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Distance (still) hampers diffusion of innovations
Georg von Graevenitza , Stuart J. H. Grahamb and Amanda F. Myersc

ABSTRACT
This paper employs goods and services descriptions from US trademarks to study spatial diffusion of innovations.
Identifying novel, fast-spreading tokens (words) in trademark descriptions, we outline patterns of regional innovation
and estimate how distance affects diffusion. Novel trademark tokens are frequently new to English, they capture many
unpatented innovations, and their appearance in language co-evolves with their use in intellectual property filings. We
analyse the introduction of novel tokens to capture the emergence of innovations and show that spatial distance
affects their diffusion. Estimating the intensity of diffusion between locations in the United States, we confirm strong,
negative effects of distance.
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INTRODUCTION

The scholarly consensus holds that geographical distance
affects not only the intensity of trade and migration pat-
terns, but also the diffusion of ideas, knowledge and inno-
vations (Clark et al., 2018; Feldman & Kogler, 2010; Hall,
2006). Following the early recognition that distance
impedes knowledge transfer among people and firms
(Marshall, 1920), researchers employed patent data to
show that the diffusion of codified knowledge lessens
with geographical distance (Henderson et al., 1993).
Others have produced similar findings by exploring the
transfer of ideas codified in both patents and scientific
publications (Belenzon & Schankerman, 2013; Li, 2014;
Peri, 2005; Singh & Marx, 2013).

This scholarly consensus has not, however, gone
unchallenged. Kolko (2000) notes that the reduction in
communication costs and improvements in the speed
and quality of interactions might lead to the ‘death of
distance’, and possibly an end to agglomeration effects,
and finds evidence to support the former. Keller and

Yeaple (2013) suggest that, given the intangible nature
of ideas, distance may have become less of a barrier for
knowledge diffusion after the Internet dramatically low-
ered communication and interaction costs. Recently,
Head et al. (2018) provided empirical support using data
on interpersonal networks among mathematicians, finding
that over time distance has ceased to create friction, limit-
ing idea diffusion in that field.

Does a ‘death of distance’ in mathematics reflect a
more systematic phenomenon across other disciplines
and technologies? We add to the array of data sources
used to investigate the spatial diffusion of innovation by
exploiting information from the US Patent and Trade-
mark Office’s (USPTO) trademark register, exploring
this question across a broad range of innovation domains.
Trademark data contain information on the diffusion of
information about innovations through the lens of words
that identify significant new product and service inno-
vations, such as the smartphone, DVD, blog or outsour-
cing. The data capture the moment at which products or
services are introduced into the market, turning inventions
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into innovations. Our analysis of this rich and broad set of
data on the diffusion of innovations suggest that while the
negative effect of distance may have weakened over time, it
is not possible to announce its death by any means.

This paper examines the introduction of new words
(‘tokens’)1 among the 4.5 million words contained in the
USPTO trademark register used to describe goods and ser-
vices during the period 1980–2012, and their subsequent
reuse. We consider those tokens that are in the top decile
of reuse frequency over a period of five years as a proxy for
market impact. For convenience, we employ the nomencla-
ture ‘innovator’ for firms that introduce a new token, and
‘follower’ for subsequent reuse of that token.2 Using street
address information available in the USPTO’s records, we
aggregate new-token emergence and diffusion to the year
and 2010 census-tract level.3 This enables an analysis of
how geographical distance affects the probability and
degree of diffusion of trademarked innovations in the Uni-
ted States from 1980 to 2012.

The paper first provides descriptive results to support the
notion that new tokens in the USPTO trademark register
identify market introductions that are, in the parlance of
the Oslo Manual (OECD & Eurostat, 2018), ‘new to the
world’. We present map visualizations to show that such
tokens have primarily arisen in densely populated metropo-
litan areas associated with innovation activity in the previous
literature (Forman et al., 2016; Peri, 2005)4 and that they
tend to diffuse primarily to these same areas.5 The visualiza-
tions also show that the 1996–2005 period saw a substantial
increase in the establishment of intensive, long-range diffu-
sion links connecting innovators situated in New York, Los
Angeles and the San Francisco BayArea. To further validate
trademark tokens as indicators of innovation, we compare
the diffusion of inventions and innovations. Diffusion of
inventions is measured through patents associated to the
innovation through use of the trademark token in patent
titles and abstracts. Diffusion of the innovation is measured
through use of the tokens in the trademark data.We observe
that the diffusion processes of inventions and innovations
follow similar dynamics and are often closely linked. This
suggests that trademark tokens are likely to be informative
about the diffusion of innovations in general.

To test the effect of distance on innovation diffusion, we
construct panels of directed census tract dyads over 32 years.
We analyse incidence of first diffusion and the intensity of
diffusionbetweencensus tracts.Buildingonamodel of inno-
vation diffusion between areas, we estimate instrumental
variables (IV) Poisson models of diffusion intensity at the
level of census tract dyads. Themodels allow for the possible
endogeneity of diffusion links and the ability of locations to
absorb innovations. Our primary finding is that distance
reduces the intensity of innovation diffusion between
locations. This effect is strongest during the Dot com
boom years (about 1995–2000). First-stage regressions
suggest that distance ceased to affect the likelihood that
innovation diffused between locations that had not pre-
viously been linked consistent with Head et al. (2018).

