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Recent research demonstrates that firms, motivated by national differences in technical activity,
expand abroad to source unique knowledge. Extant research suggests that firms use a knowledge
sourcing strategy to ‘catch up’ with competitors and to obtain ‘technical diversity.’ We widen the
investigation by suggesting that firms also use knowledge sourcing as a springboard to reduce
their next generation R&D costs–that firms would seek out similar R&D activity to combine with
their own. Using unique data that encompasses the multitude of countries where U.S. firms invest,
we test the importance of these explanations. Measuring knowledge via patent stocks, we find
that country-industries with larger stocks and greater technical similarity to the United States are
more attractive. These findings suggest that an important explanation for firms investing abroad
is not catching up or technologically diversifying, but is using similar R&D efforts of others to
overcome fixed R&D cost hurdles. Copyright  2008 John Wiley & Sons, Ltd.

INTRODUCTION

The central role of knowledge for firms’ com-
petitive advantage has heightened interest in how
firms identify, acquire, and use knowledge exter-
nal to them. While firms strive to develop internal
stocks, they also use acquisitions and alliances to
access unique external knowledge. Coupled with
such formal arrangements, firms might also source
externally generated knowledge through indirect
means of spillovers—by sharing common buy-
ers and suppliers, through informal meetings of
scientists and engineers across firms, by hiring
competitors’ employees, and other channels. For
example, Song, Almeida, and Wu (2003) show that
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mobility of engineers and scientists across firms
alters receiving firms’ technology portfolio.

Firm sourcing technology from abroad is the
subject of a large and growing literature in inter-
national business. Cantwell (1989) notes that tech-
nology differs across locations since technology
depends on location-specific factors, such as inno-
vations previously established, the education sys-
tem, and the linkages between educational institu-
tions and firms. As a consequence, firms may sup-
plement their existing technologies by expanding
internationally to access new knowledge. Consis-
tent with ‘sourcing of the U.S. locational advan-
tages in technology,’ Kogut and Chang (1991:
403) look across manufacturing industries in the
United States and show that more Japanese invest-
ment occurs in industries that have greater research
and development (R&D) differences. Extending
Kogut and Chang (1991), Neven and Siotis (1996)
explore Japanese, U.S., and EU (European Union)
investment into four EU nations and find evidence
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for technological sourcing by the Japanese and
U.S. investment.

Formalizing from prior literature, we define
international knowledge sourcing as firms invest-
ing abroad in order to obtain access to knowl-
edge developed there. This behavior is premised
on two underlying assumptions. First, knowledge
varies across countries; Furman, Porter, and Stern
(2002) provide an excellent quantification of such
differences by comparing patent output, patents
filed by industry sector, R&D funding sources,
and other elements of national innovation systems
for 17 Organisation for Economic Co-operation
and Development (OECD) nations. Second, gain-
ing proximity by establishing a foreign affiliate
in another country facilitates access to that coun-
try’s knowledge; Kogut and Zander (1992) argue
that some portion of knowledge is tacit, which
proximity assists in transferring via more frequent
interpersonal contact.

Prior research raises two reasons for firms to
use a knowledge sourcing strategy. A basic rea-
son is that a nation’s firms are somehow behind in
developing new knowledge or technology; accord-
ingly, knowledge can be thought of as a stock
and a greater stock of knowledge abroad suggests
that firms will use a knowledge sourcing strat-
egy internationally to ‘catch up’ Cantwell (1989),
Wesson (1993), Kuemmerle (1999). Alternatively
instead of just a stock, knowledge can be thought
of as heterogeneous and multidimensional. Use-
ful knowledge of one sort may be developed in
one country while useful knowledge of another
sort might be developed in another.1 That different
types of knowledge might be combined advan-
tageously, gives rise to the argument of knowl-
edge sourcing abroad to obtain ‘technical diversity’
Cantwell and Janne (1999).

To these two reasons, we add a third; that firms
use knowledge sourcing as an ‘R&D springboard’
to reduce their fixed R&D costs. Future tech-
nological improvement often requires substantial
incremental R&D spending. For example, Pisano,
Russo, and Teece (1988) note that initial devel-
opment costs in high-tech industries increase with
each subsequent generation of technology, which
represent escalating fixed cost hurdles. Instead of

1 For example, in the automotive industry, the United States
focused on efficient, large displacement engines, European com-
panies on diesel engines, and the Japanese makers on smaller
displacement engines with variable, valve timing.

facing these hurdle costs alone, firms might com-
bine their internal R&D efforts with knowledge
sourced externally, which allows them to more eas-
ily surmount these fixed cost R&D hurdles. In this
case, instead of technical diversity, the firm would
be interested in sourcing knowledge more similar
to its own upon which the firm then could more
readily build.

While establishing the existence of knowledge
sourcing, prior research has been limited in under-
standing the reasons why firms use this strategy.
In this study, we separate and assess the rela-
tive importance of these three reasons for firms
to knowledge source in order to provide a fuller
sense of firms’ use of this strategic behavior in
two ways. First, such an assessment builds upon
and integrates the prior nascent literature to pro-
vide a more comprehensive, top-down perspective
of the phenomena; we take motives that were
raised separately, add an additional one, and then
evaluate these multiple motives simultaneously.
Second, better understanding ‘why’ firms knowl-
edge source further clarifies the difference from
‘how’ they knowledge source.2 A substantial liter-
ature explores ‘how’ firms knowledge source using
channels such as acquisition, alliance, and knowl-
edge spillovers to pursue targeted knowledge. The
magnitude of this literature can lead to related
but separate questions being subsumed and over-
looked; for example, the question of ‘why’ firms
knowledge source. With a better understanding of
‘why,’ we can clarify similarities and differences
and thus improve our understanding of both how
and why.

Aiding us in this assessment is our empirical
context. Most prior research in knowledge sourc-
ing has been constrained by examining a sin-
gle country pair—such as Japan and the United
States—or select countries—such as Japan, the
United States, and the European Union. While
examining countries or country pairs where knowl-
edge sourcing is likely helps demonstrate its exis-
tence, such selection of usual suspect countries
likely provides an incomplete perspective of how
firms employ this strategy and limits identification
of important theoretical motivations. Therefore, we
conduct a broader empirical test using a multitude

2 For example, ‘knowledge sourcing’ is different from ‘knowl-
edge spillovers.’ Knowledge sourcing helps explain why firms go
abroad; while knowledge spillovers are one of several channels
through which firms might obtain targeted knowledge.
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of country-pairs emanating from a specific focal
country—the 35 countries where U.S. firms invest
around the world.3 We examine what country-
industry attributes attract more investment: why
certain industries in certain countries receive more
investment. To do so, we make use of a compre-
hensive dataset from the U.S. Department of Com-
merce, Bureau of Economic Analysis that tracks
the count of investment transactions made by U.S.
firms abroad.

