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A B S T R A C T

Under what conditions does digital technology adoption increase cross location knowledge flows within firms?
We investigate this question by studying the impact of adopting basic Internet access on cross-location knowl-
edge flows within the same firm. We construct a large data set of Internet adoption and patent citations among
dyadic pairs of firm-locations between 1992–1998. We find that when both locations in the pair adopt basic
Internet there is an increase in the likelihood of a citation between the citing and (potential) cited location. In
contrast, we find no significant effect of Internet adoption at only the citing location. We further study how this
effect varies according to the proximity of the research activities between the source and recipient of knowledge
and specialization of the research activities within the recipient. We find that the likelihood of a citation in-
creases more after dyadic Internet adoption when the pair is working in similar research areas and when the
research areas in the citing location are less specialized. These results, which are robust to a range of robustness
analyses, suggest that digital technologies such as Internet connectivity are able to facilitate knowledge flows
between locations only when they share a common knowledge base.

1. Introduction

Research and development operations are often physically dispersed
within firms (Leiponen and Helfat, 2011; Miller et al., 2007; Penner-Hahn
and Shaver, 2005; Singh, 2008). Such geographic dispersion confers
benefits, including the ability to tap into local knowledge bases. However,
even within firms, it is often difficult to effectively transfer and use
knowledge produced elsewhere within an organization (Allen, 1977;
Teece, 1977). The increasing digitization of innovation processes has the
potential to increase the flows of knowledge across locations within
geographically disparate organizations. However, there are often sig-
nificant barriers to the transfer of knowledge through digital systems.1

While the sources and consequences of these barriers have been explored
in the literature, a lack of systematic empirical evidence has made it dif-
ficult to quantify their effects and assess the conditions in which digital

technology can help overcome the well-known localization of knowledge
(e.g. Jaffe et al., 1993), leaving open a number of important questions.

One question of particular interest is whether digital technology
helps users to identify and absorb knowledge that they do not already
know, or simply reinforces existing areas of expertise. One view has held
that IT systems can enable users to access new sources of knowledge
outside of their own local cohort or group (e.g., Offsey, 1997), leading to
novel recombinations of ideas that generate significant scientific impact
(Uzzi et al., 2013) and that are important for economic growth
(Weitzman, 1998). Another has held that individuals use IT systems to
disproportionately reach out to existing contacts and those who share
similar tastes or knowledge bases (Gaspar and Glaeser, 1988; Rosenblat
and Mobius, 2004; Van Alstyne and Brynjolfsson, 1996, 2005). Thus,
there is the potential for adoption of digital technology2 to reduce the
importance of geographic distance but at the same time increase distance
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arising from differences in technical expertise (Van Alstyne and
Brynjolfsson, 2005).

To understand the implications of digital technology adoption for
reducing barriers arising from technological and geographic distance,
we begin by constructing a framework for understanding how digital
technology adoption influences R&D-related knowledge flows. This
framework documents differences in the barriers to IT-enabled knowl-
edge flows arising from the nature of technology and the presence of
collaborations between scientists in the two locations. Once we have
developed this framework, we examine the implications of the rapid
declines in communication costs that occurred around the time of the
initial commercialization of the Internet. Our research approach com-
bines detailed data related to Internet adoption with that on patent
citation patterns within large organizations.

We first examine the average change in patent citations that occurs
between dyadic pairs of firm locations after one or both locations adopt
Internet technology in the late 1990s. Because the process through
which Internet technology adoption will influence knowledge flows will
depend upon whether scientists are collaborating on a joint research
project, we examine separately the cases in which patents do and do not
arise from a collaboration. We show that dyadic Internet adoption—that
is, technology adoption at both citing and cited locations within the
firm—leads to an increase in the likelihood of a citation from patents
that do not arise from a collaboration between the two locations of 1.2
percentage points, or 17.6%. These results are stronger statistically and
economically than those arising from technology adoption at only the
citing location; controlling for the effects of dyadic technology adop-
tion, adoption at the citing location only has no statistically significant
effect on citation behavior. We present evidence from a range of ro-
bustness analyses to probe whether these results likely reflect a causal
relationship. In particular, we provide results from regressions in which
we instrument for Internet adoption using variables that will influence
the costs of adopting Internet technology but which should have little
impact on knowledge flows within firms.

We next turn to the primary goal of the paper—to explore whether
there are differential effects of technology adoption on knowledge flows
from close and distant technological areas. We find evidence that
adoption of Internet technology leads to knowledge flows that reinforce
existing areas of expertise. In particular, we provide evidence that
adoption of dyadic Internet increases the likelihood of knowledge flows
across all types of patents (i.e., those both arising and not arising from a
collaboration) only when the two locations are close in technological
distance or when the citing location is not technologically specialized
across a small number of fields. Adoption at the citing location only has
little effect on knowledge flows, whether they are specialized or not. In
short, while our results provide evidence of technology adoption
leading to an increase in geographically distant knowledge flows, this
holds only for cases in which the citing and cited locations share
common technological areas.

1.1. Related literature

Our findings contribute to several fields of research. First, we relate
to a broad literature that has demonstrated that knowledge flows are
localized (e.g., Jaffe et al., 1993; Thompson and Fox-Kean, 2005).3 In
particular, we are most closely related to studies that have shown the
benefits of co-location to knowledge exchange and innovation within
organizations (Allen, 1977), and that has demonstrated the impact of
co-location on innovation, commercialization, and product quality
outcomes (e.g., Catalini, 2018; Bercovitz and Feldman, 2011; Gray
et al., 2015). We also relate to a line of work that investigates the ef-
ficacy of organizational practices that shape knowledge flows and
knowledge exchange within geographically dispersed research

organizations (e.g., Hansen, 1999; Henderson and Cockburn, 1994;
Zhao, 2006). However, these works have not illustrated the impact of
digital technology adoption on knowledge flows.

Our research is also related to a line of work that has investigated
whether IT investments have changed the geography of scientific pro-
duction.45 Early network technologies such as BITNET increased sci-
entific collaboration, specifically across multiple universities (Agrawal
and Goldfarb, 2008; Ding et al., 2010; Walsh et al., 2000). However,
research that has investigated the effects of digital technology on the
benefits of co-location within firms has thus far delivered somewhat
mixed results. In a paper that is perhaps closest to this one, Forman and
van Zeebroeck (2012) use a similar cross-industry data set to provide
evidence that adoption of an early generation of Internet technology
lead to an increase in collaborations between researchers located in
distant geographic units within firm. However, other work has shown
that Internet adoption may not reduce the benefits of co-location be-
tween manufacturing and R&D (Gray et al., 2015).

We also speak to recent work that has argued that while new
communication technologies increase collaboration and knowledge
flows across physical space, they may also reduce interaction between
individuals with differing tastes, preferences, and social/professional
circles (Rosenblat and Mobius, 2004; Van Alstyne and Bryjolfsson,
2005). Some have argued that this may result in the balkanization of
science (Van Alstyne and Brynjolfsson, 1996). While we are unable to
confirm the specific data-generating processes argued for in these ear-
lier papers, we do provide empirical evidence that supports the view
that through lower communication costs, digital technology will dif-
ferentially increase knowledge flows from researchers of similar fields
relative to those who work in different research areas.

2. Research framework

Geographic distance has been shown to be a barrier to knowledge
flows within and between firms (Allen, 1977; Teece, 1977). While di-
gital technology reduces communication costs, prior work has sug-
gested that there may be considerable barriers to IT-enabled knowledge
transfer (e.g., Powell, 1998; Anderson et al., 2018).

Knowledge flows over geographical distance have been widely
studied in the field of economics of innovation. Our empirical tests are
motivated by this research, but also by the related field of knowledge
management and more specifically the knowledge-based view (KBV) of
the firm (Spender, 1996; Grant, 1996). In this stream of work, the firm
is viewed as a set of institutional arrangements to integrate and apply
knowledge at different levels (Grant, 1996). The KBV extends beyond
the mere transfer of knowledge to encompass its reuse or application
elsewhere to create new knowledge. While digital technology has been
studied as a potentially powerful channel to achieve knowledge in-
tegration, there has been limited systematic empirical evidence of the
kind that we present on the impact of specific digital technologies on
knowledge integration.

More importantly, knowledge integration is known to be harder to
achieve across organizational boundaries defined by distance, techno-
logical field, or other dimensions (e.g., Levina and Vaast, 2005;
Szulanski, 1996; Teece, 1977). The main reason lies in the tacit nature
of specialized knowledge (e.g., Polanyi, 1958). Knowledge is tacit when
“the aim of skillful performance is achieved by the observance of a set of

3 For a recent review of this literature, see Feldman and Kogler (2010).

4 Another line of works has investigated whether IT investment is associated
with an increase in innovation and productivity more broadly (e.g., Hall et al.,
2013; Kleis et al., 2012; Ravichandran et al., 2017; Wu et al., 2016).