In sum, our findings suggest that tokens derived from
goods and services declarations drawn from trademark

data contain important information about innovation dif-
fusion. Our work expands on work by Semadeni (2006),
the first to use trademark tokens to analyse innovation,
by demonstrating how large sets of innovations can be
studied using these data.

The remainder of the paper is structured as follows. In
the next section we discuss existing measures of innovation
and diffusion. The third section contains a descriptive
analysis of trademark token data. There we compare
dynamics of inventions and innovations linked through
tokens. The fourth section introduces an empirical
model of diffusion and data based on trademark tokens
that we analyse with this model. In the fifth section we
present results from estimating the model. The sixth sec-
tion concludes.

MEASURES OF INNOVATION AND
DIFFUSION IN PREVIOUS WORK

This section provides a review of the literature on inno-
vation and diffusion and a discussion of how data from
the trademark register can complement other sources of
data used to study these phenomena.

Measuring innovation
At least since Schumpeter (1934) recognized a distinction
between invention and innovation, researchers have
sought meaningful measures of this social phenomenon.
The Oslo Manual (OECD & Eurostat, 2018), which sets
out a standard for collecting and using innovation data,
defines an innovation as ‘a new or improved product or ser-
vice’. This definition captures not only the elements of
novelty and change but also commercialization.

While several measures have been commonly used in
empirical analysis, each suffers from downsides. Research
and development (R&D) investment data are readily avail-
able and widely used, but measure only inputs to the inno-
vation process. Output measures are more proximate to
the market and considered more precise, but are drawn
from a limited range of sources: data from the patent reg-
isters provide administrative information on technology
inventions, while company surveys are used to track inno-
vation processes within and across firms and universities.
Since patent data reflect innovation in a limited range of
technologies, surveys present a more comprehensive tool
in their coverage of technologies and industries, but are
expensive to conduct and usually reflect activity in only a
small subset of firms.

Recently, new sources of data have emerged to study
innovation. Alexopoulos (2011) and Alexopoulos and
Cohen (2011, 2019) exploit data on new book titles cover-
ing computers and technology. Hippel et al. (2010) survey
consumers in the UK and show that a significant pro-
portion engage in developing and modifying of consumer
products. Moser (2012) uses historical data to study inno-
vation beginning in the 1800s when neither patents nor
trademarks were widely available. These papers have pri-
marily addressed the question of how much innovation
there is (was) as well as when and how innovation arises.
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The innovation measure we employ in this paper –
derived from the US trademark register – are administra-
tive data similar to patent information, but cover a much
broader range of industries. For instance, trademark pro-
tection extends to service industries,6 an economically
vibrant area that patent data largely misses. Trademark
data also directly reflect a commercialization event, a
characteristic the patent data lack. Furthermore, because
trademarks are government data, we are able to link regis-
trant addresses to specific geographical locations.

Trademark data as a source of information on
innovations
Semadeni (2006) and Semadeni and Anderson (2010) use
252 terms describing consulting services7 to analyse inno-
vation and competitive interactions of professional services
firms. Semadeni uses goods and services descriptions from
USPTO trademarks to identify innovators and followers.
This work demonstrates the potential of goods and ser-
vices descriptions for the analysis of innovation. In this
paper we explore whether his curated approach to the
analysis of tokens drawn from goods and services descrip-
tions can be expanded to lists of tokens extracted on the
basis of an algorithm. Due to the novelty of this approach,
we discuss the genesis of goods and services lists here as
well as other previous work linking trademark data and
innovation.

Grahamet al. (2013) note thatUS law requires that each
applicant seeking to register a new trademark must clearly
and concisely describe – with specificity – the particular
goods and services on which it uses (or intends to use) the
mark. The USPTO will accept any of the over 37,000
pre-existing identifications in its catalogue, which range
frommore specific (‘Passenger and light truck tires’) to gen-
eral (‘Tires’). For novel products or services, applicants may
also compose their own goods and services identifications.
Where there is no common commercial name, the appli-
cant is required to describe the product or service and its
intended use. For instance, themark ‘MyTrazom’was pub-
lished in 2011 with the following description: ‘Providing a
web site that gives computer users the ability to upload,
exchange and share photos, videos and video logs.’
Another, ‘Mablogix’ published in 2012, was described as:
‘Custommanufacturing and custom synthesis of antibodies
and genetically engineered DNA expressing antibodies,
biological organisms, cells, viruses, pathogens and special
purpose cells to the specifications of others for scientific,
research, medical, veterinary and laboratory use.’ The
USPTO generally does not accept terminology that is
overly broad or spans multiple goods and services classes.
The specificity-of-description requirement serves to sup-
port not only proper classification and better search, but
also gives notice to third parties regarding the scope of an
applicant’s rights in a mark. To study innovation, we pro-
pose to tokenize these goods and services lists and then
identify new tokens – the use of which grow comparatively
quickly – as described in the following section.

