). This is reflected in publi-
ation counts for Merck scientists that are well above the sample
verage over the entire period. Genentech, also a company with
focus on internal basic research established by founders from

cademe, also generates more publications per year than the aver-
ge firm in the sample.

Although the two companies both pursue internal basic
esearch, Genentech is much more active in developing research
ollaborations outside of the firm. For example, Genentech’s “Find

rogram” is specifically designed to promote interaction with the
cientific community in order to identify new research and build
elationships with scientists. Merck, on the other hand, values
nternal science and innovation development primarily based on

12 Gambardella (1992), Arora and Gambardella (1994), and Lim (2004) use the
ount of firm publications similarly. As in Cockburn and Henderson (1998), I use
he address field for the researcher to identify the company or university affiliation.
y 38 (2009) 255–267

in-house research (Economist, 1997). I proxy for the degree of con-
nectedness with university scientists with the percentage of the
firm’s publications in a year that are co-authored with university
scientists.13 Genentech consistently collaborates with university
scientists on a higher share of their publications, while Merck falls
at approximately the sample mean, reflecting the difference in
research strategies of these firms.

These publication-based measures encompass more than the
firm’s publication activity. Firms that openly publish research
may have a more “academic” organizational structure, promot-
ing interaction, disclosure, and individual inquiry (Henderson and
Cockburn, 1994). Firms with more university-coauthored publi-
cations, such as Genentech, may also have a significant number
of Ph.D. scientists or founders that were university-affiliated. The
analysis here does not differentiate between these aspects of firm
research strategy, and so the coefficients on the publications and
co-authorships variables may partially reflect other unobserved,
correlated factors. The variables used here should be interpreted
as indicators of the larger underlying strategy and organizational
focus of the firm.

3.5. Controls

I control for the firm’s research intensity using the ratio of annual
R&D expenditures to the number of employees at the firm level,
as did Cohen and Levinthal (1989). I control for firm size with the
annual number of employees. Mowery et al. (1996) found that large
firms did not demonstrate as much absorptive capacity with respect
to alliance partners relative to smaller firms. I also include a dummy
variable Biotech equal to one for companies listed as biotechnology
companies in the Standard & Poor’s Industry Surveys, a dummy
for firms located outside of the United States, ForeignID, and the
age of the firm, FirmAge, equal to the number of years since firm
founding.14

I control for additional firm-class specific patent-level character-
istics that are expected to be significantly related to the backward
citation lag. First, I control for the average number of citations to
prior art, #Citations.15 In the backward citation lag regression, this
controls for the fact that since the distribution of the citation lag has
a long right tail (there are very few lags of a very long length) and
patent citations come only in whole numbers (i.e. it is not possible
to have 0.5 of a citation), the more citations there are, the greater the
likelihood of having a citations drawn from the long right tail of the
distribution, and thus a higher mean lag. In both the citation lag and
the importance regressions, it also controls for the complexity and
“size” of the patent, where more complex patents may cite more
prior art and may also take longer to develop but be more useful to
future inventions. Second, I include a control for the average num-
ber of claims contained in the firm’s patents, #Claims, to adjust for
complexity or scope that may be reflected by the number of claims.
Finally, in the regressions predicting the average importance of firm
13 A similar measure of “connectedness” to university science was used in Cockburn
and Henderson (1998), although those authors allow a single publication to count
as more than one co-authorship if more than one outside institution is involved.

14 The number of such biotech companies grows over the sample period, and by
the end of the period is approximately equal to the number of pharmaceutical firms.

15 The count of citations used in the citation lag equations excludes self-citations
because the lag is calculated excluding self-citations.

16 One might expect that the backward citation lag would be shorter for firms
building primarily on their own prior inventions. However, the backward citation lag
measure excludes self citations, and therefore this control in unnecessary in the back-
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Table 2
Summary statistics, 1975–1999.