5 We further acknowledge a significant literature in the field of information
systems on knowledge management (for one review see Alavi and Leidner,
2001). While this research informs our thinking of the challenges of knowledge
absorption, it does not centrally focus on the issues of digital innovation that
are our central concern.
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rules which are not known as such to the person following them.” (Polanyi,
1958, p. 49) Transferring such tacit knowledge requires its expression
(converting tacit knowledge into explicit knowledge, ‘articulation’ in
the words of Nonaka (1991)) and absorption. This in turn necessitates
the development of common codes and knowledge bases across the
source and recipient of tacit knowledge (Nonaka, 1991; Nonaka and
Takeuchi, 1995).

Nonaka (1991) denotes as “combination” the transfer of explicit
knowledge from one specialized individual or group to another. Argu-
ably, this is the type of transfer that would benefit the most from di-
gitization of documents since the knowledge is readily available in
explicit (hence transferrable) form: digitization facilitates communica-
tion of existing explicit knowledge. In contrast, applying and reusing
tacit knowledge requires tacit to explicit (articulation) conversions
(Nonaka, 1991). By and large, the knowledge management literature
points at direct interpersonal interactions as the key channels for such
transfers, typically in the form of collaborative work (e.g. cross-func-
tional teams) or job rotation (Nonaka and Takeuchi, 1995; Moenaert
and Souder, 1990). By lowering communication costs of interpersonal
interactions through technologies like email, the digital technologies
we study may also facilitate this type of knowledge transfer. However,
prior literature has suggested that digital technology may be less ef-
fective at these types of transfers than when transferring explicit
knowledge (Alavi and Leidner, 2001).

In sum, there is potential variance in the ability of digital tech-
nology to support knowledge transfers depending on the type of
transfer involved and in the type of transmission channel used.

2.1. Internet adoption and knowledge flows within an R&D organization

We examine the impact of Internet adoption on knowledge flows
within an R&D organization. Our research approach is informed by our
setting. We follow a long line of prior literature starting with Jaffe,
Trajtenberg, and Henderson (1993) and use citations between patents
to measure knowledge flows. It is worth stressing that a citation reflects
not just a transfer of knowledge from the source (the inventors of the
cited patent) to the recipient (the inventors of the citing patent) but an
actual instance of reuse or application as proved by the new (citing)
patent. A citation is therefore deemed to reflect the actual diffusion and
reuse of knowledge (i.e. integration) and forms our operational defi-
nition of a knowledge flow.

Our focus is on the adoption of Internet technology around the time
of the initial commercialization of the Internet. In our baseline esti-
mation strategy we examine the implications of Internet technology
adoption on the likelihood of a citation between two geographically
dispersed locations within an organization: that is, we estimate the
change in the incidence of citations between any two geographically-
distant establishments within a given firm when one or both of the firm
locations adopt Internet, compared to when the locations do not adopt.

In our setting, there are two aspects of how the technology is deployed
that can inform the mechanisms through which it contributes to
knowledge flows.

First, depending upon how it is adopted, Internet technology can
facilitate two different types of search processes. Internet adoption can
aid direct communication between users within an organization, as
when an inventor asks a colleague for help (e.g., Allen, 1977). It can
also lower the costs of searching for now-digitized documents. As noted
above, direct communication may be more effective than static docu-
ments at facilitating transfer of tacit knowledge. While our data do not
allow us to directly observe the process of information discovery within
an organization, our research design will enable us to separately
identify the effects of dyadic Internet adoption from that where only the
citing location adopts. We will use this distinction to provide some
insights into the relative importance of these different processes.

Second, within our setting we will also separately consider citations
that occur between two locations as a result of a patent arising from a
collaboration, and citations between the two locations that do not arise
as the result of a collaboration (i.e., there is no inventor based at the
cited location listed on the citing patent). This distinction may be sig-
nificant since in the context of a collaborative patent Internet con-
nectivity may come in support of the type of person-to-person inter-
action that is more effective at facilitating transfer of tacit knowledge.
The underlying mechanism through which digital technology con-
tributes to knowledge flows may therefore be different between colla-
borative and non-collaborative work.

Fig. 1, summarizes these two dimensions with our predictions on the
magnitude of the effect of Internet adoption on knowledge flows, which
we discuss next:

2.1.1. Knowledge flows arising from adopting digital technology at both
locations outside of collaborative work

In this subsection we investigate the effects of dyadic Internet
adoption on knowledge flows through direct interaction with distant
co-workers outside of a collaboration (cell A in Fig. 1). The process for
knowledge transfer from other employees can be motivated by models
of search (Garicano, 2000). In our setting, a piece of knowledge found
elsewhere in the organization may help the employee to solve a pro-
blem that arises within the research process. Employees continue to
search so long as the benefits of search exceed the costs. As they con-
tinue to search, they may be able to identify a better solution to their
problem. However, search is costly, and the outcome of future search is
also uncertain. For one, additional search may not yield a new idea that
is useful. Further, even if employees hear a solution to their problem
they may not be able to apply it effectively if they do not have the
requisite knowledge (Cohen and Levinthal, 1989, 1990; Nelson and
Winter, 1982). This directly points at the difference between knowledge
diffusion and knowledge integration.

Adoption of new Internet technology reduces the search costs of

Fig. 1. Expected effects of Internet adoption based on adoption type and collaborative nature of citing patents. A patent is deemed to result from a collaboration
between locations A and B if there is at least one inventor from each location listed as an inventor of the focal patent.
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accessing knowledge. It will also reduce transfer costs and facilitate
knowledge absorption (“articulation” in the words of Nonaka (1991)),
if Internet technology reduces the costs of person-to-person commu-
nication (e.g., through email). If the combination of search and transfer
costs fall sufficiently, then this increases the likelihood of a transfer of
knowledge. This represents a joint hypothesis that adoption of Internet
technology by both the sender and receiver will increase the likelihood
of search as well as the likelihood of knowledge flow conditional on
search.

2.1.2. Knowledge flows arising from adopting digital technology at one
location outside of collaborative work

We next consider the effects of Internet adoption at only the citing
(source) location on knowledge flows outside of a collaboration (cell B
in Fig. 1). Knowledge can be transferred in an organization through the
production and reading of technical documents (Allen, 1977). These
can include formal documents that are intended to be published ex-
ternally, such as patents or journal publications, or purely internal
documents such as lab notes. Like the transfer of knowledge arising
through dyadic communication among people, the transfer of knowl-
edge through technical documents can be viewed through a model of
search. Users will continue searching for documents until the benefits
no longer exceed costs. In short, adoption of Internet technology re-
duces the costs of transferring information that has already been co-
dified, or explicit-to-explicit transfers (“combination” in the words of
Nonaka (1991)).

However, unlike the mechanisms described in the prior section, use
of Internet technology in this way will not facilitate digitization of ad
hoc interactions that arise from questions about the underlying
knowledge and how it may improve upon and interact with the com-
ponents of an existing invention under development. In other words,
adoption at only one side of the location-pair dyad will not facilitate the
transfer of tacit knowledge, hence tacit to explicit conversions.

2.1.3. Digital technology adoption and knowledge transfer that arises from
a collaboration

Cells C and D of Fig. 1 present predictions of the effects of digital
technology on citations mediated through collaborations. Internet
technology can influence the likelihood of a citation mediated through
collaborations in two ways: by increasing the likelihood of a colla-
boration and by increasing the likelihood of a citation conditional on a
collaboration.

Prior work has demonstrated that adoption of digital technology
reduces the costs to geographically distant collaborations, and so will
increase the incidence of these types of collaborations (Agrawal and
Goldfarb, 2008; Ding et al., 2010; Forman and van Zeebroeck, 2012).
By creating a new team that spans locations, adoption of IT systems will
increase the likelihood of drawing on knowledge from both locations in
the pair. Firms with strong internal linkages such as cross-location
teams will be more effective at drawing on complementary knowledge
and resources within the firm (Alcacer and Zhao, 2012).

Thus, we expect that IT systems will also increase the likelihood of
knowledge flows between locations by increasing the incidence of
collaborations between locations and by facilitating knowledge trans-
fers within the context of an active collaboration. However, IT-enabled
collaborations will require adoption of digital technology across both
locations in the pair: pairs in which only the receiving location adopts
will not see an increase in collaborations (Agrawal and Goldfarb, 2008;
Forman and van Zeebroeck, 2012).

Adoption of digital technology can also potentially increase the
likelihood of knowledge flows conditional on a collaboration. In our
research design we will be unable to separate the effects of technology
adoption on the likelihood of a collaboration and the likelihood of
knowledge flow conditional on a collaboration. Rather, we observe the
combined effects of these two processes.

2.2. Conditions when the effects of digital technology adoption on
knowledge flows will be strongest

Novel combinations of new ideas have been shown to lead to the
most important discoveries (Weitzman, 1998; Boudreau et al., 2011;
Jones, 2009; Uzzi et al., 2013). Despite the potential benefits that can
be derived from using digital technology to access new ideas from
dissimilar fields, it is well known that searching for and combining
knowledge from dissimilar fields can be challenging (Fleming, 2001;
Kogut and Zander, 1992; Schilling and Green, 2011). As noted above,
digital technology may have uneven efficacy of transferring different
types of knowledge. Because of the differing benefits of integrating
different types of knowledge and uneven benefits of Internet adoption
in facilitating knowledge flows, it is unclear ex ante whether adoption
of Internet technology will facilitate flows of similar or dissimilar
knowledge.