Most previous work linking innovation and trademarks
has focused on the trademarks themselves. Since Schmoch

(2003) suggested service marks could be used as service
innovation indicators, economists have increasingly
employed trademark data to provide additional insights
to innovation (Bei, 2019; Ceccagnoli et al., 2010; Flik-
kema et al., 2014; Graham et al., 2018; Mendonca et al.,
2004, 2019; Thoma, 2015). Trademarks are frequently
registered close in time to a new product or service being
introduced to the market, so are much nearer to launch
date than are patents,8 and more comparable with the pub-
lication dates of technical manuals and books. The trade-
mark registers also reflect activity from a much wider set of
sectors and firms than US and European patents (Dinler-
soz et al., 2018; Graham et al., 2013). This wider coverage
stems from the lower cost of filing trademarks and from
their primary objective: to protect a brand or logo against
imitation, and to protect consumers from fraud. As such,
trademarks are used at least as widely in service industries
as they are elsewhere. Moreover, because companies sell-
ing physical products frequently do not patent (Fontana
et al., 2013; Moser, 2012), trademark data can capture
innovation missed in patent data.

Diffusion of ideas, inventions and innovations
Patent data have been widely available for decades and
analysis of how technological inventions diffuse has com-
monly relied on these data, specifically on patent citation
patterns. Jaffe (1986) showed that patent citations could
be used to capture knowledge spillovers and Trajtenberg
(1990) demonstrated that the number of times a patent
is cited captures the technological significance of the
patented invention. Henderson et al. (1993) then showed
that spillovers of innovations decline with distance.9

Scientific publications (e.g., journal articles) constitute a
separate source of data to study knowledge diffusion. Pub-
lications, like patents, contain citations that may reflect
reliance on prior ideas.10 Head et al. (2018) use rich data
from mathematics to provide evidence that distance has
become less of a barrier over time to the spread of ideas
in mathematics. The contrast between their results and
the literature on diffusion of technical knowledge may be
indicative of differences in diffusion processes or may
reflect changes in general conditions affecting diffusion
due to new technologies.

Measuring knowledge diffusion using information on
technology usage is onerous because links between the
innovation and its (ultimate) use must be inferred.
Examples include Comin et al. (2008) and Comin and
Hobijn (2010), who provide evidence on the diffusion of
a wide range of technologies from data on the adoption
of 115 technologies spread over 200 years, across many
countries. Comin et al. (2012) also employ these data
and find that distance negatively affects technology
diffusion.

A similar problem of inference about diffusion mech-
anisms exists in the data we analyse in this paper. We
observe that a term describing a new technology or service
appears in the trademark register. The register alone does
not reveal that the followers have directly observed the
innovator and learned from them about the commercial
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potential of the inventions being brought to market. But it
is documented that the trademark register provides impor-
tant intelligence for rival firms and that innovators some-
times go to significant lengths to slow down this avenue
for diffusion (Fink et al., 2018). This supports our conten-
tion that subsequent users of a trademark token are likely
to have learned about potential for an innovation from the
leader.

While the literature studying the diffusion of ideas and
innovations has continued to grow, there are a number of
data-related reasons to use care when interpretating these
results. Nelson et al. (2014) argue that firms may over- or
underreport the adoption of innovations. Moreover, the
common use of patent data in these studies can introduce
bias since not all sectors or firms rely on patents to protect
their innovations (Cohen et al., 2000; Graham et al., 2009;
Levin et al., 1987). It is also well established that many
patents are not associated with product introductions
(Hall & Harhoff, 2012; Nelson, 2009), which may lead
to an overestimate of innovation diffusion, though not
possibly of ideas, when employing patent-based indicators.

In this respect the trademark data we use for our study
present three advantages over patent data. The USPTO
requires that the scope of a trademark is restricted to its
use in the market. While this requirement is not always
met,11 it increases the strength of the correlation, relative
to patenting, between use of a token in a goods and ser-
vices declaration and the actual introduction of a corre-
sponding product in the market. A second benefit of
using trademark data to study innovation derives from
the low cost of applying for trademarks, thereby increasing
the range of firms employing trademarks and of inno-
vations reflected in the trademark register.

The third benefit of trademark data is that they cover a
much broader range of innovations than patent data: inno-
vation is a broad phenomenon, encompassing technologi-
cal breakthroughs that are embodied in new products and
services, but also new forms of cultural expression, new
forms of sport, fashion and language itself. This benefit
introduces two challenges. The first concerns breadth:
patents are limited to specific inventions under the concept
of unity of invention. No such requirement exists for tra-
demark tokens associated to new goods or services. As
our examples below demonstrate tokens may be extremely
broad (e.g., biotechnology, smartphone) or fairly narrow
(e.g., eeprom). This is a feature of the data we have to
live with; it must be borne in mind whenever trademark
tokens are used to study innovation and will affect the
interpretation of any findings as we note below.

