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Abstract

This paper evaluates the impact of basic and applied research on innovation in two industries. Whereas innovation in the
pharmaceutical industry is closely tied to both basic and applied research, innovation in the semiconductor industry depends
mainly upon applied research. Surprisingly, many firms perform little basic research, but they produce many innovations.
Within each industry, firms pursue different R&D strategies: firms that emphasize basic research absorb more basic scientific
knowledge than those that emphasize applied research. These findings suggest that future research must carefully conside
how industry context and the composition of R&D mediate the relationship between research and innovation.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction whether research and innovation are as closely related
in other industries. Furthermore, we do not yet know
Technological change is the basis of economic whether this relationship differs for basic than for
growth Solow, 1957; Romer, 199Gand many tech-  applied research.
nological innovations depend upon scientific progress.  Assuming that a firm’s internal research enhances
Thus, the relationship between scientific research andits ability to innovate and to absorb external knowl-
innovation is an important one. Several theories sug- edge, we should expect research activity and inno-
gest that scientific research is linked to innovation vation to be correlated at the level of the firm. |
not just at the societal level, but also within firms. A explore the strength of this relationship for the semi-
firm’'s R&D efforts may directly improve its ability =~ conductor and pharmaceutical industries, during the
to produce innovationgJriliches, 1980 or indirectly period 1981-1997. Both of these industries are highly
help the firm to absorb outside knowledg€ohen science-intensive and exhibit high levels of spillovers,
and Levinthal, 1990 A number of empirical stud- so we should expect a strong link between scientific
ies support these theories (sBection 3. However, research and innovation.
much of the evidence comes from the pharmaceutical For each industry, | separately examine the rela-
and biotechnology industries; it remains uncertain tionship of basic and applied research to innovation.
| adopt the NSF definition of “basic” research as
that which seeks to understand a phenomena with-
" Tel.: 165-6874-1342. out specific applications in mind, while “applied”
E-mail addressk@kwanghui.com (K. Lim). research seeks to produce knowledge for a specific
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end-use {ISF, 2000. In reality, the distinction be-  the extent to which one variable is more concentrated
tween basic and applied research is often ambiguousthan another (se&ppendix B). In the pharmaceutical
(Stokes, 1997 Nonetheless, this serves as a useful industry, the E-G index reveals no surprise: pharma-
working definition. In the semiconductor industry, ba- ceutical firms that produce more basic research also
sic research includes efforts to understand solid-state produce more innovation, so the concentration of ba-
physics, quantum mechanics and basic chemistry, sic research is similar to that of innovation. However,
while applied research aims towards improving man- in the semiconductor industry, basic research is highly
ufacturing techniques and processes. In the pharma-concentrated, while innovation is widespread across
ceutical industry, basic research includes attempts to many firms. By itself, the fact that basic research is
reveal the mechanisms and processes of disease, whileoncentrated in the semiconductor industry is unsur-
applied research includes clinical trials, dosage test- prising: the scientists at the IBM Watson Laboratories
ing and information about product labeling. This is in and AT&T Bell Laboratories are famous for their ba-
line with the definitions used by the Pharmaceutical sic scientific work, and a number have even won the
Research and Manufacturers of America (PhRMA Nobel Prize. The surprise is that other semiconduc-
Profile 2001, pp. 12-13) and by academic scholars tor firms produce a large number of innovations, even
(e.g.Cockburn et al., 1999 though they perform very little basic research. These
Regression analysis is used to explore the relation- results persist when citations counts are used to adjust
ship between research and innovation. Each firm’'s for the quality of patents.
innovation output is measured using the number of There are many possible explanations for why
U.S. patents awarded to that firm, while research is basic research is highly concentrated relative to in-
measured using the number of articles it publishes in novation in the semiconductor industry. My inter-
scientific journals (measurement issues are discussedpretation is that semiconductor innovations depend
below). These journals are divided into “basic” and primarily uponapplied research. Hence, even firms
“applied” categories to give us an estimate of how that perform very little basic research can innovate
much basic and applied research is performed by eachbecause their applied research enables them to gen-
firm, albeit an imperfect one. Four different ways of erate patents and to absorb applied knowledge from
classifying “basic” versus “applied” journals are used, external sources. Circumstantial evidence supports
so as to account for different interpretations for what this interpretation. The patents awarded to semicon-
constitutes “basic” and “applied” research. ductor firms make many citations to applied research
The regression results show that in both industries, journals, but they make very few citations to basic
applied research is strongly correlated with innovation. research journals. This suggests a greater dependence
In the pharmaceutical industry, a positive coefficientis on applied research than on basic research. In contrast,
found between basic research and innovation, which is the patents of pharmaceutical firms cite basic research
consistent with prior research. However, in the semi- journals even more than they do applied research
conductor industry, basic researchigativelycorre- journals.
lated with innovation. This is surprising if we believe The analysis of patent-to-science citations reveals
that basic research improves a firm’s innovativeness another exciting insight. In both industries, the inten-
and helps it to absorb external knowledge. sity of basic research varies greatly. Moreover, firms
Further analysis reveals that in the semiconductor with a higher intensity of in-house basic research are
industry, many firms produce very little basic research, more likely to cite basic scientific journals than those
but they produce a large number of innovations. This with a lower intensity of in-house basic research. This
observation is empirically tested using a novel appli- suggests that different kinds of absorptive capacity
cation of the Ellison—Glaeser index, which measures exist, and that a firm’s absorptive capacity depends
upon the composition of its R&D: firms that em-
"1 Others have defined “basic” research along the dimensions of phasize b.aSIC .res.e.arCh (IBM, AT&T, M.eer) absorb
originality, autonomy, length of time between discovery and use, more basic scientific knowledge than firms that em-

motivation of researcher, institutional affiliation of researcher, and Phasize applied research (e.g. Motorola, Toshiba, Elan
source of funding (se&tokes, 1997p. 7, for a review). Pharmaceuticals).
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This paper makes several contributions to the liter- innovation is closely related to basic and applied
ature on innovation. Firstly, it shows that the relation- researchSection 5delves deeper into the analysis,
ship between research and innovation is contingent using the Ellison—Glaeser Index to test if either ba-
upon the industry and type of research involved. This sic or applied research is more highly concentrated
study reinforces prior findings of a strong link between than innovation in each industrection 6discusses
basic research and innovation in the pharmaceutical possible interpretations of the results, along with the
industry, while showing that the same does not apply limitations of this studySection 7concludes.
in the semiconductor industry. Secondly, it suggests
that absorptive capacity is a subtle concept, and that
different types of absorptive capacity may exist. Basic 2. Scientific research and innovation
research helps a firm absorb external basic research,
while applied knowledge helps afirmto absorb applied  The section begins with a review of prior studies
knowledge. Thirdly, this paper makes several method- exploring the relationship between research and inno-
ological contributions. It presents the first estimates vation, and then examines the nature of research in
for the concentration of basic and applied research rel- the context of the pharmaceutical and semiconductor
ative to innovation using a comparable methodology industries.
across industries. The fact that basic research is con- Among the many factors that influence a firm’'s
centrated in the semiconductor industry is itself unin- performance, perhaps the most crucial is its ability to
teresting, but we learn something new by coupling this innovate. Empirical evidence suggests that a firm's
fact with the realization that innovation is widespread. research effort, when combined with conventional in-
The Ellison—Glaeser index offers a formal model puts, has a profound influence on its productivity (e.g.
for making such comparisons, controlling for several Griliches, 1980; Hall, 1996 As shown inFig. 1, a
competing explanations. Finally, this paper provides firm’'s research activities can contribute directly to its
statistical evidence that publication counts are a valid innovative capability, or it can contribute indirectly by
measure of a firm’'s research output, and explores enhancing the firm’s absorptive capacity, which is the
ways of decomposing this research into basic and ap- ability to “recognize the value of external informa-
plied categories using different journal classification tion, assimilate that information, and then apply it to
schemes. commercial ends”@ohen and Levinthal, 1990Due

In the next section, | discuss the relationship be- to the cumulative nature of scientific progress, inno-
tween a firm's internal research and its level of in- vation may lead to new researc8ootchmer, 1991
novation. Section 3describes the dataset, variables as is represented by the dotted lineFig. 1L When
used, and measurement issugsction 4presents the  such feedback occurs, it reinforces the link between
regression analysis for exploring the extent to which research and innovation.

Research activity = Innovation OQutput
(Journal Publications) (US patents)

e Basic

e Applied

\

Absorptive Capacity

.

Fig. 1. Basic research, applied research and innovation.

External Knowledge
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The benefits of research to a firm’s innovative ca- Lane and Lubatkin (1999)and Zucker and Darby
pacity are derived not only from applied research, (1995) The need to develop absorptive capacity may
but from basic research as welMénsfield, 1981; be quite important because a great deal of knowledge
Griliches, 198%. According toRosenberg (1990)a exists outside the firm, especially given the crucial role
firm that performs basic research may benefit from that universities play in creating new knowledge.
first-mover advantage, unexpected innovations arising  Unfortunately, the literature on absorptive capacity
from the research, credibility in contests for govern- does not deal satisfactorily with how much of basic
ment contracts, an improved ability to select areas of and applied research are needed to absorb spillovers.
applied research, and an improved ability to evaluate This is an important question because investing in ba-
the outcome of applied research. sic and applied research is costly and often irreversible.