In the next section, we describe our efforts to take a first step at
answering this question. We do this by measuring how variance in the
concentration of prior knowledge at the recipient location and proxi-
mity of prior knowledge of inventors between the source and recipient
influences the manner in which Internet technology adoption influences
cross-location knowledge flows. We first discuss our baseline case of
non-collaborative patents, and then discuss the case of collaborative
patents.

2.2.1. Moderating role of technological proximity and specialization outside
of collaborations

Searching across different research domains is generally more costly
and uncertain relative to searching within domains (Fleming, 2001;
Schilling and Green, 2011). In addition, inventors in related fields may
have stronger social ties that have been developed through prior col-
laborations or interactions. As noted above, the types of digital tech-
nologies that we study can facilitate access to documents through the
web or facilitate direct communication with pre-existing sources or
existing social connections. However, it is not as effective at estab-
lishing new social connections (Gaspar and Glaeser, 1998). It is well
known that searching across organizational units may be difficult be-
cause of a lack of direct communication and relationships (e.g., Allen,
1977; Galbraith, 1973), and this absence of prior relationships may
make it difficult for knowledge transfer even when the costs of com-
munication are lowered by digital technology. For cases when only the
citing location adopts, users may not be aware of databases or intranet
pages where the knowledge resides (Jordan and Jones, 1997).

Further, even conditional on identifying useful knowledge, in-
ventors may experience challenges absorbing and putting to use new
ideas from different areas (Cohen and Levinthal, 1989, 1990;
Henderson and Clark, 1990). As discussed above, such challenges may
have different causes.6 This points again at Nonaka’s notion of “ar-
ticulation” that is necessary to achieve integration.

For these reasons and others, several authors have claimed that
face-to-face interactions and worker mobility are better channels than
digital technology to transfer knowledge across fields or functions
(Gupta and Govindarajan, 2000; Kogut and Zander, 1992). Since dyadic
Internet adoption facilitates bilateral interactions, it may have an ad-
vantage in facilitating transfer across fields relative to adoption at only
the citing location.

In sum, other things equal the (gross) benefits of Internet-enabled
knowledge transfer will be greatest among dissimilar or more specia-
lized knowledge bases for which the benefits of use are greatest.
However, the margin of Internet technology that we study will be most
effective in helping inventors to search for and transfer knowledge in
similar fields. Because proximity in research will influence costs and

6 For examples, see Kogut and Zander (1992); Leonard-Barton (1988), and
Fleming (2001).
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benefits in opposite directions, we are unable to sign ex ante the net
effects of these differences, and instead use the data to determine them.

2.2.2. Moderating role of technological proximity and specialization in the
context of collaborations

As noted above, we expect Internet adoption to contribute both to
the incidence of collaborative work and to the intensity of knowledge
transfer within an active collaboration. This effect may also be influ-
enced by the heterogeneity and concentration of the knowledge bases at
the two participating locations. As noted before, the benefits of com-
bining knowledge from unrelated fields is high. However, collabora-
tions are seen as one way of facilitating recombination across distant
fields (Jones, 2009) and the primary mechanism to achieve cross-
functional integration (Moenaert and Souder, 1990). Therefore, the
implication of Internet adoption might be different in the context of
collaborative research projects.

While the benefits of collaborations across fields may be higher,
collaborations between workers in different specialized areas is also
more difficult (Becker and Murphy, 1992). Prior work has demon-
strated the ability of digital communication technology to reduce the
costs of collaborating across physical distance (Agrawal and Goldfarb,
2008; Forman and van Zeebroeck, 2012), but has also shown there are
significant costs of technology-enabled distributed work when workers
do not have a shared knowledge base (Srikanth and Puranam, 2011).
Thus, adoption of Internet technology may be unable to facilitate col-
laborations across distant and/or narrower fields.

Provided such a collaboration nonetheless occurs, Internet tech-
nology will – per our earlier discussion – likely be more efficient at
transferring and integrating knowledge within a given field than across
fields. Consequently, within collaborations as well as outside of colla-
borations, the effect of dyadic Internet adoption on knowledge flows
may increase when scientists are working in similar or overlapping
research areas.

3. Empirical strategy

3.1. Estimating the average effect of Internet on citations

In our baseline estimation approach we used fixed effects panel data
regression models. The unit of observation is a within-firm location
dyad-year, and due to data constraints we observe behavior every other
year. Our use of fixed effects will difference out the effects of time-
invariant dyad unobservables that may influence the incidence of ci-
tations between the two establishments. Our approach yields the fol-
lowing estimating equation:

Citation X Z di Internet µijkt ijkt ijkt ijkt ijk t ijkt1 2= + + + + + (1)

Citationijkt indicates the existence of at least one US patent of firm i
that was applied for in year t or the preceding year, that was invented in
location j, and that cites another patent invented in location k of the
same firm in the 10 preceding years (we have explored robustness to
alternative time windows). Depending upon the specification,
Citationijkt can represent citations that arise from patents that are the
result of a collaboration between locations j and k in the citing patent
(which we label collaborative patents), patents that do not arise as a
result of such a collaboration (which we label non-collaborative patents),
or citations that arise from either collaborative or non-collaborative
patents. Our main variable of interest is Internetijkt, which indicates
whether Internet had been adopted. We consider two types of Internet
adoption: dyadic adoption exists when both locations j and k of firm i
had both adopted Internet in or before year t, while citing only adoption
exists as soon as the citing location j adopts has adopted by year t.

Xijkt is a vector of time-varying controls at the establishment-pair
level such as the log of patent stock in the pair over the prior 10-year
period and the log of per-establishment R&D spending. Zijkt is a vector

of time-varying controls for local characteristics such as local average
weekly wages and the log of local employment. μijk measures pair fixed
effects and τt measures time fixed effects.

We utilize the fact that in the first two years of our data, 1992 and
1994, adoption of basic Internet within firms in our sample will be
equal to zero. This is because these two years predate the commercia-
lization of the Internet. For the parameters in Eq. (1) to be identified,
we require significant within-firm variance in basic Internet adoption
within firms in 1996 and 1998, over the period when the commercial
Internet began to diffuse. Using a similar sample, Forman and van
Zeebroeck (2012) demonstrate significant variance in Internet adoption
across locations within firms; in general, firms did not adopt basic In-
ternet across all establishments at the same time.

3.2. Model identification

A relationship between adoption of Internet technology and cita-
tions between locations does not, in itself, allow us to assert that our
findings are consistent with the data-generating processes described
above. A general concern with our research design is that there might
be unobserved time-varying factors that could be correlated both with
Internet adoption and with knowledge flows. For example, a firm-wide
effort to increase knowledge flows between researchers could give rise
to Internet adoption.

To address these latter concerns, we explore the robustness of our
results. First, we explore whether our results appear at the “correct”
time. We examine whether a variable capturing dyadic Internet adop-
tion prior to when adoption actually occurs is associated with an in-
crease in citations. If we observe that such a pre-adoption indicator is
associated with citation flows, this is evidence that is suggestive of
omitted variable bias.

Second, we explore the robustness of our results to the use of in-
strumental variables. We instrument for Internet adoption using vari-
ables that will shift the costs of adopting Internet technology but should
have little effect on knowledge flows. Because the instruments are
shaped by regional variation, we compute the variables for each of the
two locations in the dyad and then take the average. We use two in-
struments. The first instrument captures local telecommunications
costs: It is the year in which the state changed to rate of return (ROR)
regulation for telecommunications services. Changes in regulatory
policy can influence the likelihood of basic Internet adoption in two
ways, in potentially opposite directions. First, by directly lowering the
costs of purchasing telecommunications services, they may directly
influence the costs of adoption. Second, as Greenstein and Mazzeo
(2006) note, this variable can capture local variance in regulatory
stringency.

We also instrument using the number of ARPANET nodes in the
MSA. The ARPANET was a wide area network that was a predecessor to
the Internet. Increases in this variable will represent gains to local fa-
miliarity with Internet technologies. (Forman, Goldfarb, and Greenstein
(2005, 2008) argue that such local capabilities and expertise can lower
the costs of adopting Internet technologies.

As noted earlier, Internet adoption is zero in 1992 and 1994. As a
result, we interact each instrument with a dummy variable that is equal
to one during 1996 and 1998 and zero otherwise.

Another possibility is that Internet adoption reduces the costs of
accessing knowledge from everywhere in the organization, not just
locations that are geographically dispersed. In this case, the localization
of knowledge flows would not change but the coefficient on β may still
be positive because of the firm-wide trend of an increase in citations. To
investigate this possibility, we examine the effects of Internet adoption
on the likelihood of a citation between inventors within the same MSA
and compare it to our baseline estimates.

Another potential issue is that adoption of Internet technology could
influence the organizational structure of research operations within the
firm. In particular, adoption of IT systems have been shown to influence
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the extent to which decision rights within firms are centralized or de-
centralized (e.g., McElheran, 2014; Bresnahan et al., 2002). Further, the
centralization of research operations within firms has been shown to
influence the breadth of search and the extent to which it is tied to the
needs of specific business units (Argyres and Silverman, 2004). To ad-
dress this concern, we rely on the results of prior work that has argued
that organizational structure decisions are quasi-fixed in the short run
(e.g., Bresnahan et al., 2002) and focus on the short run responses of
firms to the initial commercialization of the Internet. In other words,
our research design relies on the short run knowledge-sharing strategies
of firms in response to the adoption of Internet technology, prior to a
point when firms are able to change the organizational structure of
their research operations.