Variable Mean St. Dev. Min Max

Firm-year level observations
#Pubs/R&Df,t 0.91 2.10 0 37.31
%UnivCo–AuthorP ubsf,t 30.93% 25.22% 0 100%
R&D/Employeef,t−1 (M$) 299.60 2369.53 0 34862
#Employeesf,t−1 18.09 29.44 0.005 186.85
Firmagef,t 50.13 48.37 2 218
ForeignFirmIDf 0.14 0.35 0 1
BiotechIDf 0.41 0.49 0 1

Firm-class-year level observations
MeanCiteLagf,k,t 6.75 5.24 0 49
#ForwardCitesf,k,t 3.68 6.79 0 104
#Pubs/R&Df,t 0.77 1.79 0 37.31
%UnivCo–AuthorPubsf,t 31.22% 20.34% 0 100%
R&D/Employeef,t−1 (M$) 319.76 2511.28 0 34862
#Employeesf,t−1 29.51 36.83 0.005 186.85
Firmagef,t 68.80 51.28 2 218
ForeignFirmIDf 0.20 0.40 0 1
BiotechIDf 0.25 0.43 0 1
#Citationsf,k,t 6.15 7.63 0 124
#Claimsf,k,t 10.74 9.73 0 140
%Selfcitationsf,k,t 15.61% 20.59 0 100%
#Patentsk,t 1304.85 1233.73 7 7326
GrowthofPatentsk,t 641.17 833.37 −858 5259
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heterogeneity observed across firms. As discussed in more detail
below, one might be concerned about unobserved heterogeneity at
ubscripts t (time), f (firm), k (patent class).
= 917 at the firm-year level; N = 4723 at the patent level, except for mean lag
= 4647.

While the specification includes technology class level indicator
ariables to control for time-invariant differences across technology
rea, there are also two important technology class-year level con-
rol variables that control for changes in the technology area over
ime that are expected to affect the backward citation lag. I con-
rol for the total number of patents in the same technology class
nd application year as the focal patent, #Patents, in order to con-
rol for the development of the technological area. I control for the
ecent growth in the number of patents in the technology class,
rowthOfPatents, using the change in the number of patents in the
lass over the previous five years. This controls for “citation infla-
ion,” or the fact that backward citation lags are getting shorter due
o the increasing number of patents each year, resulting in more
ecent patents relative to the number of older patents available to
ite.

Summary statistics are reported in Table 2.17 There is consider-
ble variation within the sample for all of the variables of interest.
hese summary statistics reinforce the strong science base in these
elds. Across firm-year observations, the mean ratio of publications
o R&D is 0.9 publications for every 1000 R&D dollars, with a range
f zero to 37. The mean percentage of publications co-authored with
niversity scientists is 31%, and the range is from zero to 100%.
able 3 reports the simple correlation coefficients for these vari-
bles (at the firm-class-year level of observation). The publications
o R&D ratio is positively correlated with the percentage of publi-
ations that are co-authored with university scientists, suggesting
hat firms engaged in internal basic science are also more highly
ocused on external knowledge sources. Both publication intensity

nd collaborations are negatively correlated with the mean citation
ag and positively correlated with the number of citations received,
onsistent with the predictions.

ard citation lag regressions. If included, it is insignificant and has no measurable
ffect on the other variables.
17 Note that there are 76 firm-class-year observations for which it was not possible
o calculate the average citation lag because the patents by that firm in that class-
ear did not contain any backward citations. These observations are not included in
he estimates of the mean backward citation lag.
y 38 (2009) 255–267 261

4. Empirical results

The hypotheses predict that in-house basic science and collab-
orative linkages to university researchers will be associated with a
faster pace of knowledge exploitation and more important inven-
tions. The results for each of these outcome variables are discussed
in the following two section.

4.1. Pace of innovation

First, consider the speed or pace of search for new inventions.
The firm’s pace of knowledge exploitation is related to how long
it takes that firm to build upon existing knowledge in new inven-
tions. By comparing the average length of the citation lags across
firm, I evaluate whether the firms’ pace of knowledge exploitation is
related to their research activities. I estimate the following equation
for firm f in year t in technology class k:

ln(MeanLagfkt) = ˇ1Pubs/R&Dft + ˇ2%UnivCoAuthorft + X ′
1ft

ˇ3

+ X ′
2kt

ˇ4 +
∑

t
˛tYeart +

∑
k
�kClassk + εfkt (1)

where MeanLag is the natural log of the mean backward patent
citation lag of firm f’s patents in class k and year t as described
above.