Despite the potential benefits, firms may be reluc- Existing theories assume that some basic research is
tant to invest in research. This is because the knowl- necessary, based on the notion that knowledge is tacit
edge produced by R&D is like a public good, which and that a firm has to be involved in an activity to
spills easily from the innovating firm to other com- understand or exploit relevant knowledg&ofiaka,
panies that can free ride on its effortdelson, 1959; 1994; Leonard-Barton, 199%hapter 6)Cohen and
Arrow, 1962. There are two kinds of spillovers, the Levinthal (1990)speculate that “firms may conduct
first being the mispricing of factor inputs, and the basic research less for particular results than to be able
second being the inability of firms to fully appropriate to provide themselves with the general background
the economic benefits of the knowledge they produce knowledge” that would help them exploit technolog-
(Mohnen, 1994; Griliches, 1992Mispricing merely ical advances more effectively (p. 148). Hence, “as a
creates measurement problems, while weak appro-firm’s technological progress becomes more closely
priability is critical because it alters the incentives tied to advances in basic science (as has been the
of firms to invest in researchGfiliches, 1992. All case in pharmaceuticals), a firm will increase its ba-
else being equal, the benefits from basic research aresic research, whatever its degree of product-market
harder to appropriate than applied resedrdthere- diversification”. It remains unclear how important ba-
fore, firms may be more reluctant to invest in basic sic and applied research are for absorbing external
than in applied research. knowledge. In the remainder of this section, | examine

Several researchers have questioned whether knowl-the role of research in the pharmaceutical and semi-
edge spillovers occur as easily as portrayed by Nelson conductor industries. The view that emerges is one in
and Arrow.Cohen and Levinthal (1989, 199@jgue which the roles of basic and applied research are heav-
that especially when learning is difficult, firms may ily shaped by firm-level characteristics (economies of
need to invest in R&D in order to effectively absorb scale and scope) and the conditions within each in-
external knowledge. This prediction is broadly con- dustry (the strength of intellectual property protection,
sistent with empirical datalaffe (1986, p. 993jpund the role of universities and consortia, and the level of
that the interaction between a firm’s R&D expenditure technological maturity).
and spillovers is strongly correlated with the firm's
performancé. Other studies have found evidence that 2 1. pharmaceuticals and biotechnology
performing research helps a firm to absorb external

knowledge, includingsambardella (1992Henderson Prior research shows that a strong link exists
and Cockburn (1996Arora and Gambardella (1994)  petween basic research and innovation in the phar-
maceutical and biotechnology industries. According
2 A firm's appropriability from innovation is also affected by to Gambardella (1992)the more basic research a
its size and access to complementary asdetsitf et al., 1987; pharmaceutical firm performs, the more patents it

Teece, 198\ . “ .
3 In contrast,Levin and Reiss (1988jlo not assume that a prOduceé' He points out the winning models of the

firm's research interacts with knowledge spillovers to increase

productivity. They propose that if a firm’s own R&D and that 4 However, it is inconclusive from this study whether research-in-
of its rivals are strategic complements, an increase in spillovers tensive firms produced more patents because they are better at cap-
might actually increase each firm's R&D expenditure. turing spillovers or because they have higher research productivity.
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U.S. pharmaceutical industry during the 1980s were and positive impact on the research productivity of
firms like Merck, which organized their internal re- biotechnology firmsZ{ucker and Darby, 1995
search like academic departments” (p. 4@Hckburn As a result of the direct and indirect benefits men-
and Henderson (1998)und that drug discovery firms  tioned above, pharmaceutical companies engage heav-
with a strong research orientation produced a greaterily in basic research. The research produced by these
number of important patents. According to them, suc- firms is of tremendously high quality and is cited as
cessful firms decentralized decision-making on the widely as that from NIH-supported medical schools
allocation of R&D resources and promoted scientists (Koenig, 1982)
based on their publications in the open literature.

For firms that develop new drugs, investing in basic 2 2. Semiconductors
research brings tangible benefits. Firstly, the nature of

knowledge is unique in the Pharmaceutical Industry.  jygt like the pharmaceutical industry, the semicon-
Unlike in many other f|eI§is, medical research seeks a ductor industry is highly dependent upon scientific
fundamental understanding of phenomena and yet is preakthroughs. In order to learn more about the roles
motivated by practical goalSfokes, 199y Secondly, o pasic and applied research in this industry, I inter-

appropriability is very high in the pharmaceutical in- - yjewed a dozen researchers and managers at semicon-
dustry. Patent protection is extremely effectie\in ductor firms in 1998 and 1999. From my fieldwork,

et al., 1987 and the rate of imitation is slower for j; is not apparent whether basic research is as closely
ethical drugs than for other productdnsfield et al., linked to innovation in this industry as in the phar-

198). Thirdly, the industry has high entry barriers  aceytical industry. Many of those interviewed were
because buyers have low bargaining power, becausegyick to point out that the basic research performed
drug development is a complex process requiring ot ATET's Bell Laboratories is crucial to that firm's
specialized knowledge, and because extensive humanypjity to commercialize new technologies. Yet others
trials are needed to satisfy regulatory requirements yere skeptical that basic research is really necessary.
(Pisano, 1997pp. 55-57). The link between drug Firstly, the basic research upon which the semiconduc-
dls_covery and basic science has mcrea_tsed over timeyq industry is based was developed many decades ago
(Pisano, 1997; Cockburn et al., 199%irms have  (\acher etal., 199%. 273). According to researchers
moved away from randomly screening a large num- 334 managers at semiconductor firms, much of the
ber of potentially useful compounds, towards a more fnqamental knowledge required is readily available
systematic approach called *rational drug design”. from hooks, conferences, journals and equipment sup-
This involves exploiting knowledge about the bio- pjiers. Secondly, appropriability is weak in the semi-
chemical mechanisms causing a disease to identify congyctor industry because patents provide very little
or.develop chemicals that inhibit suc_h mechamsms protection Hall and Ziedonis, 2001 this was true for
(Pisano, 1997p. 64). Firms are beginning to use a5 |ong as the industry has existéelatherty, 1984;
biotechnology as a process 'technology as well as aTijjgn, 1971). The wide diffusion of basic knowledge
research tool to improve their search for new drugs 5n4 jow appropriability in this industry result in low

(Cockburn et al., 199%p. 379-381). entry barriers, as is consistent with the large number
In addition to the direct benefits, basic research also o new firms entering the sample (sBection 4.

helps pharmaceutical and biotechnology firms to ab-  gemiconductor companies spend vast sums of
sorb external knowledge. Encouraging such researchmoney on R&D° However, most of this R&D is
activity allows a firm to hire high-quality researchers applied rather than basic, including the search for
and to develop strong social networks, so that they are now materials (e.g. low-dielectrics, copper inter-
“actively connected to the wider scientific community” connects), new process technologies, and better tools

(Cockburn and Henderson, 1998 158). The ability a9 methodologies for designing circuits. In part, this
to hire highly talented researchers is underscored by

research on “stars’, or scientists who produce many s In the year 2000, U.S. firms invested US$ 14 billion in R&D,

papers, are highly cited, and collaborate heavily in yepresenting 14% of sales (Source: Semiconductor Industry Asso-
public science. Employing star scientists has a large ciation website).
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is because semiconductor products are “systemic” in by Rosenberg (1990) such as improved cognition and
nature Hall and Ziedonis, 2001 involving hundreds  the ability to exploit unexpected innovations. Intel—
of interwoven design and process steps. As such, out-highly successful but narrowly focused in the micro-
put yields are sensitive to minor changes in design processor market—eschews research laboratories. Ac-
and process parameters. Any breakthrough in basic cording to Intel co-founder Gordon Moore, “We don’t
research would require a great deal of effort to com- have a separate R&D laboratory. the development
mercialize because it has to be carefully incorporated work is done right on the manufacturing flooddlinek
into the rest of the process. In such an environment, and Schoonhoven, 1990. 295). Intel spends heavily
investments in process technologies and tacit, em- on development but performs little basic research, ex-
bedded knowledge are better ways of competing than ploiting spillovers by investing in research at univer-
basic research. sities and research consortidore, 1996 p. 170).
While the direct benefits of basic research might  The short survey presented here shows that the rela-
be low, surely firms must depend on basic research tionship between research and innovation is a complex
to overcome new technical challenges? Prior researchone. Outside the pharmaceutical and biotechnology
shows that knowledge spillovers are critically impor- industries, there are few conclusive studies showing
tant in the semiconductor industryéwery, 1983; a strong link betweemasic research and innovation
Appleyard, 199% But, unlike firms in the pharmaceu- at the level of the firm. Indeed, the relationship be-
tical industry, semiconductor firms may be able to rely tween science and spillovers is highly complex, and
on other mechanisms to develop absorptive capacity varies across time and between technolodidswery
instead of performing their own basic research. Anin- and Rosenberg, 1989. 147). Empirical research is
teresting feature of the semiconductor industry is the needed to discover whether the lessons learnt in the
strong presence of institutions such as the Semicon- pharmaceutical and biotechnology industries apply
ductor Research Corporation, International Sematech, elsewhere. This paper takes a step in that direction,
MARCO and SELETE. These institutions combine by comparing and contrasting the nature of science
the resources of industry players. They invest those and innovation in two industries that the author is
resources in pre-competitive research at universities, familiar with: pharmaceuticals and semiconductors.
convert the output into practical knowledge, and dif-
fuse the results. The presence of such institutions re-

duces the need for individual firms to invest in their
own basic research.

Apart from these institutions, labor mobility is an-
other important mechanism for spillovers to occur in
the semiconductor industrirRpsenkopf and Almeida,
2003; Tilton, 1971; Wilson, 1980 Individuals move
frequently across organizational boundaries, bringing
with them the knowledge embodied in techniques and
processes. In fact, the diffusion of basic and applied
research through labor mobility is responsible for
the very existence of this industry. William Shock-
ley, one of the three inventors of the transistor, left
Bell Laboratories to form his own company. Subse-
qguently, key personnel left Shockley's company to
form Fairchild Semiconductors, which spawned Intel
Corporation and much of the Silicon ValleRiprdan
and Hoddeson, 1997

In such an environment, it is likely that only large
and diversified firms such as IBM and AT&T can re-
ally capture the benefits of basic research identified

3. Data and measures

The sample consists of all major semiconductor and
pharmaceutical firms worldwide between 1981 and
1997 (data were available in electronic format for this
time period). The construction of this dataset is de-
scribed inAppendix A which also contains a list of
firms included in the sample. For the semiconductor
sample, “fabless” firms are excluded as they focus
on designing circuits and do not actually manufacture
their own semiconductor chips. The number of semi-
conductor firms in the sample was 49 in 1981, but it
grew to 81 firms in 1997 due to the entry of new com-
petitors. The number of pharmaceutical firms in the
sample was 35 in 1981, but shrank to 30 firms in 1997,
as several of the firms merged. The contrast between
the semiconductor and pharmaceutical industries hints
at different competitive dynamics at work.