3.2.1. Potential issues arising from measurement and model specification
Our model estimates may be subject to biases arising from mea-

surement error and model specification. For one, we do not have a
direct measure of knowledge flows, and use patent citations to capture
knowledge flows. A commonly used assumption is that a citation from
patent A to patent B reflects that patent A builds upon the knowledge in
patent B (e.g., Jaffe et al., 1993). The advantage of this approach is that
organizations are legally obligated to disclose the knowledge that they
build upon when they file a patent, and so citations offer a systematic
way of tracing knowledge flows within organizations. Further, self-ci-
tations have been shown to be positively correlated with firm value
(Hall et al., 2005) and so examining the factors that influence self-ci-
tations is economically important.

However, there are limitations to using patent citations as a proxy
for knowledge flows.7 In particular, not all citations reflect knowledge
flows and some knowledge flows will not be reflected in citations
(Griliches, 1990). This problem is exacerbated in research designs that
mix self-citations with citations to patents from other firms, which may
be driven by different strategic imperatives. Our focus on organiza-
tional self-citations will mitigate some of these concerns. The key
identifying assumption in our setting is that firms are not changing their
self-citation behavior (e.g., as a result of a change in appropriability
strategy) simultaneously with Internet adoption.

In our main analysis we focus upon a linear probability model rather
than a binary choice model like a probit or logit for several reasons.
First, we rely on within variation for identification and removing time
invariant heterogeneity in a probit or logit model requires either
stronger assumptions (in the case of the probit) or does not enable the
computation of marginal effects (in the case of the logit). Further, the
computation of marginal effects is less straightforward in nonlinear
models, particularly for those including interaction terms (Ai and
Norton, 2003), and so our results using the linear probability model are
easier to interpret. We view our estimates as a linear approximation to
an underlying nonlinear model.

Each firm location pair-year combination appears twice in our data,
once with a given firm-location appearing as the citing location and
once with it appearing as the cited location. To address standard error
concerns related to duplicate values of the same covariates across
multiple observations in our sample, we create an index for each firm
location pair that is independent of their position (as citing or cited)
and cluster our standard errors around that index.

3.3. Exploring conditions when the effects of digital technology adoption on
knowledge flows will be strongest

We next seek to understand how the effects of Internet adoption will
vary based upon the similarity and breadth in research domains

between the source and recipient of the knowledge flows. To do this, we
interact our measure of Internet adoption with measures of technolo-
gical proximity in research areas across locations in the dyad and a
measure of the specialization of the research domain of the recipient.

For example, to examine whether the effects of Internet adoption on
citation behavior are systematically different for locations working in
similar research areas, we estimate the following regression equation:

Citation X Z Internet Proximity µijkt ijkt ijkt ijkt ijk ijk t

ijkt

1 2= + + × + +

+ (2)

Where Proximityijkt measures the technological proximity of locations j
and k of firm i at time t. Our models for estimating differences in the
effects of Internet adoption based on the citing location’s specialization
in research are estimated similarly.

4. Data

Our data come from a variety of sources. We match data on digital
technology adoption from a well-known private data source to data on
patent citations from the USPTO. We combine these data with in-
formation from Compustat (to obtain controls related to R&D and firm
size) and from the U.S. Census County Business Patterns data (to obtain
data for regional controls).

Our estimation sample is from 1992 to 1998. We believe that this
time period is a particularly appealing one to study the effects of digital
innovation, because it predates the development and adoption of a
profusion of more sophisticated and diverse group of systems and ap-
plications such as collaborative tools, instant messaging applications
and voice-over-IP communication. The very basic nature of Internet
technology at the time implies that (1) little technological and orga-
nizational adaptation is required from organizations to benefit from
adoption and (2) that the potential underlying mechanisms through
which adoption can potentially influence citation patterns are more
limited.

4.1. Patent data

Within each firm, we use citations between patents invented at
different locations as a proxy for within-firm cross-location knowledge
spillovers. To do so, we use data on patents filed by multi-establishment
US manufacturing firms at the United States Patent and Trademark
Office (USPTO). We use the application date as the date for the citing
patent because of delays in the application-to-grant period, and because
application dates are closer to when the invention occurred (e.g.,
Griliches, 1990). Our key variable is equal to one where there was a
citation from a patent with application date t from location j to another
patent invented in location k over the previous ten-year period, and
zero otherwise. Our focus on the extensive margin of whether there
exist any citations—rather than the count of the number of citations
between locations—in part reflects the distribution of our dependent
variable: only 8.4% of dyads have a citation between them (6.7% when
collaborative patents are excluded, 4% when non-collaborative patents
are excluded). This low number is partly explained by a significant
share (29%) of firm-locations having no patents in a given year. Con-
ditional on whether the citing location has at least one patent in the
focal year, 11.1% of dyads have at least one citation between them
(8.9% with collaborative patents excluded, 5.3% with non-collabora-
tive patents excluded). Our citation measure includes examiner cita-
tions.8 While this may overestimate the mean citation propensity
overall, it will bias our coefficient estimates only if changes to patent

7 For empirical work exploring the limitations of patent citations as a measure
of knowledge flows, see Alcacer and Gittelman (2006) and Roach and Cohen
(2013).

8 For more discussion of this examiner citations and how they influence the
interpretation of citations as a measure of knowledge flows, see Alcacer and
Gittelman (2006).
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citations from examiners are correlated with Internet adoption at the
focal firm-location dyads, which looks unlikely.

Our analysis requires us to identify both the firm and location in
which a patent is invented.9 We map patents to firms using the assignee
field from the patent and the GVKEY of the Compustat database using
the matching files from the National Bureau of Economic Research
(NBER) Patent Data Project. Using this procedure, we obtained the
universe of patents with a matching GVKEY that were applied for
during the period 1990–1998.

As noted above, the unit of analysis in our data will be within-firm
location dyad-years, with separate observations based on the citing
location in the pair. Rather than use the particular addresses of plants,
we assign each plant to an MSA and use the MSA as our unit of location.
This reflects a data constraint; the USPTO patent data list only the city
and state of an inventor, and so we are unable to identify the particular
establishment that an inventor works at within an MSA. Using the city
and state of the inventor listed in the patent, we map this information to
zip codes and then in turn match zip codes to MSAs. When consolidated
MSAs (CMSAs) were present, we used those because they better cap-
tured commuting patterns. In regions where inventors resided outside
of MSAs, we constructed “phantom MSAs” which consisted of the areas
of a state outside of all of the MSAs.

4.2. Digital technology data

Our data on Internet adoption comes from a private source, the
Harte Hanks Market Intelligence Computer Intelligence Technology
database (hereafter, CI database). The database contains a wide range
of information related to establishment- and firm-level data on invest-
ments in digital technology related to hardware, software, and net-
working, as well as data related to demographic information such as the
number of employees and industry of the establishment and firm. The
data have been used in a wide range of studies related to the adoption
of IT (e.g., Bresnahan and Greenstein, 1996; Forman et al., 2005) and IT
productivity (e.g., Brynjolfsson and Hitt, 2003; Bloom et al., 2012;
Nagle, 2018). More closely related to our setting, it has been used to
study the role of digital technology investments in reducing the costs
associated with economic and geographic isolation in other settings
(e.g. Forman, 2005; Forman et al., 2005) and on the effects of digital
technology investments on the organization of R&D (Forman and van
Zeebroeck, 2012; Forman et al., 2015).

As noted in prior work (e.g., Forman, 2005; Forman et al., 2005),
the CI database contains a wide range of information related to an es-
tablishment’s adoption of digital technology. For this paper, our interest
is in exploring the implications of a margin of Internet that lowers
communications costs across establishments, but which imposes little
direct change on the business processes of organizations.

We consider an establishment to have adopted basic Internet when
any one of the following occurs: the establishment reports that it has an
Internet Service Provider (ISP); the establishment reports having an
internal intranet based on the TCP/IP protocol (Transmission Control
Protocol/Internet Protocol); or the establishment reports using the
Internet for research purposes. We assume that no establishments have
adopted Internet in 1992–1994 as this period predates the launch of the
commercial Internet. Among the 37,720 pairs of locations, 0% had
adopted basic Internet in 1992 and 1994, 12% had adopted by 1996,
and 70% had adopted by 1998.

The CI data are collected at the establishment level. We match es-
tablishments to MSAs using the establishment zip code to match our
establishment-level IT data to USPTO patent data. Whenever we have
several establishments within a given MSA, we consider that a location
has adopted as soon as one establishment within the location has done

so. To obtain controls from Compustat such as R&D expenses, we fur-
ther match the firm identifier in the CI database to a Compustat GVKEY.