Consistent with the “knowledge production function” empirical
methodology (Griliches, 1995; Jaffe, 1986), and because a non-
linear relationship is expected (i.e. percentage change matter more
than a unit change), number of employees, number of patents,
average number of citations, and average number of claims in the
patents are all included as natural logs. The year of the patent is the
application year, more closely approximating the invention date.
Publications and publications co-authored with university scien-
tists are dated to the year of publication because that is the only
date reliably available. The publication-based variables therefore
represent research activity of the firm in the recent past. The R&D
intensity and the number of employees are included with a lag of
one year.18

All equations include year and technology class dummy vari-
ables to control for average technology class effects, such as the
changing nature of technological opportunity in a given technol-
ogy area, and year effects, including all changes in this industry that
are common across firms. Results should therefore be interpreted
as within a given technology area, across firms. Robust standard
errors, clustered by firm, are reported for all equations to account for
the non-independence of the multiple observations for each firm
(Bertrand et al., 2004).19

Hypotheses 1 and 2 predict that ˇ1 and ˇ2, respectively, will be
negative. The implicit null hypothesis is that the variation in average
citation lag length is not systematically related to the firm’s research
activities. This would hold, for example, if openly published scien-
tific research were equally available to all industry researchers. This
cross-firm analysis is in the spirit of deconstructing the firm fixed
effect; it allows evaluation of which firm activities contribute to the
the firm level. Robustness checks using firm level firms effects are
reported and discussed in the next section.

18 The same timing for publications, patents, and R&D was used by Gambardella
(1992). In both the analysis of non-patent citations and the analysis of the backward
citation lags that follows, I tested the robustness of the results to lagging the publica-
tions variables by one year, two years, or three years, or including the rolling average
of the prior three years. The results were very similar to those reported here.

19 A Wooldridge test for serial correction in panel data failed to reject the null
hypothesis of no first order serial correlation (Wooldridge, 2002; Drukker, 2003).
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Table 3
Correlation coefficients.

1 2 3 4 5 6 7 8

1 MeanCiteLagf,k,t

2 AvgForwardCitesf,k,t −0.03
3 #Pubs/R&Df,t −0.12 0.10
4 %UnivCo–AuthorPubsf,t −0.09 0.13 0.20
5 #Employeesf,t−1 0.12 −0.06 −0.15 −0.07
6 R&D/Employeef,t−1 −0.00 −0.02 −0.03 −0.02 −0.10
7 #Citationsf,k,t 0.21 0.17 −0.06 −0.04 −0.05 −0.04
8 #Claimsf,k,t 0.03 0.23 0.05 0.14 −0.07 −0.05 0.06
9 %SelfCitef,k,t 0.07 −0.07 −0.01 −0.09 0.04 0.05 0.05 −0.02

Subscripts t (time), f (firm), k (patent class).
Note: Correlations at the firm-class-year level of observation, N = 4647.

Table 4
Mean backward patent citation lag as a function of firm research activities.

(1) (2) (3) (4) (5) (6)

#Pubs/R&D$f,t −0.026 −0.024 −0.011 −0.021
(0.006)** (0.005)** (0.004)** (0.005)**

%UnivCo–AuthorPubsf,t −0.288 −0.249 −0.174 −0.232
(0.100)** (0.086)** (0.077)* (0.085)**

#Pubs/R&D$f,t , Hi%UnivCo–Author −0.022
(0.005)**

#Pubs/R&D$f,t , Lo%UnivCo–Author 0.001
(0.019)

%UnivCo–Author, Hi#Pubs/R&D$f,t −0.300
(0.098)**

%UnivCo–Author, Lo#Pubs/R&D$f,t −0.150
(0.083)

R&D/Employeef,t−1 0.000 0.000 0.000 0.000 0.000 0.000
(0.000)** (0.000)** (0.000) (0.000)* (0.000)** (0.000)*

ln(#Employees)f,t–1 0.024 0.026 0.019 0.030 0.081 0.020
(0.015) (0.014) (0.015) (0.012)* (0.039)* (0.013)

ForeignFirmIDf 0.024 0.023 0.027 0.038 0.023
(0.047) (0.044) (0.044) (0.037) (0.039)

biotechf −0.130 −0.127 −0.124 −0.113 −0.098
(0.074) (0.067) (0.067) (0.068) (0.063)