In the remainder of this section, | discuss how |
measured the basic research, applied research and
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Table 1

U.S. Patent Classes relevant to each industry

Semiconductors Pharmaceuticals

156/345: Film deposition 424 Drug, bio-affecting and body treating compositions

257: Active solid-state device®.g. transistors, 435: Chemistry: molecular biology and microbiology
solid-state diodes

327: Miscellaneous active electrical nonlinear devices, 436: Chemistry: analytical and immunological testing
circuits, and systems

330: Amplifiers 514 Drug, bio-affecting and body treating compositions

331: Oscillators 530: Chemistry: natural resins or derivatives; peptides

or proteins; lignins or reaction products thereof
365: Static information storage and retrieval 585: Chemistry of hydrocarbon compounds

438 Semiconductor device manufacturing: process
711: Electrical computers and digital processing
systems: memory

Note The most important patent classes are shown in italics.

innovation produced by each firm. Measuring these available. In this paper, | measure each firm’s innova-
variables is necessary in order to empirically test the tion output as the number of patents it is awarded.
relationship among them. One of the biggest concerns about using patent data
is that the economic value of patents is highly skewed
(Griliches, 1990; Harhoff et al., 1999Researchers
have begun to use the number of citations that a patent

. . receives as a proxy for its true valuddll et al., 2000;
Patents are often used to measure innovation OUt'FIeming and Sorenson, 2001n line with this ap-

put because an idea must be sufficiently novel to
qu_alify for patent protectio_n. There is some basis for op siness of my empirical results.

using patents this way, since the number of patents  patent data for each firm in the sample were ob-
awarded to aflrr_n correlates with its R&D investments (-ineq from the U.S. Patent Office. Firms in both
(Pakes and Griliches, 1984ales from new products

3.1. Patents as a measure of innovation output

proach, citation-weighted counts are used to verify the

N he timi ¢ industries are involved in multiple businesses—
(Comanor and Scherer, 1968nd the timing of new  gemjiconductor firms also make electronic, computer,

innovations Basberg, 198f Patents also strongly  4ng telecommunications products while pharmaceu-
correlated with expert rankings of the technological ica) companies also produce industrial chemicals,
capability of firms Narin et al., 198). Nonetheless, o gonal-care products and hospital supplies. In or-
the use of patent data for measuring innovation is far yer o restrict the analysis to innovations directly
from ideal Griliches, 1990. Many inventions are not  g|ateq to the semiconductor and pharmaceutical in-
patentable because they fail to meet the criteria of be- dustries, | include only patents that fall within the
ing sufficiently novel, useful and non-obvious. Other | g patent Classes listed Fable 1 | call these
inventions may not be patented because the inventor« q|avant patents®. The patent classes ifiable 1

relies instead on secrecy or other means of protecting,\are chosen with reference to the USPTO Technol-
intellectual property Basberg, 198) Inventors may 4 profile Reports (TAF3290P for semiconductors

also be deterred by the high cost, uncertainty and 5,4 TAF3250P for pharmaceuticals) and by manually
information disclosure requirements associated with examining several hundred patents in each industry.

obtain_ing a patent. Despite thgse diffi_culties, patents  Between 1981 and 1997, the semiconductor firms
are widely used to measure innovation output (for j, the sample received 46,436 relevant patents while

recent studies, se@huja, 2000; Hall and Ziedonis,  {he pharmaceutical firms obtained 22,916 relevant
2001; Fleming and Sorenson, 2Q01nnovation is

mhgrently d|ff|c_u_lt to_ measure ar_1d firms ar_e reluctant ~ Most patents fall into more than one patent class; | include a
to divulge sensitive internal metrics to outsiders. Thus patent in the sample if it is listed in at least one of the patent
patents, however imperfect, are often the best measureclasses irrable 1
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Table 2

Descriptive statistics

Variable (per firm per year) Average S.D. Median Minimum Maximum

Semiconductors
No. of relevant patents 41 68 12 0 420
No. of basic research articles (JCRBasl) 16 57 0 0 510
No. of applied research articles (JCRBa®) 64 134 10 0 918
No. of articles co-authored with academic and 26 68 4 0 624

public-sector laboratories

Pharmaceuticals
No. of relevant patents 40 35 31 0 236
No. of basic research articles (JCRBasl) 36 49 16 0 294
No. of applied research articles (JCRBa) 88 92 62 0 560
No. of articles co-authored with academic and 67 84 37 0 574

public-sector laboratories

patents. On average, each semiconductor firm re- publicly funded research laboratorieMdrtin and
ceived 41 relevant patents per year, while each phar- Irvine, 1983; Stephan, 1998 Publication data have
maceutical firm received 40 patents per year (see also been used to measure the scientific output of
Table 2. Relevant patents comprise one-fifth of all firms and track the flow of knowledg&¢enig, 1982;
patents awarded to the semiconductor and pharma-Gambardella, 1992; Hicks, 1996; Appleyard and
ceutical firms, respectively; many patents do not fall Kalsow, 1999; Gittelman and Kogut, 2003 he va-
within the relevant patent classes. Fortunately, the lidity of using publication data is discussed later in
reader need not be concerned that my choice of rel- this section.

evant patent classes might bias the results towards Data on the scientific publications of each firm
certain kinds of products or innovations. The em- between 1981 and 1997 were obtained from the ISI
pirical results are robust even if we include a broad Science Citation Index (SCI). Only original research
range of patent classes other than thos@ahle 17 articles were included; | eliminated meeting notes,
In fact, the results persist if we includevery single review articles and book reviews. The SCI is an ex-
patent class in which these firms are awarded patents,cellent source because it covers a broad range of basic
hence covering their entire portfolio of innovations and applied scientific journals. Moreover, it lists up

(seeSection 3. to 255 authors and addresses for each public&tion,

unlike other databases, which only include the institu-
3.2. Publications as a measure of basic and tional affiliation of the first author (e.g. Compendex,
applied research INSPEC and Biosis). However, the SCI does not indi-

cate which authors are associated with each address,

| measure each firm’s research output as the num- SO it is impossible to weight each published article by
ber of articles it published. One of the most important the number of authors from each firm. I, therefore,
ways that scientists use to establish their reputations is@dopt the following convention: if a firm is listed in a
by publishing their researcis{ephan, 1996. 1201). published article, | add one to the number of articles
As such, publication data have been widely used for
measuring the output of scientists at universities and
_ 8 Many excellent studies using publication data appear in the

7 Pharmaceutical firms also receive numerous patents for organic journal Scientometrics

compounds (Patent Classes 532-570), but these were excluded ° Source: personal communication with S| staff. In the sample,
because many organic compounds are unrelated to pharmaceuticalseach article by semiconductor firms had between 1 and 51 authors
(e.g. industrial solvents, petrochemicals, agrochemicals). Including with a mean of 1.8. Each article by pharmaceutical firms had
these patents does not qualitatively change the results. between 1 and 243 authors, with a mean of 2.2.
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published by that comparl{).For articles with authors
from multiple firms, this procedure fails to account
for the different levels of effort contributed by each
firm. Fortunately, the problem is not severe, as only a
small number of articles have authors from multiple
firms (of the 90,365 articles in the semiconductor
industry, only 1117 had authors from more than one
firm; the corresponding number for the pharmaceuti-
cal industry was 1679 out of 86,637).

A method is needed to determine how much of
a firm’s research activity is basic, and how much is

journals into “JCR categories”. | classified some of
these as “basic” and others as “applied” based on
the NSF definition of basic research (see page 1).
The result is shown ifTable 3 For pharmaceuti-
cals, “basic” JCR categories include biochemistry,
molecular biology, and genetics; for semiconduc-
tors, these categories include pure physics, math-
ematics, and chemistry. Each article was analyzed
and the variabldCRBasset to 1 if it was published

able 3

applied. | classify each research article as “basic” or cjassification of journal categories into “basic” and “applied”

“applied” based on thgournal in which the article
is published This makes the classification scheme

JCR journal category

SemiconductaPharmaceutical

. industry industry
tractable because there are many more articles than — - -

. . L . - All Clinical Medical Journals  -U- Applied
there are journals. The price paid is the inability Biochemistry and Molecular  -U- Basic
to capture heterogeneity among papers within each giology
journal. Fortunately, recent research suggests that theBiology -U- Basic
influence of an article is determined much more by Biophysics -U- Basic
the characteristics of the journal it is published in than ¢!l Biology U Basic

. . Chemistry, Analytical Applied Applied
of the article |tsglf_(/ar_1 Dalen and Henker)s, 2001 ~ Chemistry, Applied Applied Applied
Moreover, SpeCIallzatlon occurs among journals In Chemistry, Inorganic and Applied -U-
most disciplines. Thus, it is usually possible to distin-  Nuclear
guish an applied journal oriented to solid-state engi- Chemistry, Medicinal -U- Applied
neers from a basic science journal aimed at quantum Shemistry, Organic U Applied

icistsLl Chemistry, Physical Basic -U-
phySICISt_ : o Chemistry Basic -U-
Four different schemes are used to classify journals engineering (Electrical, Applied -U-
into “basic” and “applied” categories. This helps to  Chemical and Nuclear)
overcome the shortcomings of relying on only one Genetics and Hereditary U- Basic
scheme, and it also allows for different interpretations ™Maternal Science Applied -U-
. “ - Mathematics, Applied Applied -U-
of what constitutes “basic” research. The schemes are\;athematics, Miscellaneous  Applied U-
as follows: Mathematics Basic -U-
e The JCRBasscheme: The Science Citation Index MTS:S;; General and v Applied
publishes a Journal Citation Report, which places wmedicine, Research and -U- Basic
R Experimental
10 gpecial care was taken when dealing with university laborato- Microbiology -U- Basic
ries having similar names as these firms. Wrongly attributing uni- Multidisciplinary Science Basic Basic
versity publications to a company can distort the results because Physics, Applied Applied -U-
universities are a major locus of basic research. Several laborato- Physics, Atomic, Molecular ~ Basic -U-
ries are owned by companies but located on university campuses and Chemistry
(e.g. Lilly Laboratory at Indiana University). Others are named Physics, Condensate Matter Basic -U-
after family trusts unrelated to the business (Wellcome, DuPont). Physics, Mathematical Basic -U-
Such cases were identified by searching the web pages of uni- Physics, Miscellaneous Applied -U-
versities and companies involved and by contacting them where Physics, Nuclear Applied -U-
necessary. In the small number of cases where uncertainty could Physics, Particles and Fields Applied -U-
not be resolved, the observation was dropped. Physics Basic -U-

11 Some journals are highly multidisciplinary and cover both ba-
sic and applied research, includibature and Science Multidis-

.. Other categories

ciplinary journals are classified as “basic” because this adds a con- Notes -U- indicates an unrelated field. Categories not shown are
servative bias against finding that basic research is concentrated. either applied or unrelated.
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Table 4

Journals with the highest number of publications (1981-1997) by companies in the sample

Basic journals (JCRBas: 1) No. of publications

Applied journals

No. of publications

Semiconductors

Phys. Rev. B 2956
Phys. Rev. Lett. 2336
Surface Sci. 937
Physica C 834
J. Chem. Phys. 776
Inst. Phys. Conf. Series 743
Solid State Commun. 621
Chem. Phys. Lett. 408
J. de Physique 395
J. Phys. Chem. 393
Physica B 384
Science 280
J. Am. Chem. Soc. 277
Phys. Rev. A 265
Nature 231
Total 11836
Pharmaceuticals
J. Biol. Chem. 1925
Bioorg. Med. Chem. Lett. 1285
Proc. Natl. Acad. Sci. U.S.A. 1080
Biochem. Biophys. Res. Commun. 1053
Biochemistry 890
Ann. New York Acad. Sci. 588
FEBS Lett. 534
Biochem. Pharmacol. 522
J. Am. Chem. Soc. 510
Life Sci. 498
Biochem. J. 435
Curr. Ther. Res. 429
J. Chem. Soc. 415
Helvetica Chim. Acta 412
Nature 387
Total 10963