Recognizing that firms invest abroad for rea-
sons besides knowledge sourcing—most notably
to follow an internalization (market seeking) strat-
egy—we account for these other reasons by
including several control variables; for example,
to control for obtaining low cost factors as a moti-
vation, we include measures to reflect factor costs
(for a review of motivations for conducting foreign
investment, see Caves,1996).

To isolate knowledge sourcing versus other
strategies, we make use of the fact that firms moti-
vated by technology or knowledge sourcing will
be attracted to locations with technical activity.
In contrast, firms pursuing an internalization (mar-
ket seeking) strategy, or other strategies, will be
attracted to other attributes such as market size
or factor costs. As such, we include several mea-
sures to indicate the size and type of knowledge
present across country-industries as well as other
measures to reflect market attractiveness and other
potentially important traits.

Using data for 1989–1999, we examine the
influence of technical similarity between country
pairs and the size of knowledge stocks in the home
and host countries. Measuring knowledge stocks
using patent counts, we use the composition of
patents across patent classes to measure techni-
cal similarity. We find that country-industries with
larger stocks that are more technically similar to
the United States are more attractive. From among
several explanations for why firms source knowl-
edge, this finding highlights U.S. firms investing
abroad as a springboard to reduce their fixed R&D
costs.

We proceed as follows. In the next section, we
review and develop motives for firms to use a
knowledge-seeking strategy. We then argue that
certain attributes would make a country more

3 While we started with the 60 countries where U.S. firms
invested during this time period, missing data for key control
variables limited our subsequent empirical investigation to 35
countries.

attractive for knowledge sourcing. Next is method-
ology, followed by data, and results. Finally, we
highlight several findings, discuss future research,
and conclude.

INTERNATIONAL KNOWLEDGE
SOURCING

Countries vary in the type and nature of their inno-
vations and intellectual activity due to differences
in their innovation systems, such as intellectual
property and trade policies, educational systems,
and agencies promoting R&D. For example Fur-
man et al. (2002) show that scale of R&D (R&D
workforce, R&D spending) and productivity of
R&D (intellectual property protection, openness to
trade, sources of R&D funding) lead to differences
in patenting rates.

Because of these differences, Cantwell (1989),
Wesson (1993), and Kuemmerle (1999) argue
that firms may supplement their existing techni-
cal capabilities by expanding internationally. Such
expansion would allow them to access new tech-
nology, skills, or knowledge; which might be
product, process, and/or managerial in nature. As
such, the literature in international strategy raises
two explanations for sourcing knowledge abroad:
catching up and sourcing technical diversity.

A third possibility, that of an R&D springboard,
comes from applying findings in technology strat-
egy regarding investment cost for new genera-
tions of technology. More advanced technologies
require substantial fixed costs to be invested before
output in the form of viable commercial innova-
tions result. For high-tech industries, Pisano et al.
(1988) note that initial development costs increase
with each subsequent generation of technology;
market participation for new generations requires
greater initial investment. As a result, firms would
seek out R&D activity similar to their own to build
upon.

These rising investment hurdles lead firms to
look externally for complementary knowledge in
order to reduce their own internal investment costs.
Ahuja and Katila (2001) argue that instead of mak-
ing their own series of investments, firms can grow
their knowledge base by acquiring other firms
and the other firms’ knowledge stocks. Similarly,
looking at the motivations for alliances, Samp-
son (2004) argues that these increasing develop-
ment costs are a significant motivation for firms
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to engage in R&D alliances and share the initial
fixed costs with others, instead of covering them
alone. Besides such formal arrangements, firms
might also reduce the incremental fixed costs they
face by sourcing externally generated knowledge
through indirect means of spillovers.

We expect these increasing fixed costs to be
an important motivation for international expan-
sion. This is because the escalating costs affect
the competitors that a firm faces and, as a result,
who the firm looks to as a source for complemen-
tary external knowledge. Thinking about domes-
tic competitors, for a given domestic market size,
there will be fewer participants as fixed costs
increase; this rising entry barrier limits the play-
ers since there will be reduced hopes of covering
the initial investment costs. Among these fewer
participants, concerns about sharing knowledge
with such immediate competitors may dissuade
alliances. Similarly, with fewer participants, acqui-
sitions of domestic competitors are more likely
to encounter antitrust constraints. In contrast, for-
eign competitors become increasingly important
because these rising fixed costs drive globaliza-
tion; fewer firms in each country will be able to
afford the rising investment hurdles and firms that
can overcome these hurdles will increasingly com-
pete beyond their own home markets to recoup
fixed costs as their domestic markets alone become
increasingly insufficient. This growing importance
of foreign competitors makes them increasingly
attractive sources for external knowledge. As a
result, firms will increasingly consider acquiring,
allying with, or setting up greenfield facilities near
foreign firms to tap into complementary knowledge
in other countries.

What attributes would attract firms expanding
abroad to access technical and innovative activity?
Each of the three explanations highlights different
attributes. Catching up emphasizes relative posi-
tion in knowledge stocks—firms from country-
industries that are further behind will be drawn to
other country-industries with greater stocks. Sourc-
ing greater technical diversity suggests the nature
of knowledge stocks is important—how similar or
different stocks are across countries. R&D spring-
board focuses on the size of similar knowledge
stock—how firms might use other countries’ activ-
ities to build upon their own R&D activities.

Catching up suggests that firms in industries
whose country is further behind will expand abroad
to those countries that are further ahead. This

focuses on relative knowledge stocks between the
focal country-industry and target country-industries
suggesting that larger stocks in target country-
industries are more attractive.

This catching up perspective is coupled with
a competitive consideration. Larger knowledge
stocks may be the result of a location with more
competitors, stronger competitors, or both. Such
competitors are likely aware that trying to bor-
row others’ knowledge is a possible strategy. As a
result, participants in highly competitive markets
are likely to actively protect their knowledge base.
They will be careful to consider partners’ incen-
tives before entering alliances, focus on retain-
ing key scientists and engineers, and have tight
relationships with critical suppliers; all of which
will decrease the potential for knowledge sourcing.
Therefore, if markets with more patents are also
more competitive, then while the amount of knowl-
edge for knowledge sourcing may be large, the suc-
cess of accessing the knowledge may actually be
low due to these protective mechanisms. Even with
this competitive consideration, we expect potential
for knowledge sourcing to dominate, especially in
knowledge-intensive industries, though the empiri-
cal tests will determine whether catching up or the
competitive effect dominates.4

Hypothesis 1: The larger the host country-
industry’s knowledge stock relative to the home
country-industry, the more attractive the host.