4.3. Firm-MSA pairs and dependent variable

The focus of our study is to examine the effects of Internet tech-
nology adoption on cross-establishment knowledge flows within orga-
nizations. We estimate Eq. (1), which allows us to measure whether
adoption of basic Internet (in its various forms, either dyadic or citing
only) in year t is associated with a citation from location j to location k
and vice-versa. To do this, we form the complete set of potential firm-
location pairs within an organization, and examine whether there exists
a patent in location j (invented during the focal period t) that cites a
patent invented at location k over the ten-year period preceding time t
(and vice-versa). The dataset is symmetric, which means that we keep
both combinations of every set of two locations (j-k and k-j). The de-
pendent variable is different in the two configurations: it will reflect
citations by patents invented in location j to patents invented in loca-
tion k in the first case, and citations from k-patents to j-patents in the
second. Our main dependent variable is a binary measure indicating
whether establishment j makes at least one citation to a patent invented
at establishment k in the preceding 10-year period.

We restrict our estimation sample to firm MSA dyad-year combi-
nations where the firm is in the manufacturing industry (Standard
Industrial Classifications 20–40) and to firm-MSAs in which there is at
least one patent in two separate years during the period 1992–1998.
These conditions are to restrict our sample to establishments engaged in
research and patenting activities.

4.4. Controls

We control for a variety of firm- and location-specific factors in our
regressions. To control for variance in R&D inputs across firms, we
compute the flow of R&D spending (in dollars) using Compustat and
normalize this figure by dividing total spending by the number of firm-
locations in our data. We use the Harte Hanks data to compute firm-
location employment as the sum of establishment employment across
establishments in the location. Because we do not observe employment
in 1992 and 1994 (we do not have CI data for these years), we assume
1996 values for these years. We compute the log of the average em-
ployment across the two locations to estimate Eq. (1).

To control for how technological similarity between two establish-
ments influences the likelihood of observing a citation, we compute
technological proximity based on Jaffe (1986) and MacGarvie (2006)
using the share of patent portfolios that fall in the same technological
classes. Specifically, the proximity between locations j and k of firm i is
computed as:

Prox
P P

P P( ² )( ² )
ijkt

c
C

ijct ikct

c
C

ijct c
C

ikct

1

1 1

= =

= =

where C is the total number of technological classes considered, and t is
the period over which we compute proximity. Following Benner and
Waldfogel (2008), we consider all USPC classes assigned to patents in
our sample in order to minimize biases in our measure. Our results are
however robust to the use of the main technological class only. We
computed proximity over the two-year period (1989–1990) that pre-
cedes our analysis period (1991–1998). For some firm-location pairs
this variable was undefined because one of the establishments in the
pair had no patents during the period considered. In this case we added
a dummy variable to indicate that proximity is undefined. In our re-
gressions, rather than the nominal proximity score, we use a dummy
that equals to 1 if the proximity score of the focal dyad is above the
median in our sample and zero otherwise.

In a similar way, we also compute the degree of technological
specialization of each establishment using a Herfindahl index. The

9 The discussion in this section and the next is a summary of the relevant
issues. For further details, see Forman and van Zeebroeck (2012).

C. Forman, N. van Zeebroeck Research Policy xxx (xxxx) xxx–xxx

7



resulting score ranges between 1 (all patents are concentrated in a
single class) and 0 (all patents belong to different classes). Here again,
we compute the specialization index based on the distribution of the
focal establishment’s patents across 525 US classes prior to the start of
our sample period.10 If sijt is the share of patents applied for by estab-
lishment j in period t that fall in the ith technological class, the Her-
findahl index is then given by:

H sjt
i

n

ijt
1

2=
=

Both measures, technological proximity among pairs and techno-
logical specialization at the establishment level, can be measured at
different points in time: simultaneously with the focal observation
period (running in-sample measure), over the entire period of analysis
(fixed in-sample measure), or over a period preceding our analysis
period (pre-sample measure). We have investigated our results using
alternative versions of these measures and they are robust.

We further control for other potential sources of heterogeneity. We
control for gross innovative output of the dyad and the environment
using patent stocks at the dyad and county levels. To account for po-
tential changes in patenting productivity, we compute the dyad’s patent
stock in the current period (running count) in addition to the stock
observed over a moving 10-year period (i.e., cumulative stock of pa-
tents invented at any of the two locations over the previous 10 years).
We include these measures to ensure that our results are not explained
by raw increases in patent output. Additional county-level controls in-
clude the share of local employment in manufacturing, local average
weekly wages, and the log of local employment.

Table 1 reports descriptive statistics for our main variables.

5. Empirical results

Our discussion of results will be organized according to our theo-
retical framework. To probe the circumstances under which Internet
adoption will lead to an increase in knowledge flows, we begin by
comparing its impact across the four cases in Fig. 1. We first compare
the effects for citations from non-collaborative patents when both lo-
cations and the citing location only adopt (cases (A) and (B) in Fig. 1).
We next consider the implications of Internet adoption for patents
arising from collaborations (cases (C) and (D) in Fig. 1). We explore the
robustness of these results to a variety of alternative estimators and
robustness checks, including the use of instrumental variables.

We next explore how the effect of Internet on knowledge flows
differ based on the overlap in research domains between the source and
recipient. In this case, because we are interested in the differences
based on proximity and specialization on total citation flows—whether
they arise from collaborative or non-collaborative patents—we estimate
our models over that sample. Last, we examine whether dyadic v. citing
only adoption are differentially able to overcome barriers to knowledge
transfer based on proximity and specialization.

5.1. Baseline results using non-collaborative patents

We begin by establishing a baseline result between Internet adop-
tion and dyadic citation patterns by estimating regression Eq. (1) using
patent citations that do not arise from a collaboration (cases (A) and (B)
in Fig. 1). The results are reported in Table 2. Column 1 shows that

adoption of Internet technology at both locations is associated with a
1.2 percentage point increase in the likelihood of observing a citation
between the two locations (statistically significant at the 5% level).
Compared to an average likelihood of observing a citation of 6.72%,
this represents a 17.6% increase in the likelihood of observing a cita-
tion.11

Column 2 shows the results when only the citing location adopts
Internet technology. While the result suggests that adoption of Internet
technology at only the citing location is associated with a 0.8 percen-
tage point increase in the likelihood of adoption (significant at the 5%
level) this may be picking up some of the effects of dyadic Internet
adoption. When both dyadic and citing only Internet adoption is in-
cluded in the same regression (column 3) citing only Internet has no
statistically significant effect on the likelihood of a citation while
adding adoption at the cited location increases the effect of Internet
adoption by 1.0 percentage points (significant at the 10% level).
Together, adoption at the citing and cited location is associated with a
1.02 + 0.26 = 1.28 percentage point in the likelihood of observing a
citation (significant at the 1% level). In short, the benefits of Internet
adoption on citations from non-collaborative patents arise primarily
when the Internet is adopted at both locations.

As often happens in linear probability models (e.g., Athey and Stern,
2002; Agrawal and Goldfarb, 2008), the within R2 value is low across
all columns in the table. As a comparison, we include in the table the
value of R2 including the explanatory power of the fixed effects, which
is higher (around 0.6).

We explore the robustness of our results in Table A3 in the
Appendix. Because most of the benefits of non-collaborative patents

Table 1
Descriptive statistics.

Variable Mean SD Min Max

Pair has at least one 10-year citation flow 0.08 0.28 0.00 1.00
Pair has at least one 10-year citation flow -

Collaborative patents excluded
0.07 0.25 0.00 1.00

Pair has at least one 10-year citation flow -
Collaborative patents only

0.04 0.20 0.00 1.00

Basic Internet in both locations 0.20 0.40 0.00 1.00
Internet adoption at the citing location in

the pair
0.29 0.45 0.00 1.00

Proximity pre-sample is above median 0.21 0.41 0.00 1.00
Proximity is not available 0.45 0.50 0.00 1.00
Specialization (USCL) of the citing location

is above median
0.36 0.48 0.00 1.00

Specialization is not available 0.26 0.44 0.00 1.00
Log of per-establishment R&D spending 3.02 1.47 0.46 7.73
Log of patent stock over previous 10 years 2.84 1.64 0.00 9.02
Log of patent stock in current period 1.78 1.48 0.00 7.61
Log of establishment employees 7.69 1.13 5.30 12.04
Share of local employment in

manufacturing
0.20 0.06 0.04 0.52

Local average weekly wages 543.60 85.44 306.48 848.33
Log of local employment 13.84 0.94 10.35 15.70
Log of number of local patents 6.69 1.21 0.69 9.13
Year of change to ROR regulation x after

1996 dummy
994.78 994.79 0.00 1999.00

Mean number of ARPANET nodes x after
1996 dummy

0.63 1.43 0.00 9.00

Year of change to Price cap regulation x
after 1996 dummy

47.19 47.21 0.00 99.00

Note: Number of observations = 37,720.

10 Our main specification uses 3-digit US classes (525 technological classes),
which we believe is a well-balanced level of measurement for specialization at
the firm level. We have found, however, consistent results using Hall, Jaffe and
Trajtenberg’s classification (referred to as “HJT”), which includes 37 sub
classes. See van Zeebroeck et al. (2006) for a discussion of the different design
choices to be made when computing specialization measures based on patent
data and their implications.