Appl. Phys. Lett. 6432
J. Appl. Phys. 4961
Electronics Lett. 3695
IEEE Trans. Magnetics 2387
J. Vacuum Sci. Technol. B 2201
IEEE Trans. Electron Devices 2114
Jpn. J. Appl. Phys. 1 2100
J. Electrochem. Soc. 1824
Jpn. J. Appl. Phys. 2 1785
J. Crystal Growth 1744
IEEE J. Solid State Circuits 1617
IEEE Photonics Technol. Lett. 1369
J. Lightwave Technol. 1255
J. Vacuum Sci. Technol. A 1218
IEEE Electron Device Lett. 1092
35794
Tetrahedron Lett. (see note) 2255
J. Med. Chem. 2017
J. Pharmacol. Exp. Therapeut. 1292
J. Antibiotics 1118
Antimicrob. Agents Chemother. 994
Eur. J. Pharmacol. 960
J. Cardiovasc. Pharmacol. 796
J. Immunol. 782
J. Chromatogr. 615
Tetrahedron (see note) 589
J. Pharmaceut. Sci. 576
Pharmaceut. Res. 568
J. Antimicrob. Chemother. 541
Int. J. Pharmaceut. 518
Cancer Res. 497
14118

Note The empirical results are the same using the CHI classification schépper{dix Q, under whichTetrahedronand Tetrahedron

Lettersare “basic” journals.

in a journal within a basic JCR categofiable 4
shows the top basic and applied journals in each
industry based on this scheme.

e The CHIbasscheme: a journal is “basic” if it has
a highbasic science scoras assigned by CHI Re-
search (a private company that specializes in eval-
uating the quality of intellectual property).

e TheHilPF scheme: ajournal is “basic” if it isighly
cited by published articles. One view of applied re-
search is that it builds upon the foundation laid by
basic scientific breakthroughs. Assuming that au-

thors cite the knowledge that they rely upon, it is

possible that basic research articles will end up more
heavily cited than applied ones.

e TheHiAcadscheme: a journal is considered “basic”
if it has a large number of academic authors.

The main text of this paper reports the results using
theJCRBasschemeAppendix Cfurther describes the
other schemes, and shows that the empirical results
are essentially unchanged if we use any of the three
alternative schemes.
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Table 2presents descriptive statistics. The average As well, papers that are submitted to the same jour-
pharmaceutical firm is more publication-intensive nal are put through the same peer-review process, so
than a semiconductor firm, with more basic publica- publications may be more comparable across firms
tions, applied publications, and articles co-authored than expenditure data.
with academic and public sector laboratories. It also  In order to explore the validity of publication out-
has a larger proportion of its publications in basic re- put as a measure of research activity, | regressed each
search journals (29% for pharmaceuticals versus 20% firm’'s publication output against R&D expenditure
for semiconductorsy? The standard deviations are and sales (to control for firm size). Data for this anal-
higher for semiconductors than for pharmaceuticals, ysis were obtained fronCompuStatfor the period
indicating greater heterogeneity among semiconductor 1981-1997. R&D expenditure and sales figures were

firms. available only for 41 semiconductor and 13 pharma-
ceutical firms. Each regression was performed with
3.2.1. The validity of using publication data and without firm fixed-effects and in each case, the

There are several limitations of using publication coefficient for R&D expenditure was positive and sig-
data. Not all research is submitted for publication. nificant. The results of the fixed effect regressions are
And even if a research article is submitted to a journal, shown below, with standard errors in the parentheses:
it might end up being rejected. The use of publication . o
data to measure scientific output is probably more Semiconductors : kpublications
guestionable for firms than for academic institutions: = 1.9 4+ 0.95In(R&D) — 0.55In(Sale$
firms have less of an incentive to publish their work 9 (01D (01D
as this involves disclosing potentially valuable infor-
mation and because patents cannot be awarded for
ideas that have already been published. These con-
cerns should be treated seriously because in contrast
to patent data, little work has been done to validate ~ Thus, there is a strong correlation between publi-
the use of publication data to measure private-sector cations and R&D expenditure, even after controlling
research output. for the size of the firm and firm heterogeneity. The

An alternative way to measure the research activity fit of the data were also high, with @R-squared of
of each firm would be to use data on R&D expendi- 0.90 for semiconductors and 0.88 for pharmaceuticals.
ture. However, theompositiorof such data into basic The positive and significant coefficients estimated for
versus applied categories is generally not available R&D expenditure lends credence to the use of publi-
at the business unit levé}. Several researchers have ~cations as a measure of R&D activity within the firm.
painstakingly obtained such data through interviews
and surveys (e.dMansfield, 1981; Ernst, 1998How-
ever, the firms | approached were generally unwilling
to share such sensitive information. In any case, each
firm and industry has a different way of accounting
for “basic” versus “applied” research expenditure
(Mansfield, 198). In contrast, publication data are
publicly available, both for publicly traded compa-
nies and privately owned ones, and thus verifiable. Innov = o 4 1BasReg + B2AppReg + Bat + &

- 1
12 The semiconductor firms in the sample published 72,449 rele- ( )
vant applied research articles and 17,916 basic articles. The phar-ywhere Innoy;: firm j’s innovation output in yeat;

maceutical firms published 61,458 applied and 25,179 basic re- BasReg' firm j’S basic research activity in yedy
search articles. ’

13 The NSF provides data on R&D expenditures at the level of AppRe_§-,Z firm J S app_lled res_ear,Ch acFMty n ye‘?r
each industry, but not the firm (sééational Science Foundation, As discussed iSection 2a firm’s basic and applied
1999. research should improve its ability to innovate, both

Pharmaceuticals : (publication$

= —-11 + 0.49In(R&D) + 0.34In(Sale$
0.7 (0.10) (0.15)

4. Regression analysis

Regression analysis is used to explore the extent to
which basic research, applied research and innovation
are related. The following reduced-form equation is
estimated:



298 K. Lim/Research Policy 33 (2004) 287-321

Table 5
Pair-wise correlation coefficients
Variable (per firm per year) Patents Basic  Applied Applied research  Applied research  Year
research  research  (5-year lag) (5-year lag)

Semiconductors

No. of relevant patents 1.00

No. of basic research articles (JCRBasl) 0.38 1.00

No. of applied research articles (JCRBa®)) 0.48 0.87 1.00

No. of basic research articles (5-year lag) 0.37 0.85 0.75 1.00

No. of applied research articles (5-year lag) 0.47 0.75 0.88 0.87 1.00

Year 0.24 0.01 0.01 0.06 0.07 1.00
Pharmaceuticals

No. of relevant patents 1.00

No. of basic research articles (JCRBasl) 0.54 1.00

No. of applied research articles (JCRBa®)) 0.57 0.92 1.00

No. of basic research articles (5-year lag) 0.47 0.70 0.60 1.00

No. of applied research articles (5-year lag) 0.52 0.63 0.64 0.89 1.00

Year 0.35 0.32 0.32 0.26 0.26 1.00

because of the productivity benefits and as it increasesa firm correlates with its basic and applied research
the firm’s absorptive capacity. Hence, we should ex- publications. The variable for “lagged basic research”
pect the estimated values @f and 82> to be posi- is highly correlated with its unlagged value, so these
tive and significant. The magnitude gf shows the variables are not used within the same regression (the
strength of the relationship between basic research andsame situation arises for applied research). There is
innovation, whileg, shows the strength of the rela- also a high correlation between basic and applied re-
tionship between applied research and innovation. The search, raising concerns about multicollinearity. How-
estimation of these coefficients separately is an im- ever, multicollinearity does not bias the estimates of
portant contribution of this paper. An additional term, B1 and g2, but only affects the precision with which
Bat, is used to control for time trends. standard errors may be estimated. In this study, the
The model is estimated using several approaches.problem is partly mitigated by the large sample size,
Ordinary Least Squares (OLS) is used to estimate the which improves the precision of the estimated stan-
baseline model iq. (1) A fixed-effects modelisalso  dard errors § = 1129 for semiconductorgy = 571
estimated, in order to take into account firm hetero- for pharmaceuticals).
geneity. This is important because many factors may Tables 6 and Bhow the regression results for the
vary across firms (profitability, product lines, manage- semiconductor and pharmaceutical industries respec-
rial practices towards research, etc.); a fixed-effects tively. For the semiconductor industry, the coefficient
model helps to control for these differences. Pois- for applied research is positive and significant (for the
son and negative binomial specifications are also esti- OLS model 8> = 0.31). The estimated coefficient for
mated, so as to account for the fact that patent countsbasic research isegativeand significant (for OLS,
are non-negative integersl@usman et al., 1984The B1 = —0.19). This is quite surprising and will be fur-
use of Poisson models has become standard practicaher explored in the next section. To check for multi-
for analyzing patent data (eldall and Ziedonis, 2001;  collinearity, | computed the Variance Inflation Factor
Ahuja, 2000. In order to account for time lags be- (VIF) for each variable. As a rule of thumb, multi-
tween research and innovation, the regressions werecollinearity is suspected if VIF values above 10 are
also performed using lagged independent variables. observed* For semiconductors, the VIF values for
Table 5presents pair-wise correlation coefficients. basic and applied research were both only around 3.9,
Due to the large sample size, all the correlations are
statistically significant at 5%. The table shows that 14 seewww.princeton.edutslynch/OLDCLASSES/
in both industries, the number of patents received by Multicollinearity.doc
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Table 6
Semiconductor firms (dependent variable is the number of patents per firm per year, 1981-1997)
Explanatory variable OoLS OLS with firm  Poisson Negative binomial Negative binomial
fixed effects (5-year lag)
No. of basic research —0.19* (0.06) —0.98 (0.11) —0.003 (0.0009) —0.012 (0.001)
articles (JCRBas= 1)
No. of applied research 0.31* (0.02) 0.57 (0.05) 0.004 (0.00004) 0.012 (0.0008)
articles (JCRBas= 0)
No. of basic research —0.014 (0.001)
articles (5-year lag)
No. of applied research 0.012 (0.001)
articles (5-year lag)
Year 3.4 (0.4) 4.0° (0.24) 0.09 (0.001) 0.08 (0.008) 0.08 (0.01)
Firm fixed effects Significant
Regression statistics
Adj. R-squared 0.29 0.74
Log-likelihood —31497 —4856 —3950
Overdispersion for 1.4 1.5
negative binomial ¢)
N 1129 1129 1129 1129 874