Turning to the nature of knowledge, the logic
behind sourcing technical diversity suggests an
interest in different technical activity: the more
different the activity, the more attractive. This
desire for technical diversity is likely tempered
by a firm’s ability to absorb knowledge. A firm’s
absorption is affected by how similar or differ-
ent the desired knowledge is, with absorption
likely becoming increasingly difficult as knowl-
edge becomes more dissimilar. Essentially a firm
will need some preexisting related knowledge
stock to identify, acquire, and employ additional
new information. When such overlap between
what the firm already knows and what it wants to
learn doesn’t exist, then absorbing the new target
knowledge will be difficult. This suggests that:

4 If firms’ managers believe the benefits of knowledge spillovers
outweigh the costs of competitive considerations for a particular
market, then firms will invest and we will observe significant
results in the empirical tests.
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Hypothesis 2: A host country-industry’s attrac-
tiveness first increases with dissimilarity of home
and host country-industry knowledge stocks, and
then decreases after dissimilarity crosses a
threshold.

For the third motivation, R&D springboard,
the objective is to supplement R&D activities at
home with knowledge sourced abroad to surmount
investment cost hurdles for new generations of
products. This suggests two components. First is
the magnitude of target country-industry technical
activity with greater activity being more attractive.
The second component is the type of knowledge
sought. The technical activity in the target country-
industry has to be similar to that being conducted
at home or the aggregate of home and host activity
will not grow; large stocks different from exist-
ing home activity will not help surmount the fixed
cost hurdle for succeeding generations’ products
and technology. The technical activity in the target
location has to be similar to that being conducted
by firms from the focal country. Putting these two
components of R&D springboard together sug-
gests:

Hypothesis 3: The larger and more similar the
host country-industry knowledge stock relative
to the home country-industry, the more attrac-
tive the host country-industry.

This is somewhat of an opposite expectation
than that of Hypothesis 2, where sourcing tech-
nical diversity led to preferring differences. The
empirical tests will determine whether the tech-
nical diversity or R&D springboard perspective
receive support.

Overall, the three explanations suggest the
importance of potential host country-industries’
knowledge stock size, the home country-industry’s
knowledge stock size, and the host country-
industry stock’s technical similarity relative to the
home country-industry.

METHOD

We test the attractiveness of these country-industry
attributes using a count-based measure of foreign
investment—how many incremental investments
are made a year in each of a multitude of different
countries and their industries. The empirical model

must accommodate the nature of these counts:
nonnegative, integer values with a high frequency
of zero and small integer values. As such we use
a count-based model: the negative binomial. Zero
and small values of the dependent variable are
naturally incorporated into the model. The negative
binomial model is:

Pr[investment = p] = e−λλp

p!
(1)

Where:

- investment is the count of investment transactions
in a country-industry-year;

- λ is eβ ′X+ε

- X is a vector of country-industry attributes; and
- β is a vector of parameters

The focal attributes will be host country-indus-
tries’ knowledge stock size, the host country-
industry stock’s technical similarity relative to the
home country-industry, and an interaction between
the two. Summarizing the focal attributes, we have
a vector of attributes:

β0Host stock + β1Technical similarity

+ β2Host stock × Technical similarity (2)

Linking this set of parameters back to our theoretic
expectations, we can summarize our expectations
with the following relationships:

β0 > 0 Hypothesis 1 catching up receives support
β0 < 0 competitive effect supercedes catching up
β1 < 0 Hypothesis 2 sourcing technical diversity

receives support
β2 > 0 Hypothesis 3 R&D springboard receives

support

In addition to country-industry attributes we also
include country, industry, and year fixed effects.
Estimating fixed effects for nonlinear models with
maximum likelihood has the potential for the ‘inci-
dental parameter problem’—with panel data of
fixed T observations per individual; the slope
parameters (individual effects) are inconsistent on
the order of 1/T. While our interest is not with
these slope parameters, Greene (2002) recently
notes that for certain models while slope parame-
ters are consistent, estimated disturbance variance

Copyright  2008 John Wiley & Sons, Ltd. Strat. Mgmt. J., 29: 1207–1224 (2008)
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is biased, which would influence marginal effects.
Greene also notes that for a wide variety of mod-
els, when T increases above 5, slope parameter and
disturbance variance bias is minimal, which is the
case here: we use data from 1989–1999: T = 11.
Alternately in the robustness section we relax the
number of effects to be estimated by substituting
country attributes for fixed effects; when doing so
we obtain similar results for our focal variables.
We discuss these and other control variables below
in the data section.

DATA

Our empirical context is U.S. firms expanding
abroad from 1989–1999. As such we need data
on U.S. investment abroad as well as country-
industry attributes for a comprehensive range of
destination locations. In particular we require mea-
sures for countries’ knowledge stock size as well
as technical similarity relative to the United States
by industry for a wide swath of countries.

For the U.S. investment data we turn to the
Bureau of Economic Analysis (BEA) of the
Department of Commerce. One of the BEA’s con-
gressional mandates is tracking investment both
into and out of the United States via the Bench-
mark and Annual Surveys of U.S. Foreign Direct
Investment. While the aggregated data—such as
whether any U.S. firms invested in a particular
country or the total dollar value of investment in
a country is readily available, the BEA is required
to protect the identities of the U.S. firms that dis-
aggregated data might reveal. As such, more dis-
aggregated data requires the additional assistance
of the BEA. With such assistance, we were able
to obtain data on the count of investments in each
country-year, disaggregated by industry (a mix of
two- and three-digit standard industrial classifica-
tion [SIC] codes) and by investment mode (green-
field or acquisition).5 While further disaggregation
is possible, it requires substantial further assistance
by the BEA and is accompanied by commensurate
restrictions on how the data can be used.

Figure 1 illustrates the most popular destina-
tions for outgoing U.S. foreign investment for the
years 1989 through 1999. The top seven countries

5 Industry definitions may be based on either the parent or the
subsidiary. In situations where these are different, we use the
parent’s industry definition since it is the parent who is involved
in knowledge sourcing.

account for one-half of the total transactions. The
bulk of transactions are via acquisition, though
greenfield investments seem more numerous for
some developing countries.