Firmagef,t −0.000 −0.000 −0.000 −0.000 −0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

ln(#Citations)f,k,t 0.204 0.205 0.204 0.208 0.219 0.220
(0.021)** (0.021)** (0.021)** (0.021)** (0.020)** (0.021)**

ln(#Claims)f,k,t −0.028 −0.032 −0.030 −0.029 −0.009
(0.016) (0.016)* (0.016) (0.016) (0.016)

ln(#Patents)k,t −0.029 −0.020 −0.028 −0.021 −0.035 −0.047
(0.041) (0.043) (0.042) (0.042) (0.038) (0.041)

GrowthofPatentsk,t −0.000 −0.000 −0.000 −0.000 −0.000 −0.000
(0.000)* (0.000)* (0.000)* (0.000)** (0.000)** (0.000)*

ZeroLagf,k,t −1.541 −1.531 −1.537 −1.532 −1.498 −1.529
(0.043)** (0.044)** (0.043)** (0.044)** (0.044)** (0.043)**

ZeroPubsf,t −0.110 −0.132 −0.092 −0.225 −0.105
(0.091) (0.091) (0.077) (0.070)** (0.087)

ln(#Forwardcites)f,k,t −0.097
(0.014)**

Constant 2.086 2.067 2.151 2.039 1.439 2.273
(0.263)** (0.269)** (0.266)** (0.269)** (0.208)** (0.263)**

Observations 4647 4647 4647 4647 4647 4647
R-squared 0.55 0.55 0.55 0.55 0.51 0.56

Subscripts t (time), f (firm), k (patent class).
The dependent variable is the natural log of the mean backward patent citation lag for patents in the firm-class-year.
Robust standard errors (clustered by firm) in parentheses; *significant at 5%; **significant at 1%.
All equations include year and technology class dummy variables.
Equation 5 includes firm fixed effects.
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Results are reported in Table 4. As expected, the coefficient on
he average number of citations is significant and positive, and the
oefficient on the growth in the number of patents in the class is
ignificant and negative. As demonstrated in column (1), the coeffi-
ient on the number of firm publications is negative and significant,
ndicating a faster pace of knowledge exploitation for firms with

ore internal basic research, in support of Hypothesis 1. As reported
n column (2), the coefficient on the percentage of publications
hat are university co-authored is also significant and negative, in
upport of Hypotheses 2. The specification reported in column 3
s the preferred specification, and includes both the firm’s inter-
al basic research and the collaborations with university scientists.
oefficients on both are negative and significant, consistent with
he expected search benefits from these activities. These results
uggest that a one standard deviation increase in the number of
ublications per 1000 R&D dollar by firm researchers is associ-
ted with a 4.3% decrease in the average citation lag. For the mean
atent, this implies a 3.5-month decrease for the citation lag associ-
ted with the standard deviation increase in publication intensity.
one standard deviation increase in the percent of publications

hat are co-authored with university scientists (equal to 20.34%) is
ssociated with a decrease in the mean patent and non-patent back-
ard citation lag of 5.1%, or a decrease of 4 months for the mean
atent.20 Delays on the order months may sound small, but in an

ndustry where profits are heavily dependent on innovations, and
very research project is potentially a patent race, these delays can
e quite significant.

In order to evaluate hypotheses 3a and 3b, I generate indicators
or “high” and “low” values of firm publications and university col-
aborations. Low and High are relative to the median for the firms
atenting in a given technology class-year observation. Establish-

ng the criteria in this way takes into account that firms active in
ertain technology areas may be differentially disposed to each
esearch activity. Consistent with the identification strategy, this
rovides a relative measure across firms within the technology
lass. I interact the firm publication variable with the high and low
ndicators for university collaborations, and interact the collabora-
ions variable with the high and low indicator for firm publications.
ncluding these four variables in the regression equation in place of
he two variables (firm publications and university collaborations)
llows a test for the difference in marginal value of each research
ctivity in the different regions (low versus high) of the other
ariable.