A second problem resides in the way we identify inno-
vation: novelty of a token in the set of tokens contained on
the trademark register. This means we may identify tokens
that are potentially just language innovations, that is, pre-
existing lines of goods and services are described using a
new set of words. In these cases, there is no product market
innovation. To address this second problem, we make use
of data on word frequencies in natural language derived
from an internet based mega-corpus, specifically Google
ngram data.12 We classify tokens representing innovations

into six groups, depending on whether they have arisen in
natural language before they arise in the set of trademark
tokens and if their usage in natural language changes sig-
nificantly around the time in which they enter the set of
trademark tokens. This classification allows us to measure
how significant this second problem is likely to be in each
group of trademark tokens.

A limitation of other innovation measures noted by
Nelson et al. (2014) also affects trademark tokens: when
new goods and services are introduced there may be con-
siderable variation in the terminology used to refer to
them acrossfirms. It can take time for a commonly accepted
name to emerge. Therefore, we may identify the date on
which such innovations first emerge incorrectly: the trade-
mark register reveals the date at which the most widely
adopted name for an innovation emerges.13

Balancing these limitations, trademark token data offer
a range of opportunities. Analysis of trademark tokens can,
in principle, be extended as far back as Britain’s first trade-
mark register in 1876 (Bently, 2008). A further benefit
derives from the administrative nature of the data: the tra-
demark register reflects both arrival and diffusion of inno-
vations in a way that can be cleanly established. The
register contains firms originating new tokens, revealing
the spatial concentration of innovations, and the temporal
and spatial diffusion to ‘followers’ who subsequently use
the same innovation. Moreover, because trademark regis-
tration is associated with products and services being
introduced into the marketplace, we are arguably focusing
on economically or commercially important innovations.

TRADEMARK TOKENS AS MEASURES OF
INNOVATION AND DIFFUSION

In this section we discuss insights into US innovation pat-
terns gleaned from analysis of trademark tokens. We com-
pare our findings with previous work on innovation
derived from patent data to learn whether trademark
tokens capture diffusion of technical innovations. This
comparison provides confidence that trademark tokens
describe diffusion of innovations apart from mere techni-
cal innovations.

Trademarks are registered for a broad range of goods
and services. If we are to go beyond the analysis of specific
industries based on curated token lists (Semadeni, 2006)
an algorithm is required that will select large numbers of
tokens linked to significant innovations. Here we propose
and validate such an algorithm: innovation is reflected in
words (tokens) that are entirely new to the corpus of
words describing goods or services in the US trademark
register. These tokens are ‘new’, on the date they first
appear in the register. The subset of tokens most fre-
quently reused in the register within the subsequent five
years is selected, where the cut-off is the ninth decile of
the distribution of reuse frequencies within each Nice
class during the period 1980–2012.14 Details are relegated
to Appendix A in the supplemental data online.

Firms introducing the selected tokens are defined to be
innovators; firms reusing the token within the first year are
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defined to be followers for the purpose of studying
diffusion.

This algorithm for the selection of tokens identifies
terms that are clearly linked to important innovations,
for example, webcast, smartphone, but also others that
are less obviously innovative, for example, consultancy or
cremation. To address this, we use information from Goo-
gle’s ngram data15 to further classify the selected tokens.
We identify those trademark tokens that are both new to
language and new to the trademark register as the most
likely candidates for significant novelty. A detailed classi-
fication of tokens is developed in Appendix B in the sup-
plemental data online,16 which contains extensive lists of
tokens of all types with descriptive statistics that measure
the degree of novelty and the extent of use of each token.

The algorithm has three important variables: first, the
period in which a token can emerge as significant (five
years); second, the threshold for significance (9th decile);
and third, the period in which we identify followers (one
year). We selected the first to allow us to identify those
innovations that grew over a substantial number of years,
the second to be conservative with regard to significance
and the third to limit the possibility that chains of diffu-
sion arise that we cannot follow with this data alone.17

This algorithmic approach to the selection of signifi-
cant tokens cannot ever be as precise as a curated list of
tokens: some tokens selected will seem unlikely candidates
for a list of significant innovations, even if they are used to
describe large numbers of trademarks. In this paper sig-
nificance is measured relative to usage of the token in
patents, trademarks and natural language. We anticipate
that such usage is likely correlated with economic impor-
tance, but this aspect remains to be explored.

The regional distribution of innovators
Much of what we have learned about the regional distri-
bution of innovation in the United States has come from
patent data. Recently, Forman et al. (2016) study where
innovations have arisen, identifying an increase in the
share of patents originating from the San Francisco Bay
area in California, mainly at the expense of the
New York City metro area. Much of the shift they identify
occurred between 1990 and 2000, yet was not concen-
trated in information and communication technology
(ICT) technologies: the re-concentration is more general
across technologies at least those reflected in patenting.
Hannigan et al. (2015) illustrate the local persistence of
automotive innovation in Detroit, Michigan, even as the
manufacturing of automobiles has declined in the region.
Their analysis documents the simultaneous importance
of local and long-distance links to the continued vibrancy
of this geographic technology cluster.