We match this country-industry-year investment
count data to information on host country-industry-
year knowledge stock size and technical similarity.
To reflect the size and type of knowledge present
across country-industries, we use patents from the
National Bureau of Economic Research (NBER)
Patent Database. Patents allow us to readily quan-
tify these two dimensions due to the detailed infor-
mation regarding the nature of the technology.
Other potential measures such as R&D spending
are simply not available across many countries
disaggregated by industry, year, and technical spe-
cialty. While likely the only viable measurement
option, one possible shortcoming is whether a for-
eign country’s U.S. patents accurately reflects the
country’s technical activity; do U.S. patents origi-
nating from Argentina reflect Argentina’s technical
activity? While such a concern exists, the U.S.
patent system is certainly the most important in the
world for establishing intellectual property rights
(even outside of the United States); therefore any
significant innovations, regardless of where they
originate, tend to have U.S. patents.6

To indicate knowledge stock, we use patent
counts; more patents indicate greater knowledge
stock size. To link patent to industries we rely on
the ‘Concordance Between the Standard Industrial
Classification (SIC) Code System and the United
States Patent Classification (USPC) System’ issued
in January 2002 by the U.S. Patent and Trademark
Office (USPTO). This concordance maps USPTO
technological classes into 41 product fields that are
a mix of two-digit and three-digit SIC industries
with finer three-digit gradation in select high-tech
sectors.7 With this data we know the flow of

6 Eaton and Kortum (1999) develop a model of world economic
growth: countries grow by both innovating themselves and
adopting other countries’ inventions. A focal decision criterion
for a country’s growth is choosing between a national and
an international patent system—which affects other countries’
ability to adopt a nation’s innovations. Examining country-
level determinants of international patents, Furman et al. (2002)
operationalize international patents as those filed in the United
States by foreigners, which they argue accounts for significant
innovations at the world’s technical frontier because filing for a
U.S. patent is a costly undertaking and therefore foreign filers
obtain U.S. patents only for those innovations that they know
are or they expect to be important.
7 An alternate method for linking SIC industries and USPTO
patent classes is pioneered by Silverman (1999) who takes
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Figure 1. Top 25 destinations for U.S. outward foreign investment 1989–1999 Count of transactions by acquisition
and greenfield investment

patents for each country-industry-year. For year,
we use the filing date of a patent application rather
than the grant date of the patent since the filing
date is more indicative of when the knowledge was
created. For number of patents, instead of using
the yearly flow that can fluctuate dramatically
across years, we construct a moving stock using
the perpetual inventory method; we use the yearly
flow in 1976 as our starting point and depreciate
the existing stock by 20 percent while adding
additional patents each year.8

advantage of the Canadian Patent Office’s (CPO) practice of
assigning granted patents both an International Patent Class
(IPC) and an International Standard Industry Code (ISIC). Silver-
man then links these international identifiers to the U.S. equiv-
alents: IPC is linked to U.S. patent class and ISIC is linked
to U.S. SIC. This concordance was the only option available
to researchers prior to 2002 when the USPTO published their
direct U.S. tech class to U.S. industry mapping. In other work,
we compare the USPTO concordance to the Canadian-based con-
cordance and find a very high correlation: for patents awarded to
industry, academic, and government assignees the correlations
were 0.95, 0.94, and 0.95 respectively. We chose the USPTO
concordance because the one degree of separation method (U.S.
patent class–to–U.S. SIC) used by U.S. government officials
should have less noise or systematic bias than the three degrees
of separation method used by international trade and Canadian
officials.
8 The choice of this depreciation rate is based upon Hall (1993)
and Hall, Jaffe, and Trajtenberg (2001). Hall uses a 15 percent

Using the country-industry-year patent data we
can construct host location knowledge stock rel-
ative to home location. Relative position would
be a linear combination of the host patent count
and the home patent count—specifically the host
count less the home count scaled by the home
count. Instead of the linear combination, we sim-
ply include both of the component terms: ‘patent
count–host’ and ‘patent count–U.S.’ ‘patent
count–host’ is country-industry-year varying
while ‘patent count–U.S.’ is industry-year vary-
ing.

To indicate technical similarity between the
knowledge stock of a host country-industry and
the U.S.-industry, we use their overlap in distri-
bution of patent stocks across patent classes. We
replicate the measure used by Jaffe (1986) but at a

depreciation rate when building a stock of R&D based upon
R&D spending. We follow Hall’s (1993) ‘perpetual inventory
method’ but recognize that we are building a stock of patents
rather than an R&D stock. We choose a depreciation rate for
patents based upon patents’ timing of citations from Hall et al.
(2001) who show that patent citations peak after five years,
plateau briefly, and then decline quickly afterward. We use this
timing of citations as the basis for the 20 percent depreciation
rate. Lowering this rate of depreciation to 15 percent does not
affect our results.
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country-industry-year level—we compare similar-
ity by industry-year between two countries. This
measure has been used extensively in the inno-
vation and R&D productivity literature. Compar-
ing several possible archival measures of techni-
cal similarity contributing to knowledge spillovers
to innovation survey data, Kaiser (2002) recently
finds that Jaffe’s (1986) uncentered correlation to
be the best predictor for knowledge spillovers. The
measure (‘technical similarity’ ) is shown below:

technical similarity = FiFi′
′

√
(FiFi

′)(Fi′Fi′ ′)

× where i �= i ′ (3)

Fi and F ′
i are multidimensional vectors rep-

resenting the distribution of a country-industry’s
patents across multiple patent classes. Fi =
(Fi

1 . . . F s
i ), where F s

i represents the number of
patents assigned to country i in patent class s.
Technical similarity is then the extent that two
countries’ industry vectors overlap—the uncen-
tered correlation between a pair of countries’
industry technical stocks. Technical similarity
varies by country-industry-year. For example, the
technical focus of the Japanese, European, and
North American automotive industries may dif-
fer in a given year, and the technical focus of
the Japanese automotive industry may change over
time. This country-industry-year variation is con-
structed using within industry variation as follows.

To reflect the multiple dimensions of each
country-industry-year, we use 313 separate patent
classification categories; each country-industry-
year vector has 313 dimensions, though each
industry uses only a subset of the possible 313
categories (some of the 313 categories are consis-
tently zero within a given industry).9 We construct
the technical similarity measure for each country-
industry-year relative to the corresponding U.S.-
industry-year. Technical similarity varies from zero
to one, with a value of one indicating that the two
vectors are completely overlapped—that the two
country-industries have the greatest possible tech-
nological similarity.

Figure 2 shows two distributions: (1) the tech-
nical similarity between the United States and all

9 To do so, we needed to supplement the NBER Patent Database
with raw patent data. The NBER Patent Database provides a
patent’s class, but not the more detailed subclass that is needed
to construct the vectors.

other country-industry-years that U.S. firms could
have invested—12,969 in total and (2) the tech-
nical similarity between the United States and
other country-industry-years where U.S. firms did
invest—1,769 U.S. investment transactions were
made in 1,262 country-industry-years. Looking
at the upper distribution, two aspects appear:
there are numerous country-industry-years with
zero overlap in technical similarity; and excepting
these zero overlap cases, the number of country-
industry-years tends to increase with similarity—
country-industry-years with greater similarity are
more numerous. This suggests, simply by how
numerous the cases, that U.S. firms have a good
chance of randomly choosing both locations with
zero overlap and high overlap. At question is
whether U.S. firm location choices are higher or
lower than the base rates shown in the upper dis-
tribution. Looking at the lower distribution: while
country-industry-years with high technical similar-
ity generally seems to have a greater number of
investment transactions (potentially at a higher rate
than in the upper distribution), a small but dis-
tinct number of investment transactions are made
in country-industries-years that have no technical
overlap at all with the United States (potentially at
a lower rate than in the upper distribution). Con-
scious that this zero overlap discontinuity might
affect the coefficient estimate for ‘technical sim-
ilarity’—a linear estimate would have difficulty
reflecting both high similarity/many investments
and zero similarity/many investments—we also
include a dummy variable ‘technical similarity
equal zero’ to account for this zero similarity/many
investments possibility.