Results of the specification including these variables are
eported in column (4). Hypothesis 3a predicts that the rela-
ionship between firm publications and search efficiency is more
ronounced at higher levels of collaboration. The coefficient on
rm publications at high values of university collaboration is in

act larger in magnitude (and negative) than that on firm publi-
ations at low values of university collaborations, consistent with
xpectations. However, the difference is not statistically significant.
ypothesis 3b predicts that the relationship between university
ollaborations and search efficiency is more pronounced at higher
evels of firm publications. The coefficient on university collabora-
ions at high values of publications is larger in magnitude than that
n university collaborations at low values of publications, and this

ifference is statistically significant.21 This is consistent with exter-
al collaborations providing more benefits to firms with greater

nternally developed absorptive capacity.

20 I also estimated these specifications using the minimum lag, i.e. the lag to the
ost recent cited patent, and the median lag. My qualitative results are robust to

ither of these alterations, and the magnitude of the coefficients on publications and
o-authorships are quite similar.
21 The difference in the coefficients is significant at the 2% level.
y 38 (2009) 255–267 263

4.2. Invention importance

Second, consider the importance of the results inventive out-
comes, as measured using the average number of citations received
by the firm’s patents. I estimate the following equation for firm f in
year t in technology class k:

ln(#ForCitesfkt) = ˇ1Pubs/R&Dft + ˇ2%UnivCoAuthorft + X ′
1ft

ˇ3

+ X ′
2kt

ˇ4+
∑

t
˛tYeart+

∑
k
�kClassk+εfkt (2)

where ln(#ForCites) is the natural log of the average number of for-
ward citations received by firm f’s patents in class k and year t. The
specification is analogous to the citation lag equation in terms of
the lag structure, use of natural logs, and inclusion of technology
class and year indicator variables. Hypotheses 1 and 2 predict that
ˇ1 and ˇ2, respectively, will be positive.

Results are reported in Table 5. The structure of the table is
analogous to the prior table of results, and thus the discussion is
kept brief. Column (3) reports the preferred specification, results of
which support the prediction that firms with more internal basic
research activities generate more importance patents. The coeffi-
cient on the collaborations variable is positive, but significant only
at the 11% level.

Column (4) reports the results including the interactions with
high/low indicators to test for complementarity. Consistent with
the overall results, collaborations are not significant over either
range of publication activity. However, consistent with hypothe-
sis 3a, the marginal effect of the firm’s own publications is greater
when the firm also collaborates more with university scientists.22

4.3. Robustness checks

There is a potential concern that unobserved heterogeneity
across the firms in the sample that may drive these results. For
example, firms may be specializing in certain research areas that
require different research strategies. Firms specializing in areas that
rely more heavily on scientific inputs may elect to engage in more
basic research and collaborate more with university scientists. If the
patents in these areas of research also tend to have shorter back-
ward citation lags and receive more citations for some reason, it
could be that the unobserved heterogeneity is driving the results.
The selection of the biotechnology and pharmaceutical sectors for
study alleviates this concern somewhat, because public science is
known to be an important, omnipresent, critical input to the inno-
vation process. The technology class fixed effects also help alleviate
this concern because each patent’s citations to public science and
citation lags are being compared to other patents in the same tech-
nology area, within which the incentives and opportunities are
more homogeneous than across the entire sample of innovations.
However, the technology areas may not fully capture differences
across the research areas in which firms may specialize.

In order to explore the sensitivity of the results to unobserved
firm level heterogeneity, the main specification was re-estimated
with firm-level fixed effects. This is not the preferred specifica-
tion because firm’s research strategies, as reflected in publication
intensity and university collaborations, are expected to be some-
what stable over time. In addition, to the extent that firm research

strategies change overtime in a way that affects publications, co-
authoring, and the citation lag, the firm fixed effect in insufficient
to control for these unobserved changes. Because firm capabilities
are often path-dependent, developing slowly and remaining fairly

22 The difference in coefficients on the publication variables is significant at the 4%
level.
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Table 5
Average importance as a function of firm research activities.