We explore both locations of innovators and long-dis-
tance diffusion links using data on trademark tokens next.
To do this, addresses of all firms introducing significant
new tokens into the trademark register (hereafter innova-
tors) are geocoded.18 Figure 1 shows the distribution of
these innovators across the United States, subdivided
into three periods to reveal effects of time on the spatial

distribution of innovation. We find that 4295 census tracts
out of 73,057 contain innovators. The mapping of inno-
vating census tracts in Figure 1 comports with findings
from patent data reported in Forman et al. (2016), Hanni-
gan et al. (2015) and also scientific publications in Balland
et al. (2020): a cluster of innovation in and around the
San Francisco Bay Area is visible, as is the cluster in the
Northeast megalopolis from Boston to Washington DC
and persistent innovation around the Rust Belt cities of
Minneapolis, MN, Detroit, MI, Cleveland, OH, Pitts-
burgh, PA, and Buffalo and Rochester, NY.

We extend our analysis by exploiting subsequent uses of
fast growing new tokens in the trademark register, andmap
the diffusion of these tokens within one year of filing.
Appendix B in the supplemental data online sets out a
classification of subtypes of the significant new tokens,
exploiting data on usage of words in natural language,
specifically books published at different times. We define
type A tokens as those that rarely or never appear in natural
language before their entry in the trademark register. Types
C–E appear frequently in books and have varying levels of
correlation with a set of frequently used control words pre-
and post-entry into the trademark register. Figure 2 shows
diffusion links that cover distances of at least 100 miles and
across which at least five innovations have diffused. Type A
tokens arise in a smaller set of locations and diffuse to fewer
locations than innovations linked to tokens of types C–E.
This shows that these more novel innovations are rarer
and arise in even fewer locations than innovations that
draw on pre-existing concepts.

Figure 1. Census tracts contributing significant new word
tokens in US Patent and Trademark Office (USPTO) trademark
descriptions.
Note: Symbol size indicates the number of new tokens con-
tributed (larger indicates more tokens) in three time periods
(indicated by the style and colour of the symbols). Identified
are the concentrations of innovations in spatial proximity,
similar to maps of scientific publications and patents (Balland
et al., 2020) and of local labour markets using commuter
flows (Nelson & Rae, 2016). These clusters occur in 10 mega-
regions (e.g., Northeast, Northern California, Southern Cali-
fornia) first identified by Lang and Nelson (2007). Due to
classification changes, Nice classes 43–45 are excluded for
consistency.
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Overall Figure 2 illustrates the importance of
New York, the San Francisco Bay Area and Greater Los
Angeles to the supply of innovation in the United States.
In these graphs of diffusion links, the original long-dis-
tance diffusion arose primarily between southern Califor-
nia and New York.

The figures presented here contain more information
than we are able to analyse in this article. We note some
further avenues for analysis that the figures suggest in
the conclusion. Yet it remains to determine whether trade-
mark tokens reveal information about innovations in ways
that are closely aligned with more conventionally used
innovation measures, such as those derived from patent
data. The next section addresses this question.

Validation against patent and natural language
measures
This section explores whether the adoption of trademark
tokens to describe goods and services follows a similar pattern
to those that can be visualized using natural language and

patent documents. We expect, consistent with Alexopoulos
and Cohen (2011), that as inventions related to a technology
become more numerous, the technology becomes better
known and will be reflected in more references to the tech-
nology in books. This characteristic is captured by the
ngram data.We also expect that inventions with commercial
applicationswill eventually result in a growing number of tra-
demark applications referencing the token.

We present graphs of cumulative diffusion curves for
eight typeA tokens,19 defined as being both new in language
and to the trademark register. The graphs contain three dif-
fusion curves for each token: reflecting use in books (natural
language), in patents and in trademarks. The tokens pre-
sented in Figure 3 are selected from type A tokens with
the highest cumulative patent counts in 2012 (left panel)
and with the highest cumulative trademark counts in 2012
(right panel). The selected examples cover digital technology
(eeprom, smartphone), nanotechnology (nanoparticle),
material sciences (graphene), medicine (prodrugs, immuno-
suppressants) and services (outsourcing, webcast).20 In

Figure 2. Arrows starting from addresses at which tokens new to the world are introduced and ending at addresses which sub-
sequently use these tokens within the first year of their introduction. We exclude all distances below 100 miles and only show
links across which at least five tokens diffused in a given period.

Figure 3. Diffusion of eight innovations captured using token counts from ngram (circles), patent (diamonds) and trademark
(plain line) data. The left panel presents data on four innovations associated with high cumulative patent applications; and the
right panel presents data on four innovations associated with high cumulative trademark applications.
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AppendixC in the supplemental data online we provide four
additional cumulative diffusion curves for type A tokens for
which we were unable to find associated patents.

Figure 3 shows that the cumulative diffusion curves for
patented inventions and trademarks linked to each token
are comparable. The examples offer quite distinct versions
of the common ‘s’-curve that characterizes diffusion, ran-
ging from the classical (immunosuppressants) to cases in
which the take-off phase is missing (eeprom, outsourcing).
However, the curves appear correlated with noticeable
kinks that co-occur across the data sources (webcast, nano-
particle, eeprom). As should be expected, inventions for
the most part precede innovations. Interestingly, excep-
tions include tokens that appear associated with service
innovations (outsourcing). The first use in language (i.e.,
books) significantly precedes the patenting of inventions
for four of the innovations (e.g., graphene), consistent
with the idea that published science and academic discus-
sion predates commercial investment.