No. of observations: 1129. Standard errors are shown in parentheses.
* Significant at the 5% level.

so the large sample allowed precise estimates to beOLS model,1 = 0.08 andB, = 0.17). The esti-

made, despite collinearity. mates for applied research were statistically signifi-
For the pharmaceutical industry, the estimates for cant, but not those for basic research. It is difficult

basic and applied research are both positive (for the to tell whether the insignificance gf; is due to

Table 7
Pharmaceutical firms (dependent variable is the number of patents per firm per year, 1981-1997)
Explanatory variable oLSs OLS with firm Poisson Negative binomial Negative binomial
fixed effects (5-year lag)
No. of basic research 0.08 (0.06) 0.00 (0.05) 0.00080.0003) —0.011 (0.015)
articles (JCRBas= 1)
No. of applied research 0.17 (0.03) 0.15 (0.03) 0.003 (0.0002) 0.005 (0.0009)
articles (JCRBas= 0)
No. of basic research —0.013 (0.020)
articles (5-year lag)
No. of applied research 0.005° (0.001)
articles (5-year lag)
Year 0.7 (0.3) 12(0.2) 0.0Z (0.001) 0.02 (0.007) 0.05 (0.01)
Firm fixed effects Significant
Regression statistics
Adj. R-squared 0.34 0.78
Log-likelihood —6610 —2582 —1839
Overdispersion for negative 0.54 0.52
binomial )
N 571 571 571 571 395

Standard errors are shown in parentheses.
* Significant at the 5% level.
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multicollinearity or other factors. The VIF values for patents as IBM (which published almost 6000 rele-
basic and applied research are 5.9 and 6.2, respecvant basic research articleg)g. 3 shows the number
tively, which are not particularly low or high. of patents plotted against basic research publications
Table 7 shows that the results are qualitatively for the pharmaceutical industry. Unlike kig. 2 the
similar using other specifications: OLS with firm points inFig. 3are generally scattered along a diago-
fixed-effects, Poisson and negative binomial (columns nal, so the relationship between innovation and basic
3 through 5). The rightmost columns&dbles6 and 7  research seems stronger for the pharmaceutical indus-
present the results of using negative binomial regres- try than for the semiconductor industry.
sion with 5-year lags. As can be seen from these Figs. 4 and Sare the scatter plots for applied re-
tables, the use of lagged variables does not signifi- search. They show the number of patents per firm
cantly change the results. Other lag structures were plotted against the number of applied research articles
experimented with, and the tables are available upon per firm. In the pharmaceutical industry, there appears
request. Lags of 1, 2 and 5 years do not qualitatively to be a strong positive relationship between applied
change the results. To summarize, the regression anal+esearch and innovatioffrig. 5). For semiconductors
ysis reveals a strong positive relationship between (Fig. 4), a positive relationship generally exists, but the
applied research and innovation in both industries. data points are not as closely correlated aBi@ 5.
The magnitude of3; is greater tharBi, suggesting An alternative way of stating the results for the
that applied research has a stronger link to innovation semiconductor industry is to say that basic research ac-
than basic research. In the pharmaceutical industry, tivity is highly concentrated in a small number of firms
there is a positive relationship between basic research(IBM, AT&T), while innovation is widespread. This
and innovation, but it is not statistically significant in is a statement about the concentration of one variable
most of the regression models. In the semiconduc- (basic researchelative to another (innovation). Ad-
tor industry, the relationship between basic research ditional analysis shows that in any given year, the four
and innovation is found to be negative and signifi- semiconductor firms with the largest number of basic
cant, which is surprising. Admittedly, these simple research publications together account for 60-80% of
regressions do not take into account possible endo- basic research publications in the industry, but they
geneity and serial correlation. Nonetheless, they do produce only 30% of the patents in that industry. By
present interesting findings and suggest that further comparison, the top four pharmaceutical firms account
investigation is necessary. for 30-50% of basic research and roughly the same
proportion of patents.
The intuition obtained from the scatter plots can
5. Ellison-Glaeser index of relative concentration be statistically tested using a technique developed by
Ellison and Glaeser (1997The E-G index tells us
Scatter plots of patents versus publications provide whether one variable is more concentrated than an-
some intuition for the results found aboveig. 2 other.Appendix Bintroduces the formal model, shows
shows the number of patents plotted against basic re-how it is applied in this paper, and describes why it is
search publications for each firm in the semiconductor better to use the E-G index than to simply compare
industry. As expected, IBM and AT&T each produce
a large number of basic research articles, as well as a
large number of patents. However, a surprising number Taple 8
of other companies appear close to the vertical axis: Concentration of publications relative to patents (1981-1997)
firms like Motorola, Toshiba, Fujitsu and Texas Instru-  £_g gamma
ments publish few basic research articles but produce - -
many patents. This is surprising if one were to imagine 78 Concentration obasic - 0.13 0.02
. . . . research publications
a strong link between basic research and innovation. o4tive to patents
Perhaps most striking is the case of Motorola, which ,,: Concentration oipplied 0.04 0.01
publishedonly 54 relevant basic research articles be-  research publications
tween 1981 and 1997, but produced almost as many _"elative to patents

Semiconductors Pharmaceuticals
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Table 9

Hypothetical scenarios: gamma of basic research relative to the relevant patents (1981-1997)

Scenario Semiconductors Pharmaceuticals

vB YA VB YA

The top THREE firms publish an equal number of basic or applied 0.29 0.32 0.26 0.27
research articles; the remaining firms publish none.

The top FOUR firms publish an equal number of basic or applied 0.23 0.22 0.19 0.20
research articles; the remaining firms publish none.

The top FIVE firms publish an equal number of basic or applied 0.17 0.17 0.15 0.14
research articles; the remaining firms publish none.

The top SIX firms publish an equal number of basic or applied research 0.12 0.12 0.13 0.10
articles; the remaining firms publish none.

The top TEN firms publish an equal number of basic or applied 0.06 0.05 0.07 0.06
research articles; the remaining firms publish none.

Research articles are uniformly distributed among all firms in the sample. 0.03 0.03 0.02 0.02

Note In each case, the number of patents awarded to each firm between 1981 and 1997 was used for computing gamma.

scatter plots or Herfindahl indices. For each industry, distributed among all firms. In both industries, ap-
| compute a separate index for the concentration of plied research is not concentrated relative to innova-

basic research relative to innovatiopg], and a sim- tion: both values fora obtained inTable 8are quite
ilar index for applied researctyf). Table 8presents  similar to the scenario in which applied research is
the values ofyg andya (a larger value ofy implies uniformly spread out across firms ifable 9 These

a higher concentration of research relative to innova- findings provide rigorous support for the intuition de-
tion). For semiconductors;g is around 0.13, while  rived earlier from the scatter plots.
for pharmaceuticals, it is around 0.02. In order to pro-
vide meaningful interpretations of these numbers, | 5.1. Robustness tests and patent-to-patent citations
calculate the E-G index for several hypothetical sce-
narios (se€lable 9. In each scenario, the number of One source of concern is the manner in which
patents per firm is kept constant at its actual value, journals were classified as “basic” and “applied”.
while the number of research publications is varied. Appendix C explores three other classification
This changes the concentration of research articles rel-schemes (including one developed by an company
ative to patents, each time producing a different value specializing in such work) and shows that the results
of gammal® For example, suppose that IBM, AT&T  are robust to different classification schemes.
and Philips (the three firms with the largest number  For the pharmaceutical industry, | performed an
of basic research articles in the semiconductor indus- additional test to explore the possibility that our defi-
try) each produces an equal amount of basic research,nition of “basic” research is overly generous. Perhaps
while all other firms in that industry do not produce basic research is not found to be concentrated because
any basic research, theg = 0.29 (se€eTable 9. many applied journals are inadvertently included into
For the semiconductor industry, the actual value for the “basic” category. To address this issue, | calcu-
yg was computed to be around 0.13, which is similar lated yg using only articles published between 1981
to the hypothetical scenario in which basic research and 1997 in three leading basic scientific journals:
is performedonly by the top 5 or 6 firms. For phar- Nature Science and Cell. These journals are con-
maceuticals, however, the concentration of basic re- sidered “basic” by all four classification schemes
search relative to innovation is around 0.02, which is mentioned in the preceding paragraph. Even if we
no different than the scenario in which it is uniformly consider only these three journals, a valueypf=
0.06 is obtained, which is not particularly high com-
15 In Eq. (B.2) of Appendix B x; is kept constant whiles; is pared to the hypothetical scenarios showrTable 9
varied, thus yielding values fop;. It appears safe to conclude, therefore, that basic
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pharmaceutical research is indeed not concentratedthough their output of basic research is very low com-

relative to innovation.
For the semiconductor industry, there is a legiti-

pared to those firms. Fujitsu, Toshiba and NEC pro-
duce almost as many innovations as AT&T using this

mate concern that the omission of patent classes frommeasure, even though they produce ten times less ba-

Table 1may be driving the results. In other words, the
top firms may have received “too few” semiconduc-

sic research than AT&T. For the 15 firms, the E-G
index for basic research relative to citation-weighted

tor patents relative to basic research because their ba-patents was found to be 0.14. This is less than the value

sic research led to patents in other areas. It turns out,

though, that the results are extremely robust to the in-

of yg = 0.19 using simple patent countsaple 9, so
there is some truth to the claim that IBM and AT&T

clusion of a broad range of patent classes. Even if we produce patents of higher quality than other firms.

include patents froravery single patent classvarded

to each firm, the concentration of basic research rel-
ative to innovation remains practically unchanged at
yg = 0.13.