11 Note that we have estimated different versions of Poisson and zero-inflated
Poisson models to estimate the impact of Internet adoption on the number
(rather than the incidence) of citations. The results systematically showed that
most of the implications for Internet adoption in our data occurs at the ex-
tensive margin of whether or not a citation occurs, rather than the effects on
number of citations. Due to space limitations we do not report these results but
they are available from the authors upon request.
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arise from dyadic Internet adoption, we focus on robustness using that
measure. In Table A3 we show that the timing of the effects of dyadic
Internet adoption on citations from non-collaborative patents do not
appear earlier than they should, are robust to the use of an unbalanced
panel, and are robust to different citation windows. One question is
whether adoption of Internet technology leads to an increased number
of citations in general, not just those across establishments within the
same firm. To explore this possibility, in Appendix Table A4 we present
results of a regression that explores the effects of Internet adoption on
patent citations within the same location at the firm. We find that
adoption of Internet technology is not associated with an increase in the
likelihood of observing a citation from patents invented in the same
MSA.

To further address concerns about omitted variable bias, we present
the results of instrumental variables estimates for our baseline dyadic
Internet adoption measure in column 4 of Table 2. We estimate two-
stage least squares models using the instruments that were described
above (year of first change to ROR regulation and number of ARPANET
nodes). Table 2 presents the second stage results; we present first stage
and second stage results for both instruments together and separately in
Appendix Tables A1 and A2.

Column 4 of Table 2 shows that the sign of the second-stage coef-
ficient on basic Internet remains robust to the use of instrumental
variables, however there are some differences in both the size and
statistical significance of the effects of Internet adoption. The coeffi-
cient on dyadic Internet adoption in column 1 is 0.0118 (significant at
the 5% level), while the coefficient in the IV regression is 0.1495

(significant at the 10% level). One potential reason for this pattern is
that our results may reflect a local average treatment effect. While our
results may be valid in the sense that they are uncorrelated with cita-
tion patterns but for their impact on basic Internet adoption, it may be
that firm location pairs whose Internet adoption behavior is influenced
by variance in the instruments will also have a particularly large in-
crease in citations resulting from basic Internet adoption (Angrist et al.,
1996).

5.2. Baseline results including collaborative patents

Columns 1 through 4 of Table 3 provides mixed evidence that In-
ternet adoption is associated with an increase in the likelihood of ci-
tation in patents that arise from collaborations between the citing and
cited locations. Perhaps surprisingly, neither dyadic Internet adoption
nor Internet adoption at only the citing location is associated with an
increase in the likelihood of a citation (columns 1 to 3) in the OLS fixed
effect regressions. However, as column 4 indicates, a positive and sta-
tistically significant effect does reappear in our instrumental variables
estimates, similar in size to that excluding collaborative cites. Inter-
preting these estimates is difficult: In our setting the likelihood of a
citation from a collaboration will increase if either the likelihood of a
collaboration increases or the likelihood of a citation conditional on a
collaboration increases. Prior work using similar data has demonstrated
that the likelihood of cross-location collaborations will increase after
the adoption of Internet technology (Forman and van Zeebroeck, 2012).
However, we are unable to separately identify these two effects, as

Table 2
Dyadic v. Browser-based Internet - Non-collaborative cites only.

At least one cite where citing is
NOT collaborative - Dyadic
Internet

At least one cite where citing is
NOT collaborative - Only citing-
location adoption

At least one cite where citing is
NOT collaborative - Both
adoption measures

At least one cite where citing is
NOT collaborative - Dyadic
Internet - IV

(1) (2) (3) (4)

Basic Internet in both locations 0.0118** 0.0102* 0.1495*

(0.0047) (0.0059) (0.0783)
Internet adoption at the citing

location in the pair
0.0083** 0.0026

(0.0041) (0.0052)
Log of per-establishment R&D

spending
0.0048 0.0048 0.0048 0.0024

(0.0050) (0.0050) (0.0050) (0.0054)
Log of patent stock over

previous 10 years
0.0251*** 0.0250*** 0.0251*** 0.0253***

(0.0034) (0.0034) (0.0034) (0.0035)
Log of patent stock in current

period
0.0222*** 0.0222*** 0.0222*** 0.0209***

(0.0019) (0.0019) (0.0019) (0.0020)
Log of establishment employees −0.0269*** −0.0268*** −0.0269*** −0.0317***

(0.0099) (0.0099) (0.0099) (0.0108)
Share of local employment in

manufacturing
0.2731 0.2684 0.2725 0.3336

(0.2220) (0.2221) (0.2219) (0.2351)
Local average weekly wages 0.0005*** 0.0005*** 0.0005*** 0.0005***

(0.0001) (0.0001) (0.0001) (0.0001)
Log of local employment −0.1458*** −0.1455*** −0.1455*** −0.1319**

(0.0513) (0.0513) (0.0513) (0.0544)
Log of number of local patents 0.0018 0.0016 0.0016 −0.0050

(0.0127) (0.0128) (0.0128) (0.0137)
Constant 1.8325*** 1.8316*** 1.8305***

(0.6721) (0.6722) (0.6721)
R2 0.03 0.03 0.03
R² including fixed effects 0.60 0.60 0.60
N 37,720 37,720 37,720 37,720

Notes: The dependent variable is the incidence of a patent citation in a non-collaborative patent between the citing firm-MSA and cited firm-MSA in the pair. All
regressions include a constant term, firm-pair fixed effects, and time dummies. Robust standard errors, clustered on firm-location pairs, are in parentheses.

* Significant at the 10% level.
** Significant at the 5% level.
*** Significant at the 1% level.
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consistent estimates would require an exclusion restriction that would
influence the likelihood of a collaboration but not the likelihood of a
citation.

Columns 5 through 8 show the results of Internet adoption on any
type of citation, arising either from collaborative or non-collaborative
patents. Column 5 shows that for the OLS estimates the statistical and
economic significance is somewhere between those for collaborative
and non-collaborative patents. In regressions using dyadic Internet,
column 5 shows that adopting Internet at both locations is associated
with a 1.0 percentage point increase in the likelihood of a citation
(significant at 10% level). As in prior tables, adopting Internet only at
the citing location has no statistically significant impact on the like-
lihood of a citation (column 6). Column 7 shows that while the incre-
mental effects of citing only and dyadic Internet are not statistically
significant, the overall effect of adopting dyadic Internet are equal to
0.0097 + 0.0004 = 0.0101 and statistically significant at the 10 per-
cent level. The effect of dyadic Internet is however just below con-
ventional significance levels using our IV estimates (in column 8, the p-
value is 0.123).

We have rerun our robustness estimates (as reported in Tables A3
and A4) using any type of citation, arising either from collaborative or
non-collaborative patents, as in columns 5 to 8. The results are quali-
tatively similar, and therefore also support a causal interpretation of the
relationship between dyadic Internet adoption and citation flows be-
tween establishments. To eliminate potential concerns of how our es-
timates might be influenced by self-selection into collaborative or non-
collaborative patents, in all future tables we will use the estimates for
this version of the dependent variable, using citations arising from any
type of patent, either collaborative or non-collaborative.

5.3. Exploring the effects of technological proximity and specialization

In this section we study whether the effects of adopting basic
Internet on citation patterns are greater when the citing and cited lo-
cations are technologically proximate and when the citing location is
technologically specialized. Our identification assumptions are some-
what weaker in this section than earlier. Here our primary assumption
is that there do not exist unobserved variables that are correlated with
Internet and citations and that are differentially trending for pairs
where there is high proximity and where knowledge is specialized.
Table 4 shows the results of estimating model 2 and its analog for the
proximity and specialization tests. As noted above, for these models we
use citations arising from any type of patent (collaborative or non-
collaborative) and in this table examine the effects of dyadic Internet
adoption only.

Column 2 shows heterogeneity in the effects of Internet based on the
proximity of research areas between the locations in the pair. The re-
sults show that the effects of Internet are much stronger for establish-
ments who are in similar fields. Our proximity measure requires that
both locations in the pair patent at least once in the pre-sample
(1989–1990) period over which proximity is calculated. For some pairs
of locations there were no patents over this period with which to
compute the proximity measure: We were unable to compute a proxi-
mity measure for 45.1% of observations in our sample. To control for
the presence of location pairs for which we are unable to compute a
proximity measure, we include an addition interaction between
Internet and an indicator that proximity is not available.

The point estimate for our variable capturing Internet x Proximity
pre-sample is above median is 0.0497 (significant at the 1% level),
implying that establishment pairs who adopt Internet and who are
technologically proximate see a 5.10 percentage point
( = 0.0013 + 0.0497) increase in the likelihood of a citation after
adopting Internet technology. In contrast, pairs who adopt Internet who
are not technologically proximate see no increase in the likelihood of
observing a citation.

We have probed the robustness of this result in several ways. First,

we have computed our proximity measure using in-sample data. We
have both allowed proximity to vary in-sample and also created a time-
invariant version of the variable computed over our entire period of
analysis (1991–1998). Our results are robust to both approaches. Also,
one alternative explanation for our results is that technological proxi-
mity between two locations is proxying for prior collaborations be-
tween them. That is, locations that are technologically proximate will
have also collaborated before, and such locations will benefit dis-
proportionately from Internet adoption because prior ties between the
locations will increase the likelihood of a citation, other things equal
(Singh, 2005). To address this possibility, in Appendix Table A5 (in the
first column) we present results from regressions that include proximity
and presence of prior collaborations in the same regression. We find
that when the interactions of Internet and both proximity and prior
collaborations are included in the same regression, the statistical and
economic significance of the Internet and proximity interaction remains
similar to that as in Table 5 while there is no effect of Internet on ci-
tation flows for pairs of locations that have collaborated before.