Overall Figure 3 reveals that diffusion of inventions
and innovations are correlated in ways one would expect.
This supports the notion that the trademark tokens our
algorithm selects reflect innovation. Further empirical
study of the diffusion of specific innovations using trade-
mark token data seems warranted. Since our primary inter-
est here lies with the effects of distance on initial diffusion
of innovations, we leave this study of diffusion to future
work. The following sections focus on how distance
between locations affects the likelihood that innovations
diffuse between them.

MODEL AND DATA

Henderson et al. (1993, 2005) discuss the primary identi-
fication problem that affects all studies seeking to estimate
how distance affects diffusion of innovation: Is diffusion
localized because distance makes it harder to learn about
an innovation, or because those most likely to reuse an
innovation are located in the same local area as the inno-
vator? In the second case, unobserved factors can generate
a cluster that is revealed by diffusion patterns observed in
the data. Henderson et al. (1993) address the identification
problem by matching patent citations with potential cita-
tions that are comparable.21 Head et al. (2018), who exam-
ine personal ties in mathematics, adopt a similar approach
to identification as Henderson et al. (1993) to show that
the effects of distance on knowledge diffusion in math-
ematics have decreased over time.

Because the data source analysed here is relatively
novel, we do not have sufficiently detailed information
on trademark filing entities and their histories to estimate
models at the firm level. In a real sense, we suffer from
similar teething problems as early researchers working
with the patent data experienced. So instead, we aggregate
trademark innovations at the census tract level and esti-
mate gravity models of innovation diffusion in census
tract dyads. Notably, Peri (2005) and Li (2014) find strong
negative effects of distance on knowledge flows using grav-
ity models.

We estimate the capacity of locations to generate and
absorb innovations, and borrow from the literature model-
ing international trade flows to analyse a fixed set of
regional links. We find that the number of potential
location dyads is far greater than that of innovation-active
location dyads.

Because the data we analyse span many years, we are
able to observe repeated diffusions of innovations between
locations over time. Analogous to the way patent-data
researchers rely on matching citing and non-citing
locations to construct controls, we include only those cen-
sus tract pairs for which we observe at least one diffusion
event – but include these pairs for the entire 32 years of
the sample. We adopt a gravity-model estimation
approach suggested by Silva and Tenreyro (2006) allowing
us to retain observations for which diffusion counts are
zero. We augment this approach by allowing for endo-
geneity of first diffusion from one location to another,
employing lagged variables to instrument both the for-
mation of diffusion links between census tracts and the
absorptive capacity of firms located in the receiving census
tract.22

A further motivation for estimating gravity-type
models at the census tract level can be found in the litera-
ture on regional innovation systems and clusters. Hanni-
gan et al. (2015) suggest that organizations’ capabilities
which spawn innovation reside in local and global linkages
between clusters. These capabilities endure and can survive
the death or migration of specific entities such as firms or
research centres which may help to explain our showing of
the persistence of innovation clusters in older Rust Belt
cities such as Detroit and Buffalo.

Location-specific fixed effects in non-linear panel data
models cannot be consistently estimated due to the inci-
dental parameters problem (Lancaster, 2000). We intro-
duce pre-sample data on the number of innovations new
to the world arising in the sending and receiving census
tracts for the decade 1970–80 to control for permanent
unobservable differences across locations (Blundell et al.,
1995; Hausmann et al., 1984).

Model
We adopt a model of innovation diffusion comparable in
spirit with the model proposed by Peri (2005). Diffusion
ds,r,t from a sending (s) to a receiving (r) area in year t is
a function of distance between these areas Ds,r , innovation
Is,t in the sending location and absorptive capacity Ar,t in
the receiving location and time and area fixed effects Xs,r,t :

ds,r,t = Xs,r,t(Ds,r)
bD (Is,t)

bI (Ar,t)
bA . (1)

This specification can be estimated with a Poisson model.
To address the identification problem with which the
micro-level literature has grappled (Henderson et al.,
1993), we endogenize the first instance of diffusion from
sending to receiving location and control for the age of
the link between them. We also allow for the endogeneity
introduced by a receiving area’s absorptive capacity, but
assume that the arrival of ‘new-to-the-world’ innovations
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at the sending location is uncorrelated with location
specific unobserved effects.23

Data
Define ds,r,t as the count of the number of tokens intro-
duced as new to the world in year t in the sending location,
which are used within one year at the receiving location.
This is a measure of innovation diffusion between
locations: ds,r,t . We can derive a structural equation from
the model:

ds,r,t = exp (b0 + bD lnDs,r,t + bI ln Is,t + bA lnAr,t

+gLLs,r,t + F
′
s,r,tl)+ us,r,t .

(2)

To endogenize the formation of diffusion links between
locations, Ls,r,t = 1 identifies the first year of diffusion in
a dyad. When estimating this model, we control for time
and area fixed effects Fs,r,t . The structural equation can
be estimated using an IV Poisson model with endogenous
covariates and an additive error term (Silva & Tenreyro,
2006; Windmeijer & Santos Silva, 1997).