Another possible explanation for the high concen-
tration of basic research relative to innovation in the
semiconductor industry is that patent counts provide
an unsatisfactory measure of innovation output. The
value of patents is highly skewedlrgjtenberg, 1990;
Harhoff et al., 1999 so a firm may possess many
patents but they may not be valuable. Perhaps, IBM's

However, the newly computed E-G index of 0.14 is
still pretty high, and corresponds to a scenario where
basic research is performed only by the top five firms.
A separate argument can be made that patents are
not a good indicator of economic value, and that IBM
and AT&T derive economic benefit from their in-
ventions in ways other than patents. For example,
there may be economies of scope, or perhaps licens-
ing agreements allow them to capture some of the
value of their basic ideas. As a partial way of address-
ing this concern, | used the cumulative net profit of

and AT&T’s patents are truly valuable and those of each firm as an alternative to patent counts. Revenue
other firms, much less so? Following a stream of re- from licensing and other sources should improve a
search pioneered birajtenberg (1990) address this  firm's net profits. Data fronCompuStaare available
issue by using patent-to-patent citations. The number for 43 major U.S. firms in the sample. For these firms,
of times a patent is cited by other patents provides the concentration of basic research relative to relevant
a quality-adjusted measure of innovation outpgdil{ patents isyg = 0.33, and that of basic research rela-
et al., 2000. As this analysis is highly data-intensive, tive to cumulative net profitss y = 0.31. This means
it is restricted to the fifteen semiconductor firms in that basic research is highly concentrated relative to
the sample having the largest number of patéhs. cumulative net profits in the semiconductor industry.
identify U.S. patents issued to each firm within rele- The reason is straightforward: among U.S. semicon-
vant patent classes between 1976 and 1995. For eactductor companies during the period examined, IBM
of these patents, | count the number of citations made and AT&T account for 58% of basic research articles
up to and including 1995 by albther patents ever  but only 32% of net profits. Apart from them, Intel,
awarded by the USPTO. Hewlett Packard, and Motorola also captured sizeable
As shown inFig. 6, the results appear less stark portions of industry profits. The use of cumulative net
as those using simple patent counts (shown earlier in profits does not represent a carefully controlled test,
Fig. 2). Nonetheless, the earlier findings persist: firms but if basic research does indeed generate benefits to
other than AT&T and IBM produce a surprising num- a firm beyond patents, IBM and AT&T should have
ber of citation-weighted patents, given their level of captured a larger share of the industry profits than they

basic research. For examplgg. 6 shows that TI, Mo- actually did.
torola and Hitachi produce citation-weighted patents
in excess of AT&T and over half that of IBM even

6. Discussion

16 The firms are: IBM, Motorola, Toshiba, Mitsubishi, Texas The hiah trati f basi h within t
Instruments, NEC, Hitachi, Fujitsu, Philips, STMicroelectronics, € nigh concentration or basic research within two

Siemens, Lucent (AT&T), Matsushita, National Semiconductors COmpanies (IBM and AT&T) reflects the existence of

and Intel. the Watson and Bell laboratories, and the absence of
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equally prominent laboratories at the other semicon- citations contained within these patents to the top 30
ductor firms. Given the low levels of basic research basic journals and the top 30 applied journals. Only a
performed by those other firms, it is surprising that small number of journals are included, but this does
they produce so many innovatiohsMany possible not pose a problem because they constitute the core
explanations exist for this pattern, but my interpre- journals in the field of semiconductor research. Ac-
tation is that semiconductor firms rely on different cording to experts in bibliography, the core journals
R&D strategies: some firms like IBM and AT&T  within a scientific field account for the lion’s share
benefit from investing heavily iboth basic and ap-  of all citations; this effect is known as Zipf's Law
plied research, while other firms rely primarily on (Garfield, 1980.

appliedrather than basic research. | provide evidence My analysis reveals that the patents of these semi-

to support this explanation iBection 6.1 Other ex- conductor firms make fifteen times as many cita-
planations are discussed 8ection 6.2 Finally, the tions to applied research journals as they do to basic
limitations of this paper are described$®ction 6.3 research journals (they make only 955 citations to

articles in the top 30 basic research journals, but a
6.1. Different R.D strategies and absorptive staggering 15,188 citations to articles in the top 30
capacity applied journals). This suggests a much stronger de-

pendence of these patents on applied research than
on basic research. | performed a similar analysis for
all of the pharmaceutical firms in the sample, and
found the reverse to be true. Contrary to semiconduc-
tor firms, the patents of pharmaceutical firms make
more citations to basic research journals than they
do to applied journals (they make 17,710 citations to
the top 30 basic journals, but only 15,187 citations

pothesis, | analyze citations made by each firm's to the top 30 applied journals). Thus, it appears that

patents to the scientific literature. Such citations can S€miconductor firms rely a great deal more on ap-
reveal the knowledge base and scientific commu- Pliéd than on basic research, while pharmaceutical
nity upon which a firm depends for its innovations firms rely slightly more on basic than on applied
(e.g. seeGittelman and Kogut, 2003 The evidence research. . ) .
provided here is suggestive rather than conclusive, AN €ven more interesting pattern emerges if we

and further research is necessary to corroborate myexamine the patent-to-science citations for each firm.
interpretation. Figs. 7 and 8&how the relationship between a firm’s

Performing patent-to-science citations is highly propensity to cite basic research and the intensity of
laborious, and so | only performed it for the 15 semi- its internal basic research. | measure the former as the

conductor firms having the most patents. Between ratio of citations to basic versus applied journals, and

1981 and 1997, these firms produced 49,121 relevant! Mmeasure the latter as the ratio of relevant publica-
applied publications, 15,294 relevant basic publi- tions in basic versus applied journals. On both charts,

cations and 32,076 relevant patents. | analyzed the & POSitive slope is apparent. | interpret this to mean
that firms that focus more on basic research are better

ETER . able to absorb basic scientific knowledge, while firms

It is tempting to argue that the results are driven by IBM and .
AT&T. However, it is precisely the contrast between IBM and that focus more on applied research ar_e better able to
ATT on the one hand, and the remaining firms on the other hand, @Psorb applied knowledge. For exampteg. 7 shows
that is interesting. Even if we remove IBM and AT&T from the that semiconductor firms such as IBM and AT&T
sample, it is still surprising that the remaining firms like Motorola emphasize in-house basic research and are also more
produce practically no basic research, but obtain a great number Iiker to cite basic research journals; other firms such

of patents. However, dropping AT&T and IBM when calculating . L .
the E-G index would not be correct, since it is not possible to as Motorola, Intel and Mitsubishi have a lower in-

show the contrast between them and the other firms if they were t€NSity of basic research and are also less likely to
removed. cite basic research journals. This lends support to the

| propose a simple explanation for the empirical
results: IBM and AT&T produce innovations that
rely on basic and applied research, and so they in-
vest in both kinds of research. Other semiconductor
firms produce innovations that rely mainly upap-
plied research, thus they do not perform much basic
research. In order to provide evidence for this hy-
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concept of absorptive introduced b@€ohen and
Levinthal (1990) Yet, the story seems more complex
than they had imagined. Within each industry, firms
vary tremendously in their basic research intensity
(they appear over a broad range along %kexis in
Figs. 7 and 8 Thus, different strategies appear to ex-
ist, with some firms gravitating towards basic science
(IBM and AT&T in semiconductors; DuPont and
Merck in pharmaceuticals) and other firms favoring
applied research (Motorola and Intel in semiconduc-
tors; Elan and Fujisawa in pharmaceuticals). This
does not mean that basic knowledge is unimportant
for firms that focus on applied research. Instead,
they probably absorb basic knowledge after it had
been codified and translated into applied knowledge
through the efforts of universities, research consortia
and other firmsli(im, 2000).

A separate idea that emerges from these charts is

that different kinds of absorptive capacity may be
needed across industries. The vertical axeBigs. 7

and 8 have vastly different scales, and even IBM
and AT&T, the semiconductor firms with the great-

est dependence on basic research, have far lower

propensities to cite basic research journals than all of
the pharmaceutical firms, save one. Hence, the type
of absorptive capacity relevant to an industry (along
with the mechanisms for developing it) may be sen-
sitive to the competitive and industry-specific context
surrounding a firm.

Since semiconductor patents depend primarily
upon applied research, why did IBM and AT&T even
bother to invest in basic research, which is a costly
and uncertain activity? As mentioned Bection 2
IBM and AT&T are probably the only semiconductor
firms large and diversified enough during this pe-
riod to truly gain the benefits of investing in basic
research. Furthermore, during the period of study,
they held dominant positions in the computer and
telecommunications markets respectively. The rents
they derived from these marketgayhave given them
the financial resources required to invest in basic re-
search. The data provides some indirect evidence of
this. Between 1981 and 199¥g declined from 0.26
to 0.07, largely driven a reduction in basic research
publications by IBM and AT&T. This decline coin-
cided with financial difficulties faced by both firms.
IBM, which led basic research for semiconductors,
faced difficulties in the early 1990s and drastically
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reoriented its R&D organization towards applied sci-
ence and developmett. Fig. 9 shows that IBM's
output of research articles began to dip shortly after
its net income became negative in 1991. It slashed by
more than half the number of basic research articles
it published from 520 in 1992 to 206 in 1997. Sim-
ilarly, AT&T faced the end of a long monopoly and
reoriented Bell Laboratories, which was eventually
spun off as part of Lucent Technologies in 1996.
The number of basic research publications it pro-
duced declined from its peak of 391 in 1990 to 193 in
1997.

6.2. Other possible explanations

While the explanation presented above is consistent
with the data, other explanations exist and should be
explored in future researéd.One possibility is that
firms like Motorola, Texas Instruments, and Toshiba
are simply more productive than IBM and AT&T at
translating their basic research into a large number of
patents. Yet, this is hard to believe because ofdhe
absolute numbeof basic research articles published
by those firms. Moreover, the highly uncertain nature
of basic research should favor IBM and AT&T rather
than the other firms, since IBM and AT&T are more
likely than them to have the scale and scope needed to
translate the results of basic research into patentable
inventions.

A second possibility is that IBM and AT&T re-
frained from patenting their inventions because they
relied instead on trade secrets. While possible, this ex-
planation also carries doubt: if secrecy were so impor-
tant, why then are IBM and AT&T publishing their

18 “|n 1992, when newly appointed chairman Louis Gerstner
began downsizing IBM, the research division was included and
saw its budget cut by a third, from US$ 6.5 billion in 1992 to
a low of US$ 4.3 billion in 1994. It has since bounced back
to US$ 6 billion in 1995 as more of its work became product
oriented...” (“IBM Reconnects Research’Electronics Business
Today September 1996). See also “Into the Big Blue Yonder,”
Technology Reviewi999, 102 (4) 46-53; and “R&D Gets Real,”
Electronic Business Todayctober 1997.

19 |In “Lucent's Ascend,”BusinessWeelkFebruary 8, 1999, the
firm’'s CEO describes how he linked Bell Lab’s research budget
directly to revenue growth.