(1) (2) (3) (4) (5) (6)

#Pubs/R&D$f,t 0.019 0.020 0.012 0.018
(0.008)* (0.008)* (0.004)** (0.008)*

%UnivCo–AuthorPubsf,t 0.216 0.183 0.149 0.134
(0.112) (0.116) (0.099) (0.112)

#Pubs/R&D$f,t , Hi%UnivCo–Author 0.024
(0.007)**

#Pubs/R&D$f,t , Lo%UnivCo–Author −0.022
(0.022)

%UnivCo–Author, Hi#Pubs/R&D$f,t 0.113
(0.117)

%UnivCo–Author, Lo#Pubs/R&D$f,t 0.121
(0.131)

R&D/Employeef,t−1 −0.000 −0.000 −0.000 −0.000 −0.000 −0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

ln(#Employees)f,t−1 −0.053 −0.048 −0.043 −0.053 −0.135 −0.034
(0.022)* (0.022)* (0.022) (0.021)* (0.075) (0.020)

ForeignFirmIDf −0.063 −0.060 −0.063 −0.073 −0.051
(0.070) (0.068) (0.067) (0.066) (0.062)

biotechf 0.143 0.157 0.154 0.153 0.142
(0.101) (0.093) (0.096) (0.094) (0.086)

Firmagef,t 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

ln(#Citations)f,k,t 0.085 0.084 0.084 0.083 0.059 0.165
(0.029)** (0.030)** (0.030)** (0.029)** (0.026)* (0.036)**

ln(#Claims)f,k,t 0.124 0.126 0.124 0.123 0.133 0.122
(0.015)** (0.015)** (0.015)** (0.015)** (0.013)** (0.014)**

%Self–Citesf,k,t −0.183 −0.166 −0.169 −0.165 −0.157 −0.240
(0.081)* (0.080)* (0.079)* (0.080)* (0.071)* (0.096)*

ZeroForwardCitesf,k,t −1.007 −1.009 −1.004 −1.008 −0.980 −1.013
(0.034)** (0.033)** (0.033)** (0.033)** (0.034)** (0.035)**

ZeroPubsf,t 0.203 0.222 0.194 0.123 0.210
(0.109) (0.108)* (0.095)* (0.084) (0.098)*

ln(MeanCiteLag)f,k,t −0.149
(0.025)**

Constant 0.802 0.736 0.709 0.769 1.350 0.878
(0.113)** (0.119)** (0.120)** (0.110)** (0.245)** (0.116)**

Observations 4723 4723 4723 4723 4723 4647
R-squared 0.55 0.55 0.55 0.55 0.52 0.56

Subscripts t (time), f (firm), k (patent class).
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two equations as reported in column (3) of both tables.23 Both of
these checks suggest that the two variables are in fact measuring
different attributes of the firms’ patented inventions.
he dependent variable is the natural log of the average number of citations receive
obust standard errors (clustered by firm) in parentheses; *significant at 5%; **signi
ll equations include year and technology class dummy variables.
quation 5 includes firm fixed effects.

table over time (Helfat and Peteraf, 2003), much of the variation of
nterest is likely to be between firms. With these caveats in mind,
esults of the specification included firm fixed effects (column 5
n Tables 4 and 5) are qualitatively similar to the results discussed
bove. Although the magnitude of the coefficients on publication
nd collaboration are reduced, both remain significant and negative
n the citation lag regression and the publication intensity measure
emains significant and positive in the forward citations regression.

A second concern with the interpretation of the analysis is the
ossibility that backward citation lags and number of forward
itations received may be measuring the same thing, rather than
roxying for pace of search and importance of resulting inventions,

s I suggest here. I evaluate this possibility in two ways. First, I
e-estimate both models including a control for the other depen-
ent variable. If they are essentially measuring the same thing, the
rm’s publication intensity and collaboration activity should have

ittle explanatory power once controlling for the other variable.
atents in the firm-class-year.
at 1%.