Equation (2) contains three principal explanatory
variables:

. Distances,r,t (miles) is calculated as the median distance
of all sending – receiving firm pairs per year for each
census tract dyad. Distance can vary within a dyad
over time to reflect changes in the concentration of
economic activity in locations within a census tract. A
distance is the geodesic distance between the sending
and receiving locations, calculated using the haversine
formula. Previous literature suggests that this variable
will have a negative effect on diffusion.

. Innovations,t is the count of all new-to-the-world
tokens generated in the sending census tract per year.
We also use the lagged count of innovation per year
in the receiving census tract as an instrument. We do
not endogenize innovation.

. Net Diffusionr,t, is the count of all new-to-the-world
tokens diffusing to a receiving census tract, net of
those from a sending census tract per year. This variable
can be thought of as an analogue of local absorptive
capacity for the receiving census code (Cohen &
Levinthal, 1990). We instrument this variable.

. The median distance between sending and receiving
locations in the data is 750 miles. The distribution of
distances is ‘U’-shaped with a significant spike for
very short distances.

In addition, we include several covariates:

. Years linkeds,r,t measures the number of years that have
passed since the first diffusion of an innovation from
the sending to the receiving census tract.

. Period has three phases: before 1996, between 1996 and
2005, and after 2005. The phases are chosen so as to
separate out the decade centred on the Dot com
boom in 2000, during which significant investments
in Internet-mediated communication took place and

US trademark registrations were unusually high (Gra-
ham et al., 2013).

The algorithm we describe in the second section ident-
ifies 13,749 significant new tokens. A total of 9227 of the
significant new tokens are introduced by a US firm and fall
into NICE classes below 43: these are our main sample.
Appendix B in the supplemental data online sets out
how tokens can be further subdivided into those that are
novel in the English language and those that represent
changed uses of language. We identify 3645 tokens that
occur infrequently in the English language before the
introduction of the token into the USPTO trademark
database. Of these, 2386 tokens remain in the data once
we restrict to classes below 43 and US applicants. Appen-
dix B contains extensive lists of these type A and B tokens
as well as of the remaining categories of tokens we identify.
The analysis presented below is based on the 2386 type A
and B tokens. Appendix C in the supplemental data online
replicates results based on all 9227 tokens.

The 2386 type A and B tokens originate from
addresses in 1127 distinct census tracts24 and are received
by (diffuse to) addresses in 2533 distinct census tracts. For
15.6% of sending–receiving census tract dyads, the sending
and receiving addresses lie within the same census tract.25

Balanced panels of census tract and year aggregates of
new-to-the-world token introductions and their diffusion
are used in our analysis below. We identify 4271 census
tract dyads having at least one instance of a diffusion
from sending to receiving census tract in the 32 years
between 1981 and 2012. Table 1 sets out descriptive stat-
istics for the resulting panel.

RESULTS

This section contains estimation results for the sample of
type A and B tokens. We begin with results from the
first-stage models and then present and discuss results
from estimation of the structural equation. Section D in
Appendix D in the supplemental data online contains
descriptive statistics and results for the full sample of all
tokens identified by the algorithm described in the second
section.

First-stage models: probability of diffusion and
net diffusion
When estimating the structural equation (2) we allow for
the endogeneity of link formation between dyads of send-
ing and receiving census tracts. We also allow for the
endogeneity of the receiving location’s absorption of inno-
vations from other census tracts. Here we discuss results
from estimation of first-stage models for first diffusion
and net diffusion of the receiving census tract in Table 2.

We condition on the distance between sending and
receiving census tracts as well as the innovation rate in
the sending census tract. Table 2 sets out two versions of
each model: the first contains no interactions, while the
second allows for interactions between distance and time
periods. We introduce four variables to instrument the
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endogenous variables: lagged net diffusion to the receiving
census tract, lagged net diffusion to the sending census
tract, lagged innovation in the receiving census tract and
age of the link between census tracts. We also condition
on pre-sample innovation levels in both census tracts.

The probability of link formation between census tracts
decreases with the median distance between all sending
and receiving firms in the two locales. While this effect
is statistically significant, it is very small in absolute
value: a 1 SD (standard deviation) increase of ln distance

Table 1. Descriptive statistics: type A and B tokens (N ¼ 136,663).
Variable Mean SD 90th percentile Minimum Maximum

Diffusions,r,t 0.064 0.944 0 0 231

ln Net Diffusionr,t 0.009 0.117 0 0 4.511

Link dummy 0.031 − 0 0 1

ln Years Linkeds,r,t 0.789 1.097 2.833 0 3.466

ln Distances,r,t 5.299 2.812 7.830 0 8.541

ln Innovations,t 0.031 0.161 0 0 4.290

ln Innovations,t−1 0.031 0.160 0 0 4.290

ln Innovationr,t−1 0.007 0.080 0 0 4.290

ln Net Diffusions,t−1 0.013 0.176 0 0 5.170

Pre-sample Innovations 0.883 3.086 6 0 26

Pre-sample Innovationr 0.716 2.283 5 0 26

Note: The panel for type A and B tokens consists of 4721 dyads of sending/receiving census tracts. The panel covers the period 1981–2012 inclusive.