20 | thank the reviewers @esearch Policyor pointing out many

of these explanations.
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research on such a large scale? Furthermore, patentge.g. Adams, 1990 As discussed earlier, introducing
play an important role as bargaining chips in the semi- dependent variables that are lagged by 1, 2 and 5
conductor industry Hall and Ziedonis, 2001 so it years does not significantly change the results. How-
would be unwise for IBM and AT&T to resort to se- ever, more sophisticated lag structures need to be
crecy only to find out that another firm had received examined.
patents on similar inventions. A second limitation is the inclusion of U.S. patents
A third explanation arises because patents cannot beonly. Omitting European and Japanese patents may
issued for ideas that have been published. So, perhapsias the sample. Fortunately, this risk is low because
companies like Motorola chose to patent their ideas the United States is the largest market for both semi-
rather than to publish them. This explanation is some- conductor and pharmaceutical products, so impor-
what improbable: the tension between publishing and tant European and Japanese patents are also filed in
patenting is more likely to arise for applied than for America.
basic research, since the latter are more likely to result A third is the use of publication data. While | have
in practical and patentable inventions. Yet, we observe attempted to validate its use by showing that it corre-
that Motorola, Tl and other firms publish extensively lates with R&D expenditure, it remains possible that
in applied research journals. Had they really wanted neither is a good measure of research performed by
to suppress publications in order to receive patents, firms. Another issue with publication data is that the
they would have done so for applied rather than ba- SCI is biased towards English-language publications.
sic research. In that case, we should have observedNevertheless, the results persist when all non-U.S.
them publishing a large number of basic research arti- firms are dropped from the sample.
cles and few applied articles, instead of the other way  Despite the limitations, there emerges a robust em-
around. It is more probable that they failed to publish pirical regularity: basic research is surprisingly con-
much basic research simply because they lacked thecentrated relative to innovation in the semiconductor
internal capabilities present at the AT&T Bell Labo- industry.
ratories and IBM. Besides, various approaches exist
for resolving the conflict between patenting and pub-
lishing, and these are widely used in practice. One 7. Conclusion
method is to delay the publication of a paper until
a patent application is awarded; another method in-  This paper's main contribution is a careful mea-
volves filing a provisional patent application with the surement of the relationship between basic re-
USPTO. search, applied research and innovation in two
Another possible issue is that the antitrust issues technology-intensive industries. While basic research
surrounding IBM and AT&T could have led them mirrors the distribution of patents rather closely in
to publish a greater number of their basic research the pharmaceutical industry, it is much more concen-
results, in order to avoid government scrutiny. Or trated than patents in the semiconductor industry. In
perhaps the social norms within the semiconduc- both industries, the concentration of applied research
tor industry are different from those in pharma- closely matches that of innovation output. The results
ceuticals, so that researchers value patents in theare robust to the use of alternative definitions for
former but publications in the latter. These are in- “basic” research and the use of citations to adjust for
teresting ideas that should be examined in future the quality of each patent.

research. Further research is required to disentangle various
possible explanations for why basic research is so
6.3. Limitations highly concentrated relative to innovation in the semi-

conductor industry. At this stage, | provide circum-
A key limitation of this study is that time lags be- stantial evidence that innovation in the semiconductor
tween research and innovation are only superficially industry depends mainly on applied research. There-
explored. Previous work has shown a high variance fore, firms are not precluded from innovating even if
in the time before basic research comes to fruition they perform very little basic research. | also suggest
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that different kinds of absorptive capacity exist, with their own semiconductor chig3. Another 135 com-
IBM and AT&T absorbing both applied and basic panies with less than 15 publications per year and
knowledge and other firms mainly absorbing applied less than 100 patents between 1985 and 1995 were
knowledge. also dropped. Each of these firms represents less than
Many questions remain unanswered and point 0.2% all publications and 0.1% of all patents dur-
to future research opportunities. Why do IBM and ing the time period, therefore, contributing insignif-
AT&T perform so much basic research? How do the icantly to any concentration index. Six other com-
results look like in yet other industries? When is ab- panies were dropped because they compete primar-
sorbing basic research necessary and when is it not?ily in other lines of business, but happen to operate
To answer these questions, we need to better under-semiconductor-manufacturing facilities (Honda, Nis-
stand the process by which firms produce and absorbsan, Ford, Toyota, Nippon Steel, and Kawasaki Steel).
knowledge. Including these companies in the analysis does not
change the results because they contribute only a small
number of relevant patents and publicationg =
Acknowledgements 0.12, ya = 0.04).
For the pharmaceutical sample, the list of firms used
| am indebted to Scott Stern, Rebecca Henderson by Cockburn and Henderson (1998)s used as a
and Eric von Hippel for their guidance. | thank Glenn starting point. To this list, | added four firms with
Ellison, lain Cockburn, Richard Nelson, Ashish Arora, significant numbers of relevant publications or patents
Rosemarie Ziedonis, Julia Liebeskind, Jeff Furman, (BASF, Bayer, Astra-Zeneca, and DuPont). | identified
Peter Murmann, Pierre Azoulay, David Hsu, Jaeyong these firms by analyzing patent data from the U.S.
Song, Sam Kortum, Jorgen Pedersen and two anony-Patent Office and publication data from the Science
mous referees at Research Policy for their comments. Citation Index.
| also thank the participants of the CCC Doctoral Col-  For each industry, a list of major subsidiaries, merg-
loguium 1999, Academy of Management 2001, NBER ers, and acquisitions was painstakingly constructed
Productivity Lunch, Wharton Technology Miniconfer-  from public source$? This list was used to combine
ence 2001 and MIT Innovation Seminar. Adam Jaffe the patents and publications of subsidiaries with the
generously provided data on patent-to-patent citations parent company. Majority-owned subsidiaries and ac-
and Diana Hicks on the ‘basicness’ of each journal. All quisitions are considered part of the parent company
errors and omissions are my own. This paper would with effect from the year the transaction is completed.
not have been possible without the encouragement of Merged companies are treated as new entities from the
my wife, Seto Wai Ling. year the merger takes effect.

Appendix A. Construction of the dataset T
bp 21 According to the Fabless Semiconductor Association, “Fabless

. ) . . (without fab) refers to the business methodology of outsourcing the
The companies in the sample are listed in the ta- manufacturing of silicon wafers, which hundreds of semiconductor
ble below. | compiled a list of 297 semiconductor companies have adopted. Fabless companies focus on the design,
firms from reports by the Integrated Circuit Engi- development and marketing of their products and form alliances
neering (ICE) Corporation, Semiconductor Industry with silicon wafer manufacturers, or foundries.

A iation.El . BUS| d oth 22 sources include annual reports, company websites,Dike
ssociation,Electronics Businesand other sources. rectory of Corporate AffiliationsHoover Company Profilesand

Seventy-three “fabless” semiconductor companies analyst reports. | thank Celina Lee for helping me to compile
were eliminated because they do not manufacture these data for the pharmaceutical firms.
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Semiconductors

Pharmaceuticals

Acer Labs, Inc.

Actel Corporation

Advanced Micro
Devices (AMD)

Alcatel

Altera

American Microsystems, Inc.
Analog Devices

Asahi Kasei Microsystems
AT&T (Lucent)

Atmel Corporation

Brooktree Corporation

Burr-Brown

Canon, Inc.

C-Cube

Chartered Semiconductor
Manufacturing

Cherry Semiconductor Corp.

Cirrus Logic

Cray Computer

Cray Research, Inc.
Cypress Semiconductor, Inc.

Cyrix Corporation

Daewoo Electronic
Components Co.

Dallas Semiconductor

Digital Equipment Corporation
(DEC-Now Compagq)

Ericsson Components A.B.

ESS Technology

Fuji Electric Co., Ltd.

Fujitsu

GEC-Plessey (acquired by Mitel)

General Semiconductor

Grumman (pre 1994)

Harris Semiconductor

Hewlett-Packard Company

Hitachi

LSI Logic
Macronix
Matsushita Electric Corporation

Microchip Technology
Micron Semiconductor
Inc. (subsidiary of
Micron Technology)
Mitel Semiconductor
Mitsubishi Electric Corporation
Mostel-Vitelic
Motorola, Inc. (Semiconductor
Products Sector)
National Semiconductor Corp.
NCR Microelectronic Products
NEC Corporation
Newport Wafer Fab Limited
Northern Telecom (Nortel)
Northrop & Northrop
Grumman Corp.
NTT (Nippon Telephone
& Telegraph)
Oki Electric industry Co., Ltd.
Philips
Raytheon Semiconductor Division
Ricoh Co., Ltd.; Electronic
Device Division
Rockwell International
Rohm Co., Ltd.

S3 Inc.
Samsung Electronics Company

Sanyo Electric Co.

Seiko Epson Corp.
Sharp Corporation
Siemens

Sony Corporation

ST Microelectronics (SGS-Thomson)

Symbios

Taiwan Semiconductor
Manufacturing Co., Ltd.

Tech Semiconductor
Singapore Pte. Ltd.
Temic (bought by Vishay; IC
division sold to Atmel)

Abbott
American Home Products
Astra

BASF
Bayer

Beecham
Bristol-Myers
Bristol-Myers-Squibb
Burroughs-Wellcome

Ciba-Geigy
DuPont
ELAN
Fujisawa
Glaxo
Glaxo-Wellcome

Hoechst (& Roussel)

Hoffman-LaRoche
Johnson & Johnson
Eli Lilly
Marion

Marion-Merrell-Dow
Merck

Merrell-Dow
Procter & Gamble
Pharmaceuticals
Pfizer (& Roerig)
Pharmacia
Pharmacia & Upjohn
Rhone-Poulenc
Rorer
Sandoz
Sankyo
Schering (German)

Schering-Plough (USA)

Searle (Monsanto owns it)
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Semiconductors Pharmaceuticals

Honeywell, Inc., Solid State Texas Instruments Smithkline
Electronics Center

Hughes Aircraft Company (merged Toshiba Smithkline-Beecham
with Raytheon)

Hyundai Electronic Industries Co., United Microelectronics Squibb
Ltd., Semiconductor Division Corporation (UMC)

IBM United Technologies Takeda

Microelectronics Center

Integrated Device Technology (IDT) VLSI Technology, Inc. Upjohn

Intel Corporation Weitek Warner-Lambert

International Rectifier Westinghouse, Advanced Technology Yamanouchi

ITT Semiconductors (ITT Industries) Winbond Zeneca

Lattice Semiconductor Yamaha Corporation

LG Semicon (Lucky-Goldstar) Zilog, Inc.