Results, reported in column (6) of each table, demonstrate that this
is not the case. Although the two dependent variables are certainly
related–shorter average backward citation lags are associated
with greater average importance–the results for the variables are
interest are not substantially changed. Second, I estimate a model
including both equations using Seemingly Unrelated Equations
(SUR) to account for possible correlation in the error terms across
the two equations. Results, not reported here in the interest of
space, are nearly identical to the independent estimation of the
23 SUR estimation does not allow clustering to account for non-independence of
standard errors within the firm, and the resulting standard errors are, as expected,
much lower because of this.
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. Limitations

Aside from these econometric concerns, the use of patent cita-
ion data carries its own set of limitations. Obviously, this analysis
s restricted to innovations that are patentable and that the firm
hooses to patent. For biotechnology and pharmaceutical firms,
atents are critical to competitive advantage and firms typically
rotect their innovations with patents. Firms in these industries
ely on patents more heavily than do firms in other industries, so
he use of patents as a proxy for innovations is more justified, but
y no means perfect.24

Although considerable prior research has used the prior art cita-
ions in patents to identify the knowledge being built upon and
race knowledge flows, patent citation data has the problem that

any citations are added by the patent examiner. Recent changes
n patent office policy allow identification of prior art citations that
re added by the patent examiner for recent patents. Sampat (2004)
nds that as many as 60% of the citations to patented prior art are
xaminer-added. Analysis of the patents in the technology classes
onsidered here for the year 2003 indicates that 38% of citations to
atent prior art are examiner added.25 In the analysis above, I use
hese citations to evaluate the age of the existing patented knowl-
dge being exploited in a firm’s new inventions. For this use, the
ource of the citation is less important because all citations reflect
f the age of the technology being developed (whether the firm
esearcher knew of that technology or not).

Finally, this empirical investigation focused on two sectors that
re notorious for their reliance on public science. Innovation in the
iotechnology and pharmaceutical sectors is closely tied to fun-
amental science research performed in biology and chemistry
epartments at universities. Other industries may have less use for
niversity-based research results, and so firms in these industries
ay not find research strategies aimed at acquiring such knowl-

dge to be as useful. However, there are several very interesting
ndustries for which university-based science is critical, and these
ndustries are often characterized by substantial new inventions.26

or example, the nano-technology industry was developed from
niversity-based science and innovation in this area continues to
e tied to basic research. Therefore, while the results should not be
arelessly generalized across industries, they may be particularly
pplicable to the dynamic, highly innovative areas of technology
hat are closely related to basic science. In addition, the general
esult that internal research and collaboration with researchers at
xternal knowledge sources assists knowledge transfer may apply
o knowledge transfer from other sources, such as research consor-
ia or other firms.

. Discussion and conclusion

This paper set out to test the implications of absorptive capacity-
enerating firm research activities for the search process for
nnovation. Search theory predicts that access to a superior knowl-
dge base, particularly of scientific knowledge, will result in more

fficient search for new inventions that arrives at better search
olutions. Results presented here demonstrate that investments in
nternal basic research and collaborations with university scientists
o in fact provide search benefits in terms of both the pace of inno-

24 Firms in the drugs and medical equipment industries report much stronger
eliance on patents as an appropriability mechanism than firms in other industries
Cohen et al., 2000).
25 This is consistent with Sampat’s finding that patents in the Drugs and Medical
ategory contain the lowest percentage of examiner added citations. I thank Bhaven
ampat for data on examiner added citations for this analysis.
26 In this discussion I use the term “industry” very loosely. Whether or not these
echnological areas constitute industries is arguable and unimportant here.
y 38 (2009) 255–267 265

vation and the importance of the results inventions. In addition,
there is evidence that these two research activities are most effec-
tive for generating efficient search when used together; Firms with
more internally developed research capabilities benefit more (in
terms of faster search) from collaborations, and firms with more
collaborations benefit more from their internal basic research (in
terms of more important inventions).

While broadly supportive of the expected benefits of internally
developed absorptive capacity and external research linkages, the
results also uncover some intriguing differences by considering
the timing of search outcomes in addition to the quality of out-
comes. Internal basic research provides search benefits on both
dimensions, while greater external collaboration provides bene-
fits in terms of the pace of search (especially when the firm also
possesses greater internal research capabilities) but does not inde-
pendently affect the quality of search outcome. Although more
work is necessary to examine this difference, it may reflect varia-
tion in how different types of knowledge are used in the innovation
process. For example, the firm’s own knowledge may be critical in
project selection–choosing which problems to attempt to solve. As
learning is cumulative and search is local in nature (Helfat, 1994),
the firm’s own research knowledge may largely determine the ini-
tial project selection. Project selection may be the primary driver
of the importance of the inventive outcome. If firms elect to pur-
sue incremental product improvements, for example, the resulting
inventions may be of lesser importance. Connections to external
knowledge sources, on the other hand, may be more important to
provide access to knowledge useful in guiding the solution process,
which would influence the efficiency of search. In addition, collab-
orations with external scientists may provide more timely access
to research knowledge, resulting faster search. This would certainly
be the case if firms with few collaborative connections only became
aware of university research after it was published.