Recognizing that firms invest abroad for a vari-
ety of reasons besides sourcing knowledge, we
also include several control variables. For example,
in addition to locations’ technical activity, Henisz
and Macher (2004) show that locations’ political
hazards interact with locations’ technical activ-
ity to determine firms’ location decisions. Instead
of including numerous other variables to account
for a multitude of other explanations, we include
several sets of fixed effects. For the 11 years of
data: 1989–1999, we include 10 year dummies;
for the 41 product fields/industries, we include
40 industry dummies. For the 35 countries where
U.S. firms invest, we included 34 country effects.
This complete set of country, industry, and year
effects accounts for many alternate explanations.
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For example, country effects account for attrac-
tiveness of large markets, access to inexpensive
inputs such as labor, and other relatively con-
stant country attributes. Industry effects account
for greater international competition, lower fixed
costs for investment abroad, or similar explana-
tions.

Beyond these three sets of fixed effects that
account for many alternate explanations, we also
pay careful attention to the main alternate expla-
nation of why firms expand abroad—to access
new markets (via internalization). While country
fixed effects account for market size and similarity,
we also recognize that markets may be becoming
more or less similar to the United States, and those
markets that are becoming more similar are likely
to be more attractive to U.S. firms for two rea-
sons. First, consumer preference becoming more
similar allows U.S. firms to sell existing products
and services with little modification. For example,

while Mexico and Canada have roughly the same
gross domestic product (GDP)—924.4 billion in
2002 versus 934.1 billion respectively—the Cana-
dian market is more similar to the U.S. market
and is likely to move in a similar fashion to the
U.S. market, thus making Canada more attractive.
Second, U.S. firms may use the host country as
an export platform that would require a compara-
ble richness of factor inputs and dynamic shifts in
factor input stocks for the firms’ production pro-
cesses. Similarly, relocating production to Canada
would require firms to modify their existing pro-
duction processes less than relocating to Mex-
ico would.10 To assess customer and factor input

10 Of note, if attracted to relocate production to Mexico for
cheap labor, firms are unlikely to open their own subsidiary.
Relocation of activity to less expensive locations is likely to
be outsourced. Dissimilarity in revealed comparative advantage
suggests a country-industry may be attractive for outsourcing,
but not for foreign investment.
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similarity we make use of comparative advan-
tage: that a country’s exports intensively use factor
inputs that the country is most rich. For example,
the United States tends to export capital inten-
sive products while developing nations tend to
export labor intensive products. Using data from
the NBER International Trade Database11, we con-
struct the revealed comparative advantage (RCA)
for each country-industry-year. Revealed compar-
ative advantage is the country’s share of world
exports of an industry divided by the country’s
share of total world exports. The index for country
i industry j is RCAij = 100(Xij/Xwj)/(Xit/Xwt).
We then scale each country-industry-year’s RCA
by the corresponding U.S.-industry-year RCA to
give a relative measure to the United States
(‘revealed comp. adv. ratio’ ).

Descriptive statistics for the above variables and
several additional country control variables dis-
cussed in the robustness section as alternatives to
country fixed effects are shown below as Table 1.

In the subsequent empirical tests we take the
logs of several of the independent variables before
regressing count of U.S. investment transactions
on them.12 We do so to facilitate assessing eco-
nomic significance (with independent variables in
logs, the associated coefficient estimates are to be
interpreted as elasticities) and to reduce the weight
accorded to outlying observations. We take the logs
of ‘patent count–host,’ ‘patent count–U.S.,’ and
‘revealed comp. adv. ratio.’

RESULTS

The results of exploring the relationship between
host country-industry attributes and count of U.S.
investments into those countries-industries are
shown below in Table 2. The first column is a
benchmark specification that includes the three
sets of fixed effects and the ratio of host to U.S.
revealed comparative advantage (‘revealed comp.
adv. ratio’ ). Subsequent columns introduce other
focal independent variables, notably technical sim-
ilarity.

Looking across the columns ‘revealed comp.
adv. ratio’ is consistently positive and signifi-
cant. The more a country-industry’s share of world

11 See Feenstra (1996, 1997) for more details.
12 When doing so, if an independent variable’s minimum value
is 0, we add 1 since log of 0 is undefined.

exports relative to the corresponding U.S.-industry,
the more attractive the country-industry is for U.S.
investment.

Turning to the focal independent variables,
Columns 2 through 6 incrementally introduce the
focal independent variables. Columns 2 and 3
separately introduce the two components for the
‘catching up’ explanation. We see in Column 2
that ‘patent count–U.S.’ via both individual t-test
and incremental log likelihood test (0.03 differ-
ence in LogL from Column 1 versus Column 2 for
1 degree of freedom (d.o.f.) has a probability value
of 0.874) is not significant. In Column 3, ‘patent
coun—host’ has is positive and significant t-test
(0.3640 coefficient estimate with a 0.187 standard
error is significant at the 10% level for a two-tailed
test), but a nonsignificant incremental LogL (1.88
difference in LogL for 1 d.o.f. has a probability
value of 0.171). If ‘patent count–host’ was signif-
icant via both t-test and incremental LogL test, the
results would suggest that the host country’s posi-
tion was an important determinant of U.S. invest-
ment abroad. And since the coefficient for ‘patent
count–U.S.’ is not significant, it would be the
absolute position (only ‘patent count–host’ mat-
ters) rather than the relative position (both ‘patent
count–U.S.’ and ‘patent count–host’ matter). But
since both are not significant, the catching up
expectation is not supported in this context, which
is not that surprising since U.S. industries are likely
leaders on average and therefore would not need
to catch up.