Column 3 provides the results of our proximity interactions using
instrumental variables. To construct the instruments, we use the same
two instruments as in column 4 of Table 2 and interact them with our
proximity measures. Thus, we have six instruments in total: the two
instruments in Table 2 along with their interactions with proximity and
proximity not available. The results are directionally similar to those
without instruments, although the coefficients of adopting dyadic In-
ternet and its interaction with proximity are larger in magnitude than
those in column 2.

In columns 4–5 we show the results of regressions that allow the
marginal effect of Internet to vary based on the specialization of re-
search interests in the establishment. As described above, our baseline
measure of specialization is based upon 525 US classes. As was the case
for our proximity calculations, there are some citing locations for which
there were no patents in the pre-sample period with which to calculate
a measure of specialization. As a result, we construct an additional term
which is equal to one when we are unable to compute a specialization
measure.12 This happens for 25% of our sample. We interact this with
our Internet variable to control for differences in the effects of Internet
adoption among pairs for whom we are unable to compute specializa-
tion.

Column 4 shows that the effects of Internet adoption decrease sig-
nificantly when the citing location is highly specialized in its research.
When the citing establishment is not specialized, pairs of locations who
adopt Internet see a statistically significant (at the 1% level) 3.03 per-
centage point increase in the likelihood of a citation. When the citing
establishment is specialized, there is no statistically significant effect of
Internet on the likelihood of observing a citation.

We have explored the robustness of this result to different ways of
measuring specialization. Specifically, we explore robustness to com-
puting specialization using the more aggregated Hall-Jaffe-Trajtenberg
(Hall et al., 2001) technological areas. Our results are robust to this
change. Column 5 of Table 4 also shows that our results are qualita-
tively similar when we use instrumental variables.13

Finally, columns 6 and 7 report additional estimates that include
proximity and specialization in the same regression. Column 6 shows
that the results of proximity and specialization remain statistically and
economically significant when included in the same regression, how-
ever the economic impact of specialization weakens. We again run

12 As noted earlier, our sample only include firm-locations that patent during
our sample period. However, this is a within-sample condition. As a result, a
firm-location could be included in our sample and still not patent during the
pre-sample period and therefore lack a measure of specialization.

13 As was the case for proximity, we use our two instruments in Table 2 and
interact those with our measures of specialization and specialization not
available.
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instrumental variable regressions in column 7; comparing columns 6
and 7 shows that the economic significance of Internet adoption and its
interaction with proximity and specialization are larger (in absolute)
value when instrumental variables are used.

As noted above, our approach includes pairs of firm-locations for
which proximity cannot be computed. These pairs may be system-
atically different in unobservable ways from pairs for which we are able
to compute proximity and specialization. In particular, locations in
pairs for which we are unable to compute these measures may be less R
&D-intensive or productive. Dropping these pairs may engender a se-
lection bias in our estimates; therefore, our baseline approach is to
include a control for these cases rather than dropping them. However,
we also re-estimated the regression model excluding them. The results
of these regressions are reported in table A5 in appendix. The results for
proximity are quite robust to this change as are the results for specia-
lization that do not include proximity in the regression. However, we do
find that the (negative) marginal effect of Internet adoption for pairs

that exhibit specialization is weaker in the regressions that also include
a measure for proximity.

5.4. Exploring the effects of dyadic and browser-based search

Table 5 presents results where we allow the marginal effects of In-
ternet to differ based on variation in proximity and specialization and
whether or not one (citing only) or both (dyadic) locations adopt. We
do this for two reasons. First, columns 6 and 7 of Table 3 suggests that
citing only Internet has little effect on citation flows from all patents on
average; we wish to see whether there is heterogeneity in this effect
based on proximity and specialization (i.e., whether citing Internet only
has an effect when there is similarity in the knowledge bases between
the citing and cited locations). Second, by decomposing the effects of
Internet in this way, we can see whether, by facilitating electronically
enabled interpersonal interactions, adoption at the cited location de-
creases the importance of proximity and specialization.

Table 5
Proximity and Specialization: Dyadic v. Browser-based (all cites).

Proximity - Both adoption
measures

Specialization - Both adoption
measures

Proximity & specialization - Both adoption
measures

(1) (2) (3)

Basic Internet in both locations 0.0016 0.0223** 0.0054
(0.0084) (0.0108) (0.0118)

Internet adoption at the citing location in the pair −0.0000 0.0089 0.0073
(0.0073) (0.0094) (0.0102)

Internet X Proximity pre-sample above median 0.0387** 0.0369**

(0.0181) (0.0184)
Internet x Proximity not available −0.0017 0.0091

(0.0111) (0.0143)
Internet at citing location X Proximity above median 0.0121 0.0085

(0.0158) (0.0161)
Internet at citing location X Proximity not available −0.0046 −0.0059

(0.0099) (0.0127)
Internet X Specialization (USCL) above median −0.0142 −0.0065

(0.0127) (0.0128)
Internet X Specialization not applicable −0.0307** −0.0233

(0.0143) (0.0170)
Internet at citing location X Specialization above

median
−0.0144 −0.0126

(0.0114) (0.0114)
Internet at citing location X Specialization not

applicable
−0.0132 −0.0058

(0.0126) (0.0148)
Log of patent stock over previous 10 years 0.0391*** 0.0369*** 0.0385***

(0.0039) (0.0038) (0.0039)
Log of per-establishment R&D spending 0.0015 0.0022 0.0016

(0.0055) (0.0055) (0.0055)
Log of patent stock in current period 0.0290*** 0.0299*** 0.0297***

(0.0021) (0.0021) (0.0022)
Log of establishment employees −0.0264** −0.0287*** −0.0260**

(0.0109) (0.0108) (0.0109)
Share of local employment in manufacturing 0.3198 0.2932 0.3009

(0.2412) (0.2402) (0.2405)
Local average weekly wages 0.0006*** 0.0006*** 0.0006***

(0.0001) (0.0001) (0.0001)
Log of local employment −0.1751*** −0.1738*** −0.1717***

(0.0536) (0.0537) (0.0535)
Log of number of local patents −0.0201 −0.0207 −0.0198

(0.0140) (0.0140) (0.0140)
Constant 2.2889*** 2.2851*** 2.2508***

(0.7047) (0.7064) (0.7032)
R2 0.03 0.03 0.04
R² including fixed effects 0.61 0.61 0.61
N 37,720 37,720 37,720

Notes: The dependent variable is the incidence of a patent citation in any patent (collaborative or non-collaborative) between the citing firm-MSA and cited firm-MSA
in the pair. All regressions include a constant term, firm-pair fixed effects, and time dummies. Robust standard errors, clustered on firm-location pairs, are in
parentheses.
*Significant at the 10% level.

** Significant at the 5% level.
*** Significant at the 1% level.
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Column 1 of Table 5 shows that the incremental effects of Internet
adoption at the citing (-0.0000) or both (0.0016) locations are not
statistically significant at conventional levels in the absence of tech-
nological proximity. Similarly, the effects of Internet adoption when
proximity is present are also not statistically significant when only the
citing location adopts. In contrast, the incremental effects of adopting in
both locations are stronger in the presence of proximity; the coefficient
estimate for the interaction of dyadic Internet adoption with high
proximity is 0.0387 is statistically significant at the 5% level. However,
to identify the effects of dyadic Internet adoption in the presence of
proximity we must take linear combinations. Overall, when both lo-
cations adopt and there is technological proximity between establish-
ments, the likelihood of a citation increases by 5.08
( = 0.0387 + 0.0121) percentage points (significant at the 1% level). In
short, these results show that adoption of Internet technology at both
locations will have an effect on citation behavior only when the two
locations are technologically proximate. Adoption of Internet tech-
nology at the citing location only does not have an effect on behavior.

Column 2 shows differences in results based on the extent to which
the citing location is technologically specialized and whether one or
both locations adopt. Once again, adoption at the citing location only is
not associated with an increase in the likelihood of a citation between
the locations, even when the citing location is not specialized. When the
cited location also adopts and the citing location is not specialized, this
leads to an additional 2.23 percentage point increase in the likelihood
of a citation after Internet adoption (significant at the 5% level). In sum,
when both the citing and cited locations adopt Internet and the citing
location is not specialized, this leads to a 3.12 ( = 0.0223 + 0.0089)
percentage point increase in the likelihood of a citation (significant at
the 1% level). In contrast, when the citing location is specialized, nei-
ther adoption at the citing or cited location (or both) influences citation
behavior.