Extending research regarding knowledge flows in networks,
such as Owen-Smith and Powell (2004), this work emphasizes
the importance of variation across the focal firm nodes. While, on
average, firms with more collaboration with external researchers
experience greater search efficiency, the effect is more pronounced
for firms that also have more internally developed research.
Research considering the impact of network structure on innova-
tive outcomes should consider that the effects of network structure
are likely to vary systematically as a function of focal firm charac-
teristics, such as absorptive capacity.

This work also adds to the small but growing literature on the
role of knowledge in the search for innovation in two ways. First,
existing work has considered the role of scientific knowledge in
determining only the importance of the resulting invention. This
work proposes that the theory relating to search is applicable also to
the speed with which firms are able to realize these inventions. Con-
sistent with theory, results here demonstrate that internal research
and external collaboration assist the search for innovation in terms
of the pace of innovation. Second, further analysis demonstrates
the important relationship between various aspects of the firm’s
research strategy. It also suggests a particular advantage associated
with externally developed knowledge, possibly as a way to over-
come the negative implications associated with overly-constrained
local search.

Beyond theoretical and empirical contributions to these two
literatures, this work has practical importance for managers. The
outcome measures employed here, the backward citation lag and
number of citations received, have been shown to be related to both

invention importance and firm economic performance measures.
Analysis of the patents in this sample indicates that, controlling
for other patent characteristics, shorter backward citation lags are
associated with a significantly higher number of citations received,
suggesting more important inventions. Deng et al. (1999) report
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esults indicating higher market to book ratios for drug compa-
ies whose patents have shorter median backward citation lags
nd receive more citations. Hall et al. (2005) demonstrate that firm
arket value is positively associated with the number of forward

itations received by the firm’s patents. Research activities asso-
iated with decreasing the backward citation lag and increasing
he number of forward citations received by patents should be of
trategic interest to firm managers.

There are multiple avenues for further research in this area. First,
his paper does not address the effects of environmental conditions
f the absorptive capacity-performance relationship. Environmen-
al factors, such as the appropriability environment, will determine
oth the optimal investment in absorptive capacity-building activ-

ties and the effectiveness of these activities in providing the
rm with a competitive advantage. The biopharmaceutical indus-
ry studied here is one in which intellectual property right are
otoriously strong. A similar study across contexts with varying

ntellectual property environments would be enlightening. Simi-
arly, the intellectually property rights environment with respect
o university researchers has changed considerably over time, and

ight also be an avenue for interesting study.
Further research might also explore the importance of the net-

ork structure of the linkages between university scientists and
rm researchers. Theory on strategic networks suggests that link-
ges to many network partners may increase the breadth and
ariety of information to which a firm has access, while strong
inkages to one or a few network partners may unproductively
imit a firm’s vision of alternatives (Gulati et al., 2000). Some work
n this area with respect to the networks of biotechnology firms
ocuments innovative and economic benefits of firm network ties
nly up to a certain threshold of network experience (Powell et al.,
999).

Finally, there is an opportunity for further research to contribute
eaningfully to the growing literature on incumbent firm response

o radical technological change. Pharmaceutical firms faced with
he disruptive and performance-enhancing research method of
rational” drug discovery adopted the technique at different times.
he firm’s rate of adoption has been related to the previous basic
esearch experience (Cockburn et al., 2000) and the recognition of
he technological change on the part of the firm’s senior managers
Kaplan et al., 2003). Results here suggest that collaborative inter-
ctions between the firm and university scientists may help the
rm build their scientific expertise and successfully adopt this new
cience-based approach to drug discovery. This is consistent with
ecent literature framing absorptive capacity as a dynamic capacity
f the firm (Cohen and Levinthal, 1994; Zahra and George, 2002).
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