Columns 4 and 5 introduce the uncentered cor-
relation ‘technical similarity’ and ‘technical sim-
ilarity equal zero’ to explore the ‘sourcing tech-
nical diversity’ expectation. Initially in Column 4,
the coefficient estimate for ‘technical similarity’ is
negative, which is consistent with a sourcing tech-
nical diversity argument, but is far from significant.
Once ‘technical similarity equal zero’ is accounted
for in Column 5, the coefficient for ‘technical sim-
ilarity’ becomes positive but remains far from sig-
nificant. Investigating the second part of Hypothe-
sis 2, whether high levels of dissimilarity make a
host country-industry unattractive, we find intro-
ducing a quadratic term does not significantly
improve model fit.13

13 Versus the model in Column 5, the additional quadratic term
decreases log likelihood by only 2.32, which for 1 d.o.f. has a
probability value of 0.13.
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Table 2. Effect of foreign country technical activity on U.S. foreign investment
negative binomial regression–count of U.S. subsidiaries abroad by country-industry-year

baseline attractiveness of target country technical activity

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

country effects included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗

industry effects included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗

year effects included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗

revealed comp. adv. ratio 0.2239∗∗∗ 0.2239∗∗∗ 0.2135∗∗∗ 0.2157∗∗∗ 0.2206∗∗∗ 0.2129∗∗∗

(0.041) (0.041) (0.041) (0.041) (0.041) (0.041)
patent count–U.S. −0.0733 −0.1269 −0.1237 −0.1097 −0.1417

(0.328) (0.329) (0.330) (0.329) (0.330)
patent count -host [H1] 0.3640∗ 0.3440∗ 0.2792 −2.1583∗∗∗

(0.187) (0.188) (0.191) (0.782)
technical similarity (U.S.-host) [H2] −0.1576 0.1904 −0.0673

(0.178) (0.224) (0.231)
technical similarity equal zero 0.5547∗∗∗ 0.3977∗

(0.209) (0.210)
patents(host)∗ tech sim. [H3] 3.0105∗∗∗

(0.897)

Observations 12 969 12 969 12 969 12 969 12 969 12 969
Log likelihood −3520.11 −3520.08 −3518.21 −3517.81 −3514.28 −3507.22

compare model (1) vs (2) (2) vs (3) (3) vs (4) (4) vs (5) (5) vs (6)
difference LogL 0.03 1.88 0.39 3.54 7.05
additional d.o.f. 1 1 1 1 1
chi-squared test 0.874 0.171 0.532 0.060∗ 0.008∗∗∗

compare model (2) vs (3) (2) vs (4) (2) vs (5) (2) vs (6)
difference LogL 1.88 2.27 5.80 12.86
additional d.o.f. 1 2 3 4
chi-squared test 0.171 0.322 0.121 0.012∗∗

Pseudo r-squared 0.277 0.277 0.277 0.277 0.278 0.280

Standard errors in parentheses
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1% for two-tailed test

Focusing on ‘technical similarity equal zero’ in
Column 5, the coefficient estimate is positive and
significant (a significant t-test at least a 0.01 level
and a chi-squared test for change in log likelihood
value of 3.54 that for 1 d.o.f. is significant at a
0.06 level). This shows that after using a mul-
tivariate test to account for other possible corre-
lates that a relationship suggested in Figure 2—the
attractiveness of no technical overlap country-
industries—persists. While this relationship may
simply reflect the high underlying count of zero
overlap choices—since they are more numerous,
U.S. firms may by chance select zero overlap
choices significantly more often—another possi-
ble explanation is a desire of some U.S. firms
investing abroad to avoid any possible competitors
that would benefit from the U.S. firms’ presence;
U.S. firms’ technical capabilities might spillover
thereby assisting competitors. For example, Shaver

and Flyer (2000) argue that stronger firms gener-
ate externalities that assist weaker ones and show
for foreign firms entering the United States that
stronger foreign entrants prefer to locate away
from places densely populated by U.S. firms. The
finding for ‘technical similarity equal zero’ would
be similar but at an international level: recogniz-
ing that their technical capabilities might spillover
thereby assisting competitors, some U.S. firms
choose zero technical similarity locations. To fur-
ther explore this possibility, we later examine dif-
ferences across modes of entry.

Column 6 investigates the ‘R&D springboard’
explanation and introduces ‘patent count–host’
interacted with ‘technical similarity’; larger and
more similar technical activity within the host
country being more attractive. The interaction term
of ‘patent count–host × technical similarity’ is
positive with both a very significant t-test and
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increase in log-likelihood. Comparing Column 5
to Column 6, the incremental change in log-
likelihood for the one additional d.o.f. is a 7.05
decrease that is significant at a 0.008 level indi-
cating that even though the interaction term is
highly correlated with the individual component
terms by construction, which might inflate the t-
test, that including the interaction term is a very
important explanatory factor. Also comparing Col-
umn 5 to 6, the coefficient for ‘patent count–host’
becomes strongly negative. The coefficient on
‘patent count–host’ is −2.1583 and the coefficient
on the interaction term of ‘patent count–host ×
technical similarity’ is 3.0105. Thinking about the
overall effect, ‘technical similarity’ ranges from 0
to 1 which indicates that country-industries with
technical similarity values of greater than 0.7169
are attractive to U.S. investment. Of course for a
given level of technical similarity of greater than
0.7169, a country-industry with a larger patent
count is also more attractive. But if technical
similarity is less than 0.7169 a country-industry
is unattractive, which suggests that a competi-
tive effect may dominate and discourage invest-
ment when there is insufficient technical similarity
to encourage investment. The results in Column
6 support the ‘R&D springboard’ expectation of
Hypothesis 3.

Overall for outward U.S. foreign direct invest-
ment, we find that country-industries with similar
technical profiles and with larger knowledge stocks
are increasingly attractive. These results are mainly
consistent with an explanation of firms investing
abroad to springboard their R&D activities.

ROBUSTNESS TESTS AND
ADDITIONAL HETEROGENEITY

Before settling on the above results, we con-
duct several alternate tests. First is verifying that
our set of fixed effects and ‘revealed comp. adv.
ratio’ act as adequate controls. To do so, we
introduce several other independent variables to
represent other common explanations for why a
country might be attractive for investment. We
include population (‘population’) and real GDP
per capita (‘real GDP ’) to represent how attrac-
tive a country is as a target market. As investment
may also be spurred by favorable exchange rates,
which makes acquisitions relatively less expensive,
or the cost of erecting new facilities less costly,
we included the real exchange rate (‘exchange

rate’). Also a country’s stance (‘openness’) toward
international economic flows will affect whether
firms are likely to invest, which is the sum of
imports and exports scaled by real GDP. Related
to openness is what types of laws a country has
in place to enforce patents (‘intellectual protect’);
weak enforcement would dissuade investment.14

Also to reflect gravity trade models—that more
physically distant markets are less attractive—we
include the distance between countries’ capital
cities (‘distance’). We also include countries’ frac-
tion of English- speaking population (‘English
speakers’).15 Table 1 lists these variables sources.
As these measures are only country or country-
year varying, when including them we omit coun-
try fixed effects, which would be perfectly colin-
ear. Introducing these measures also assesses the
potential incidental parameter problem; if results
stay similar when substituting country measures
for country effects, then the potential problem is
not a substantial issue. While the coefficient esti-
mates for ‘population,’ ‘openness,’ and fraction
of ‘English speakers’ have significant t-tests, the
log-likelihood for this model is less than even
the baseline model in Column 1 (−3583.93 ver-
sus −3520.11), which indicates that sets of fixed
effects account for numerous alternate explana-
tions. With this list of controls, the results for the
focal variables testing Hypotheses 1, 2, and 3 stay
the same in sign and significance as reported in
Column 6 of Table 2.