Linear Technology Corporation

Appendix B. Ellison—Glaeser index of relative Herfindahl {),23 where
concentration
H = Zslz s;isfirmi’'s share of basic research

Ellison and Glaeser (1997ntroduced a formal i
model that allows us to ask whether research activity applied research or innovation (B.1)
is concentrated in a small number of firms relative to ) ) )
the amount of innovation they produce. As discussed !t IS appropriate to use the E-G index instead of the
below, this model controls for several other explana- C4 O the Herfindahl index because research activity
tions that might otherwise cause spurious results. The @1d innovation may themselves be concentrated (e.g.
Ellison-Glaeser index tells us whether one variable Pecause the industry as a whole is concentrated). The
is much more concentrated than we would expect, Important issue is whether research activityeigen
using a second variable as a baseline. In their work More concentratethan innovation. The E-G index of
on the geographic concentration of manufacturing, f€Search relative to innovation outpy, is given by
Ellison and Glaeser examine whether U.S. manufac- 2 5\ 7
turing activity is more concentrated geographically . _ 2 (i —xp)" = (l_ 2 xl’) H
than we would expect, given the number of peo- (1_ Zﬂ?) 1— i)
ple employed in manufacturing in each region. By
analogy, in this paper | examinghether basic and  where research are&: e {basic applied; s;: firm
applied research are more concentrated within a few j's share of research (publications) in atea;: firm
firms than we would expecgiven the number of  j:s share of innovation (patents);: Herfindahl of
innovations produced by each firffable B.1summa- research papers in aréa
rizes the variables used in the Ellison-Glaeser model  one way to understand this index is to visualize
and their corresponding use 8tern and Trajtenberg 4 map containing regions proportional to the size of
(1998)and in this paper. For our purposes, the E-G
index is preferable to standard concentration indices, 23 The properties of these and other indices are discussedriy
such as the four-firm concentration ratio,f and the and George (1983)

: (B.2)
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Table B.1
Applications of the E-G model
Variable Ellison—Glaeser (1997) Stern—Trajtenberg (1998) This paper
Inputs
i, ! In industry|l, each plani is For physicianl, each patient is In research arel each research
located in geographic arga allocated to drug paperi is published by firm.
Note: | € {basic, appliegl
X; Areaj’s share of total Drug j's market share Firnj's share of patents
employment
§; = Sumgu;;) Areaj’'s share of employment in Drug j's share of the Firm j's share of research paper
industry | prescriptions by physiciah in areal
Z Share of firm (plant)’s Share of patient’s visits seen Paperi’s share of basic and
employment in industry by physicianl applied research papers (af¢a
H = Z{V’zﬁ Herfindahl index of plant size in Herfindahl index of physicians Herfindahl index of research
industry | () in terms of their patients papers in areal
Output
I Excess geographic concentration Excess concentration of drug Excess concentration of research

in industry|

prescription by physiciah

over innovation in are&

Note u; is an indicator variable set to 1 if research papé published by firm.

each firm’s innovative output. Now, imagine a person A simpler version of the Ellison—Glaeser index can
randomly throwing darts—each representing a basic be used if a research area contains many articles. De-
research article—at the map. The E-G index for ba- fine N; to be the total number of scientific publications
sic researchyg) tells us whether basic research arti- in research arehby all the firms. Articlei’s share of
cles are more concentrated than we would expect from research in arehis given byz; = 1/N;. Therefore,

this random process. A similar map may be drawn for f7; = Y"Vz2 = 1/N,. If there are many papers in
applied research to compute the index for applied re- research areh then A, — 0, and we obtain a sim-

search fa). _ _ plified expression (seStern and Trajtenberg, 1998
The Ellison—Glaeser index overcomes spurious re- footnote 11):

sults that may arise if we simply compare Herfind-

ahl indices,C4 ratios, or scatter-plots. These compar- 3 (sij — x)?
isons are performed at an aggregate level, whereas theAs N; — oo,  y — 1—2
Ellison—Glaeser index compares each firm’s research (1 - Zj xj)

and innovatiorpair-wise This is becausg; is a func-
tion of (sjj—x )2. Further, it accounts for the possibility In this case, the concentration of basic and ap-
that there may be too few articles in a given research plied research with respect to innovation are given
area. For instance, suppose there were only a handfulby:

of basic research articles, so that basic research itself Basic research relative to innovation:

is concentrated. The E-G index discounts this by in- 2

cluding H; into Eq. (B.2) Finally, the index accounts N 2 () —x)) (B.3a)
for the possibility that innovation may be concentrated (1 -y, xz)

in only a few firms, by incorporating_ ; x2 into the I
equation. Thus, if only two firms produced all the in-
novations in an industry} ; x? would be high. Con-
ditional on the research level of each firm, this would
causey; to be high. The intuition is that it would be
surprising to observe other firms performing research ya —
since only two are innovating.

and
Applied research relative to innovation:

> (saj —x))?

(o5 (B.3b)
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Table C.1
Descriptive analysis of all journals listed in the Science Citation Index
Variable N Minimum Maximum Average S.D. Percentiles

25 50 75
IPF85 3421 0 39.7 1.27 1.85 0.41 0.79 15
IPF97 3826 0 40.8 1.51 2.44 0.46 0.91 1.7
Acad85 3205 This variable is either 0 or 1 0.79 0.19 0.73 0.84 0.92
Acad90 3043 This variable is either 0 or 1 0.82 0.16 0.77 0.86 0.93
Acad97 3293 This variable is either 0 or 1 0.85 0.14 0.80 0.88 0.93
JCRBas 4901 This variable is either 0 or 1 0.18 0.38 NA NA NA
CHlbas 4901 This variable takes values from 0 to 4 2.75 1.15 2 3 4

Note Numerical suffixes represent the year. For example, IPF85 is the Science Citation Index Impact Factor for a journal in 1985.

These simplified equations will be estimated be- article as “basic” if it is published in a journal with

cause the sample contains a large number of basicCHIbas= 4.

and applied research publications (these numbers are The third variable HilPF, identifies research arti-

reported in footnote 12). cles that are published in highly cited journals. The
HilPF variable is based on each journal’s SCI Impact
Factor (PF), which is published in the Journal Ci-

Appendix C. Robustness of the results to tation Reports that accompany each year’s edition of

journal classification schemes the Science Citation Inde¥* The Impact Factor for
journalk in yeary is given by:

In this appendix, | explore the robustness of the
results to alternative ways of classifying journals.
Four classification schemes are implemented using IPFiy=

No. of citations in yeal to articles published
injournalk inyears(y — 1) and(y — 2)

the indicator variableSCRBas CHIbas HilPF and No. of articlesin journalg in years
HiAcad The first two variables attempt to measure (y—Dand(y -2
“basic” research as that which seeks a fundamental (C.1)

scientific understanding of phenomena. The third and ) o ]
fourth variables expand beyond basic research to look AS shown inTable C.1 the distribution oflPF is
more generally at highly cited research and the types highly skewed. A small number of journals have high
of research typically performed at academic institu- IMPact scores, reaching up to 40.8. However, 75% of

tions. Summary statistics of these four variables are the journals in a given year have impact scores less
shown inTable C.1 than 1.7. This is consistent with the bibliographic lit-

The first variable JCRBas is based on a classi- €rature on Zipf's law and Bradford's law, which states

fication scheme | developed by using the SCI Jour- that only a small set of core journals in a scientific
nal Citation Report to identify “basic” and “applied” Q|SC|pI|ne are_hlghly_cngd_Qarﬂeld_, 1_98()). | define a
journal categories for each industry. The second vari- Journal to benighly citedif it falls within the top 25%
able, CHlbas uses the classification scheme devel- ©f this distribution, specifically those witPF scores
oped by CHI Research, Inc. CHI awards each journal €xceeding 1.7.
a score from zero to four. For the physical sciences,

levels 1 through 4 correspond to applied technology, Inyearyy, define HilPFy = 1 ifIPFy>17

engineering sciences, applied research, and basic re- 0 otherwise

search, respectively. For the biomedical sciences, they (C.2a)
correspond to clinical observation, clinical mix, clin-

ical investigation and basic science (d¢ieks, 1996 24 1S does not publish the SCI scores for every journal each

for more details). In this thesis, | define a research vyear, but all the major ones are included.
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Table C.2
Correlation for various measures of “basic” research (all journals in the SCI)
HilPF85 HilPF97 HiAcad85 HiAcad90 HiAcad97 JCRBas CHlbas
HilPF85 1.00
HilPF97 0.68 1.00
HiAcad85 0.01 0.00 1.00
HiAcad90 0.01 0.03 0.56 1.00
HiAcad97 0.03 0.01 0.49 0.5T* 1.00
JCRBas 0.14 0.1 0.21 0.20¢ 0.2 1.00
CHlIbas 0.18 0.16° 0.31 0.27 0.24 0.36° 1.00

Note The results are similar for journals relevant to semiconductors or pharmaceuticals.
* Significant at the 5% level.

The fourth variableHiAcad identifies research that measure different things. What is important is the
is similar to academic research. It locates articles that high correlation across yearfor HilPF and HiAcad
are published in journals with a large percentage of (as is indicated by the shaded regionsTable C.2.
academic authors. Such journals are often heavily cir- This means that a journal’s importance and academic
culated among academics, and their editorial boards orientation remained fairly stable between 1985 and
are dominated by academit$éAcadis based oneach  1997. |, therefore, usélilPF97 and HiAcad97 to
journal’s Acad score, which is the percentage of pa- measure basicness. Additional analysis shows that
pers in that journal with one or more academic authors. the correlation coefficients remain similar within the
Each journal’'sAcadscore is derived by searching the subsets of journals relevant to semiconductors and
address fields of every article in the SCI for keywords pharmaceuticals.
such as “university”, “school” and “ecole® The concentration of basic research relative to

The construction of thélilPF, Acad and HiAcad patents was computed using the journal classifica-
variables is a novel contribution of this paper and may tion schemes described in this appendix. The results
have other applications. As shownTable C.1 most are shown inTable C.3 Despite the low correlation
journals have a high percentage of papers with one or between these measures, the results are remarkably
more academic authors. The twenty-fifth percentile of consistent. Regardless of the way “basic” research is
Acadis around 80%, so in three-quarters of the jour- measured, it is much more concentrated than patents
nals, at least 80% of the articles include an academic in the semiconductor industry, but not in the phar-
author. | define a journal to dEghly academidf it is maceutical industry. | conclude that the results are
in the top quartile in itsAcadscore. This corresponds robust over a wide range of definitions for basic
to having at least 93% of the papers in the journal research.
written by at least one academic author.

o 1 ifAcady > 93% TabeC3 o
Inyearyy, define HiAcagy= ) Gamma for various journal classification schemes
0 otherwise — .
Definition of “basic” yg for yg for
(C.2b) research article semiconductors  pharmaceuticals
. . Articles in journal with  0.13 0.02
Table C.2shows the correlation betweétilPF, JCRBaSJ:l
HiAcad JCRBasand CHlbas As expected, the  articles in journal with  0.14 0.02
correlation between variables is low because they CHibas=1
Articles in journal with  0.13 0.01
25 Not all journals haveAcad scores for any given year, since HilPFO7 =1

some journals changed their names, merged with other journals, Artic_'“ in journal with  0.14 0.02
or were discontinued. HiAcad97 =1
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