Column 3 provides results when the effects of both proximity and
specialization are included in the same regression. Once again, adop-
tion of citing Internet only has no effect on behavior, even when spe-
cialization is low and there are overlapping knowledge bases across the
two locations. Further, even when both locations adopt, Internet
adoption only leads to an increase in citation flows when the two areas
share similar research domains. The incremental effect of adopting at
the cited location in addition to the citing when specialization is low
and proximity is high leads to a 4.23 percentage point increase in the
likelihood of a citation (=0.0054 + 0.0369, significant at the 1%
level). The total effect of adopting Internet at both locations when
proximity is high and specialization is low is equal to a 5.81 percentage
point increase ( = 0.0054 + 0.0369 + 0.0073 + 0.0085, significant at
the 1% level). When both proximity and specialization are both high,
the overall effect of adopting Internet at both locations is equal to a 3.9
percentage point increase (=0.0054 + 0.0369 –
0.0065 + 0.0073 + 0.0085 – 0.0126, significant at the 1% level).

We attempted to rerun the models above using our instrumental
variables approach. However, given the large number of potentially
endogenous variables in these models, we were unable to capture the
independent effects of citing and cited Internet adoption on behavior.

Overall, the results show that Internet adoption leads to an increase
in the likelihood of a citation flow only when there is adoption at both
locations and only when there is proximity between the two locations.
Specialization also influences behavior, but seems to have a weaker
impact when the effects of proximity and specialization are included
together in the same regression. We do not find evidence that adoption
of Internet at the citing location only influences citation behavior, even
when proximity is high and specialization is low.

The results above examine the effects of Internet adoption on cita-
tions arising from any type of patent. We re-estimated the models for
patents arising only from patents that do not involve a collaboration
between the two locations. While this approach does involve selecting
upon the type of patent, it also allows us to isolate more directly how

technology adoption influences search and transfer behavior. The re-
sults are reported in table A6. They are in many ways qualitatively si-
milar to those reported in Table 5, with one exception. The results in
table A6 show that citing only Internet adoption leads to a statistically
significant increase in the likelihood of a citation when proximity is
high and specialization is low, albeit an increase that is smaller than for
dyadic Internet adoption. While we are unable to isolate the reason for
this difference, one reason may be that citing only Internet may de-
crease the costs of certain types of knowledge flows but, as shown by
Forman and van Zeebroeck (2012), will not increase the likelihood of a
collaboration.

6. Discussion and implications

By analyzing the impact of Internet adoption on R&D knowledge
flows within multi-establishment manufacturing firms in the US, this
paper investigates how digital technology influences the cross-location
transfer of knowledge within firms. Our results show that adoption of
an early form of Internet technology significantly increases the like-
lihood of observing a patent citation between geographically dispersed
R&D locations within the same firm, however there is considerable
variance when and where this occurs. First, our results show that the
economic and statistical effects of adopting dyadic Internet are much
stronger than those of adopting citing Internet only. Lower costs of
accessing static documents do not have as significant an impact as
dyadic adoption that facilitates communication across locations.
Second, our results show that these effects are significantly stronger
when the citing and cited locations share similar knowledge bases and
when the citing location is not specialized in its research.

In sum, these findings are consistent with those of earlier work that
has suggested that there are considerable barriers to the transfer and
absorption of knowledge across geographic locations. Our work is un-
ique in its ability to separately capture the effects of different types of
technology and different modalities of transfer (collaborative v. non-
collaborative patents), as well as the effect of proximity and speciali-
zation of knowledge bases. Digital technology helps to lower some of
the barriers to knowledge transfer, but transfer of knowledge in our
setting requires the sort of person-to-person interactions that are fa-
cilitated by dyadic technology adoption. Further, even these person-to-
person interactions are insufficient to overcome the barriers to transfer
and absorption of knowledge across locations with dissimilar knowl-
edge bases. This clearly points at the difficulty of transferring tacit
knowledge (requiring tacit to explicit conversions), especially across
fields (since they require common vocabulary and norms).

6.1. Research implications

Our results show that Internet adoption will increase knowledge
flows between locations only when they share a common knowledge
base. These results have implications for our understanding of the im-
pact of the digitization of innovation on the rate and direction of in-
ventive activity. In particular, the extent of an economy’s ability to
recombine new ideas will have important implications for economic
growth (Weitzman, 1998). It is widely believed that the digitization of
innovation can play an important role in this recombination (Romer,
2008; Brynjolfsson and McAfee, 2014). However, our results suggest
that early forms of Internet technology reinforced existing connections
among vertical groups of technologies, rather than facilitating re-
combination of ideas across technology areas.

Earlier work has suggested that digital technology could have im-
plications for the distance between different individuals or different
groups with different ex ante types. Namely, because the benefits and
costs of a communication link between individuals can be influenced by
distance, individuals can endogenously sort into similar groups, which
may have implications for collaborations and recombination in science
(Van Alsytne and Brynjolfsson, 1996, 2005; Rosenblat and Mobius,
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2004). To our knowledge, we provide the first direct evidence of the
implications of digital technology adoption on the similarity of the
knowledge flows that a scientist draws from. It is important to re-
cognize, however, our distinctions from this prior work. While prior
models emphasize the effects of digital technology on the formation of
connections at the individual level when scientists have flexibility in
determining partnerships, our findings will be shaped by the organi-
zation of the research operation within the firm, in particular the extent
to which it is centralized or decentralized (Argyres and Silverman,
2004). They show that adoption of digital technology may reinforce
existing competencies even in environments where scientists may have
less flexibility with regard to their collaborators.

Newer Internet-based technologies may loosen some of the con-
straints that shape our findings. For example, recent patent search tools
allow search approaches that are more flexible than that based on
keywords and patent classes (Martin, 2016; Huc, 2017). This may make
it easier to find knowledge from related, but different, technological
areas. More recent technologies such as online forums may be more
effective at facilitating one-to-many communication patterns and allow
knowledge searchers to access information from users with whom they
may not have existing social connections (McAfee, 2009). Broadcast
search such as that enabled by online competitions such as those en-
abled by InnoCentive may enable seekers of knowledge to access di-
verse knowledge sources (Jeppesen and Lakhani, 2010). On the other
hand, newer applications may reinforce the patterns observed in our
data. For example, the same filtering technologies that allow more
flexible searches may encourage researchers to more narrowly define
searches to areas of related expertise (Van Alstyne and Brynjolfsson,
2005). We also note that the tools we examine in this study continue to
be widely used today: In particular, email remains a widespread col-
laboration tool (Roe, 2018) and is likely to continue to shape knowl-
edge sharing for some time in the future.

In short, this paper has identified a fact: that the effects of digital
technology on increasing geographically dispersed knowledge flows are
greater between inventors who are working in related fields. It has
identified a range of potential reasons for this fact, ranging from factors
that inhibit knowledge search and transfer across more distant fields to
those that may inhibit absorption. These findings suggest important
limitations to the ability of digital technology to increase knowledge
flows. It remains however to be seen whether later generations of di-
gital technology will inhibit or reinforce these barriers. We leave this as
a question for future research.

Our research examines the short run change in knowledge flows
resulting from the adoption of digital technology, holding the structure
of research operations as fixed. However, the knowledge flows within
firms will be influenced by the organization of its research operations,
including the extent to which these operations are centralized or de-
centralized (Argyres and Silverman, 2004) and the strength of internal
linkages across locations (Alcacer and Zhao, 2012). Our research sug-
gests that adoption of IT systems will encourage knowledge flows be-
tween scientists working in similar areas. These tendencies may be
reinforced in an environment of decentralized research operations that
emphasize local search that is tied to existing capabilities (Argyres and
Silverman, 2004). More work is needed in this area, but our results
complement recent work that has provided evidence of three-way
complementarities between data analytics, decentralization of research
operations, and research operations that emphasize recombination of
existing technologies (Wu et al., 2018).

6.2. Limitations

Our analysis is subject to limitations. For one, as noted above, we
study a specific set of Internet technologies over a specific time period.
The impact of the adoption of Internet technologies on knowledge flows
may be different over a later time period. Second, while the nature of
our data are unique in that they enable us to study the implications of a

change in communication costs on knowledge flows over a large and
diverse sample, our unit of analysis makes it difficult for us to pin down
exactly the mechanism through which Internet adoption changes be-
havior.

A related issue is identification of model parameters. We have
pursued a variety of analyses to provide a causal interpretation of our
results. However, we are also limited by the nature of our data in the
types of analyses that we can perform. We look forward to future re-
search that investigations these questions in other settings using other
data.

A last limitation is that our research focuses primarily on intra-firm
knowledge flows. Future work should examine how the adoption of
digital technology influences knowledge flows between institutions
such as firms, universities, or research institutes. Research on the latter
entities would provide new insights into the ‘balkanization of science’
hypothesis. As noted above, our focus on firms means that scientists and
inventors must focus their research efforts on areas that contribute to
the broader product strategy of the firm. Thus, while our results can
certainly be influenced by barriers to search, transfer, and absorption
costs across distant fields, they are less likely to be influenced by pur-
poseful changes in research interests and connections enabled by
technology. However, researchers in universities, for example, will
have academic freedom on where to focus their research efforts, and so
the risks that digital technology adoption will facilitate changes in
search strategies based on preferences will be significant (Rosenblat and
Mobius, 2004). We hope our findings encourage future research in this
important area.

Appendix A. Supplementary data

Supplementary material related to this article can be found, in the
online version, at doi:https://doi.org/10.1016/j.respol.2018.10.021.
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