Besides empirical robustness, another important
conceptual consideration is the managerial logic
leading firms to pursue international knowledge
sourcing. An antecedent is that firm managers real-
ize the potential benefits from differences in coun-
tries’ knowledge stocks; but some managers may
be more aware than others. To assess this possibil-
ity, we make use of the level of import competition
an industry faces. U.S. firms in those industries
that face more import competition should be more
aware of knowledge sourcing benefits. For each
industry, we use the value of import sales divided
by domestic value added: a larger ratio indicates

14 We use the measure developed by Ginarte and Park (1997),
which reflects four categories of patent law: extent of coverage,
membership in international patent agreements, provisions for
loss of protection, and duration of protection. This measure is
constructed every five years from 1960 through 1990; we use the
measure from 1995, which is in the middle of our investigation
period.
15 ‘Distance’ and ‘English speakers’ are drawn from Hall and
Jones (1999).
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more import competition (to avoid any yearly fluc-
tuation in calculating these ratios, we use the aver-
age ratio for five years from 1989–1993). We
split our full sample into above and below median
imports and repeat focal specifications; the results
appear as Table 3 below.

Table 3 has six columns. The first two columns
are for the full sample (the same as in Table 2,
Columns 5 and 6) and act as benchmark speci-
fications. Recall that the specification in Table 2,
Column 5 tests Hypotheses 1 and 2; the specifica-
tion in Table 2, Column 6 tests Hypothesis 3 with
an interaction term. Interpreting Hypotheses1 and
2 is easier in Column 5 without the interaction
term. The four subsequent columns (two sets of
two specifications) represent the industries split by
above or below median imports.

While the full sample has no evidence for catch-
ing up, splitting the sample reveals that behavior
consistent with catching up occurs in lower import

competition industries. ‘Patent count-host’ is pos-
itive and significant in Column 5, but not in
Columns 1 and 3.16 Hypothesis 1 is supported for
lower import industries: firms in U.S. industries
exposed to less international competition expand
abroad to catch up, which is counter to expec-
tations. An additional finding, from Column 4,
is that support for Hypothesis 3 (R&D spring-
board: firms boosting their ongoing R&D activi-
ties) emanates mostly from higher import compe-
tition industries. Putting these two results together,
a possible explanation is that all U.S. firms even-
tually expect to experience high international com-
petition in this 1990s era of increasing globaliza-
tion. Firms in those U.S. industries with higher

16 We interpret the results in Column 5 instead of Column 6
because the incremental log-likelihood test comparing the two
specifications indicates that Column 6 does not significantly
improve over Column 5: introducing the interaction term in
Column 6 does not explain more variation (a decrease of 2.26
for 1 d.o.f. has a probability value of 13.2%).

Table 3. Effect of foreign country technical activity on U.S. foreign investment (split by import competition)
negative binomial regression—count of U.S. subsidiaries abroad by country-industry-year

split by import competition

full sample baseline higher imports lower imports

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

country effects included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗

industry effects included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗

year effects included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗ included∗∗∗

revealed comp. adv. ratio 0.2206∗∗∗ 0.2129∗∗∗ 0.2355∗∗∗ 0.2431∗∗∗ 0.1792∗∗∗ 0.1608∗∗∗

(0.041) (0.041) (0.069) (0.069) (0.055) (0.056)
patent count–U.S. −0.1097 −0.1417 0.2162 0.2200 −0.4629 −0.4919

(0.329) (0.330) (0.495) (0.496) (0.434) (0.435)
patent count -host [H1] 0.2792 −2.1583∗∗∗ −0.2595 −3.1545∗∗ 0.8632∗∗∗ −1.1164

(0.191) (0.782) (0.282) (1.568) (0.278) (1.006)
technical similarity (U.S.-host) [H2] 0.1904 −0.0673 0.2483 −0.0738 0.1459 −0.0342

(0.224) (0.231) (0.388) (0.406) (0.277) (0.287)
technical similarity equal zero 0.5547∗∗∗ 0.3977∗ 0.8584∗∗ 0.6490∗ 0.3780 0.2835

(0.209) (0.210) (0.352) (0.356) (0.260) (0.261)
patents(host)∗tech sim. [H3] 3.0105∗∗∗ 3.5409∗∗ 2.3333∗∗

(0.897) (1.774) (1.134)

Observations 12 969 12 969 6501 6501 6468 6468
Log likelihood −3514.28 −3507.22 −1452.64 −1449.57 −2024.08 −2021.82

compare model (1) vs (2) (3) vs (4) (5) vs (6)
difference LogL 7.05 3.07 2.26
additional d.o.f. 1 1 1
chi-squared test 0.008∗∗∗ 0.080∗ 0.132

Pseudo r-squared 0.278 0.280 0.295 0.297 0.273 0.274

Standard errors in parentheses
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1% for two-tailed test
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imports already need to coordinate domestic and
international efforts to be competitive, which leads
to investing abroad to springboard R&D activ-
ity. Firms in those industries with lower imports
can look to other industries already experiencing
increased globalization pressure and, rather than
wait for the international competitors to arrive and
then think about a catching-up strategy, some man-
agers in these industries may proactively invest
abroad in the important competing countries.

Exploring potentially important dimensions of
heterogeneity, we also make use of entry mode—
whether investment transactions were made via
greenfield or acquisition. Our data from the BEA
separates the count of outward U.S. investment
transactions into these two categories.17 For each
of these two entry modes we repeat the five focal
specifications from Table 2. Table 4 reports the
results for count of acquisitions and greenfield
investments respectively.

Results for acquisitions are in Columns 1
through 5 while greenfield investments are in
Columns 6 through 10. The attractiveness of coun-
tries with large patent stocks and similar tech-
nical profiles to the United States appears for
both acquisitions and greenfield investments; the
‘patent count–host × technical similarity’ inter-
action term is significant (Columns 5 and 10) and
improves model fit (Column 4 versus 5 and Col-
umn 9 versus 10, respectively). This suggests that
when seeking to springboard R&D activities, firms
use both entry modes. One difference is that the
improvement in model fit of Column 9 versus 10
for greenfield investments (2.79) is not as large
as the improvement for acquisitions in Column
4 versus 5 (4.34), which suggests that the use
of greenfield investments for knowledge sourcing
may be more limited. Another difference appears
in Column 9—the coefficient estimate for ‘techni-
cal similarity equal zero’ is positive and significant
via the individual t-test and incremental log likeli-
hood (a 2.82 decrease for 1 d.o.f. chi-squared test
is significant at a 0.093 level): ‘technical similarity
equal zero’ affects greenfield investments but not
acquisitions. This suggests that U.S. firms prefer
to establish greenfield investments for other rea-
sons besides as a springboard for their R&D activ-
ities. Since greenfield investments are typically

17 Joint ventures are reported in the appropriate category depend-
ing upon whether joint ventures were formed by acquiring exist-
ing entities or establishing new ones.

preferred to acquisition when the investing firm
has proprietary technical capabilities versus man-
agerial capabilities, U.S. firms may use greenfield
investments to protect their preexisting techni-
cal knowledge. This difference between greenfield
investments and acquisitions is consistent with
U.S. firms protecting their technical assets by mak-
ing greenfield investments in locations where the
local firms have no technical overlap—where the
local firms have little or no capability to absorb
technical knowledge from U.S. firms.

Another potentially important dimension of het-
erogeneity is a country’s level of economic devel-
opment. A low level of economic develop makes a
country substantially less attractive for firms intent
on knowledge sourcing. As such, we split our sam-
ple based on level of development into developed
versus emerging countries using a US$10,000 per
capita GDP cutoff and repeat the focal specifica-
tions from Table 2. As we would expect, these
tests show that all statistical evidence of knowl-
edge sourcing behavior is limited to the devel-
oped country sample; among emerging countries,
knowledge stock size and overlap measures are
uniformly insignificant. Excluding emerging coun-
tries from our sample would tend to strengthen our
results reported above.

CONCLUSIONS

The central role of knowledge for firms’ competi-
tive advantage has heightened interest in how firms
identify, acquire, and use knowledge external to
them. Several authors have recently highlighted
the strategy of firms expanding internationally to
source knowledge motivated by firms’ need to
‘catch up’ with others or to broaden their knowl-
edge portfolio by ‘sourcing technical diversity’
from other geographic locations.

We raise an additional motivation by applying
findings from technology strategy: that of an ‘R&D
springboard’ with firms looking to reduce their
fixed R&D costs by supplementing their internal
R&D activity with knowledge sourced externally
via acquisitions, alliances, or spillovers. To iden-
tify the several motives for international knowl-
edge sourcing, we use a comprehensive dataset
of outward U.S. investment to examine what
technology attributes of country-industries attract
more investment. This broader empirical context
allows us to simultaneously test these different
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motives and assess their relative importance. For
outward U.S. foreign direct investment, we find
that (1) country-industries with large knowledge
stocks of similar technical profiles are increasingly
attractive, (2) firms from industries experiencing
high versus low import competition view poten-
tial host country-industries differently, and (3) the
use of greenfield investments for knowledge sourc-
ing may be more limited than acquisitions. The
results don’t support ‘sourcing technical diversity’
or ‘catching up’ (except in industries experiencing
low import competition), but are mainly consis-
tent with an ‘R&D springboard’ explanation—that
firms would reduce their fixed R&D costs by seek-
ing out similar technical activity to combine with
their own. For firms expanding abroad, our results
highlight the importance of firms acquiring oth-
ers to springboard their R&D activities when a
country-industry has a larger amount of technical
activity and when this activity is similar to U.S.-
industry activity.

These results provide a more complete repre-
sentation for how firms use international knowl-
edge sourcing as a strategy. They highlight a
previously unidentified motivation of firms boost-
ing their ongoing R&D activities and suggest the
greater importance of this R&D springboard moti-
vation rather than for catching up or for sourcing
technological diversity.

The results also highlight the two-way nature of
knowledge sourcing: a firm going abroad to obtain
knowledge from local technical activity simulta-
neously becomes a potential knowledge source for
local competitors. Recognizing this potential haz-
ard, some firms choose to locate where the local
firms have no technical overlap. This result com-
plements Shaver and Flyer (2000) and Alcácer and
Chung (2007) who show that stronger firms may
want to prevent helping weaker ones by avoiding
their locations. Our results refine this argument by
suggesting that the extent of technical overlap is
another important determinant for whether firms
avoid one another.

Our investigation of knowledge sourcing based
upon attributes of potential host countries compli-
ments other recent findings by Feinberg and Gupta
(2004) who focus on the attributes of the U.S.
multinationals themselves. Feinberg and Gupta
examine likelihood of existing subsidiaries of U.S.
multinationals beginning to conduct R&D abroad
and find that more R&D activity in the country,
especially by other multinationals, is likely to lead

to multinationals seeking knowledge spillovers
by assigning R&D responsibility to that loca-
tion. Taken together, these studies—focusing on
attributes of the choices (countries) and of the
choosers (firms)—create an opening to further
improve our understanding of knowledge sourcing
strategy.

Several caveats for our results exist. While
examining a multitude of country pairs—one of
the countries in our pairs is always the United
States. This context likely contributes to our results
differing from the findings of Cantwell and Janne
(1999). Cantwell and Janne find that firms from
leading European countries source technical diver-
sity (they tend to patent in different technology
classes when abroad than they did at home), and
that firms from lagging European locations catch
up (these firms patent in the same classes abroad
and at home). These differences are likely driven
by our U.S. study context, which we see as a
complement to prior research. That U.S. indus-
tries are less likely to need to catch up helps
identify this additional motivation of firms using
knowledge seeking as a springboard to reduce
their fixed R&D costs. Another possibility for
why we don’t find evidence of catching up could
be the nature of our dependent variable—the
count of investments in each country-industry-
year—which can be noisy. Two other caveats
relate to our data. We use a country-industry-
year level of analysis; technical similarity is U.S.-
industry versus potential host country-industries.
If better data were available, technical similarity
could be made firm specific from the U.S. side;
the technical profile of the individual investing
firms might be introduced rather than the pro-
file for the U.S.-industry-year. At the subsidiary
level, being able to differentiate between sub-
sidiaries’ activities—whether they are manufac-
turing and/or R&D focused—would also be desir-
able. If such better data were available, we would
be able to further assess the robustness of our
results.

While further improvements exist, as far as we
know, ours is the first study that looks widely
across numerous countries to provide a richer sense
of how firms use knowledge sourcing as a strat-
egy. Theoretically, we broaden the set of motiva-
tions for using knowledge sourcing. Empirically,
we show the relative importance of these moti-
vations and also make use of entry mode and
industry import competition to tease out additional

Copyright  2008 John Wiley & Sons, Ltd. Strat. Mgmt. J., 29: 1207–1224 (2008)
DOI: 10.1002/smj



1224 W. Chung and S. Yeaple

heterogeneity. Further improvements should simi-
larly broaden and deepen our understanding of this
strategic behavior.
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