Table 2. First-stage models: first diffusion and net diffusion (N ¼ 136,663).

Dependent variable First Diffusions,r Net Diffusionr

Distance and periods
In levels Interacted In levels Interacted

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

ln Distances,r,t −0.0003∗∗∗ −0.0012∗∗∗ −0.0002 −0.0005∗∗∗
(0.0001) (0.0002) (0.0001) (0.0001)

ln Innovations,t 0.3254∗∗∗ 0.3256∗∗∗ 0.1039∗∗∗ 0.1040∗∗∗
(0.0160) (0.0160) (0.0112) (0.0112)

ln Innovations,t−1 0.3203∗∗∗ 0.3205∗∗∗ 0.0769∗∗∗ 0.0769∗∗∗
(0.0137) (0.0137) (0.0069) (0.0069)

ln Net Diffusionr,t−1 −0.0332∗∗∗ −0.0333∗∗∗
(0.0071) (0.0071)

ln Net Diffusions,t−1 −0.0961∗∗∗ −0.0962∗∗∗ −0.0243∗∗∗ −0.0243∗∗∗
(0.0055) (0.0055) (0.0030) (0.0030)

ln Innovationr,t−1 −0.0193∗ −0.0190

(0.0098) (0.0098)

ln Age of Linkt −0.0075∗∗∗ −0.0075∗∗∗
(0.0006) (0.0006)

Pre-sample Innovations −0.0023∗∗∗ −0.0023∗∗∗ −0.0005∗∗∗ −0.0005∗∗∗
(0.0002) (0.0002) (0.0001) (0.0001)

Pre-sample Innovationr 0.0001 0.0001 0.0022∗∗∗ 0.0022∗∗∗
(0.0001) (0.0001) (0.0002) (0.0002)

Period 2× ln Distances,r,t 0.0013∗∗∗ 0.0004

(0.0004) (0.0003)

Period 3× ln Distances,r,t 0.0021∗∗∗ 0.0006∗
(0.0003) (0.0002)

Constant 0.0156∗∗∗ 0.0156∗∗∗ 0.0097∗∗∗ 0.0096∗∗∗
(0.0007) (0.0007) (0.0008) (0.0008)

R2 0.1851 0.1852 0.0446 0.0447

Notes: aRobust standard errors clustered at county dyad level are shown in parentheses: +p< 0.10; ∗p< 0.05; ∗∗p< 0.01; and ∗∗∗p< 0.001.
bAll models include time fixed effects.
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from the mean (53%) would decrease the probability of
first diffusion by a 600th of a per cent. The mean prob-
ability of first diffusion in the sample is 50 times higher
than this (model 2). Moreover, the interaction with dum-
mies for periods two (1996–2005) and three (post 2005)
results in insignificant effects for distance in those two
periods (model 2). These results support the notion that
distance is not, or is no longer, a meaningful source of fric-
tion for the creation of diffusion links between even fairly
remote areas in the United States. This finding is notable
given the country’s large land area (9.8 million km2).

Table 2 also shows that innovation in the sending cen-
sus tract increases the probability that innovations will dif-
fuse between tracts.

A higher rate of diffusion in the past from other census
tracts to the receiving census tract reduces that probability
of diffusion, suggesting that persistent transfer links
between specific locales may pose barriers to entry to
ideas and innovations from different locations. Effects in
the first-stage models for net diffusion to the receiving
census tract are largely similar to effects just discussed.

IV models for the diffusion of innovations
Table 3 sets out results from estimating the structural
equation for diffusion intensity between locations:
equation (2). There are five columns in Table 3: the first

provides a baseline model in which we use no instruments.
Table 3 also contains marginal effects for the distance vari-
able, by time period, below the main results.

The restricted IV results (columns 2 and 3) are
obtained by excluding age of the link between locations
from the set of instruments. This variable has a significant
negative effect on net diffusion to the receiving location
(Table 2). Inclusion of this instrument significantly
increases the effect of distance on the number of inno-
vations that diffuse between locations.

The effect of distance is statistically significant and
large. Distance reduces the number of innovations that dif-
fuse from a sending to a receiving location: a 5% increase in
the distance between locations reduces diffusion by > 1%.

Net diffusion to a receiving location increases the num-
ber of innovations generated in the sending location that
diffuse to the receiving census tract (suggesting an absorp-
tive capacity pull effect). This coefficient is severely down-
ward biased when we do not instrument first diffusion and
net diffusion to the receiving census tract.

Controls for pre-sample innovation levels in both
sending and receiving locations significantly affect diffu-
sion. This indicates the importance of unobserved location
specific effects for diffusion.

Allowing for the endogeneity in the structural equation
affects the size of the marginal effects we estimate for

Table 3. Instrumental variables (IV) Poisson models of innovation diffusion – sample: type A and B tokens (N ¼ 136,663).

Model
No IV

Restricted IV Full IV

Distance and periods In levels Interacted In levels Interacted

First Diffusion (1/0) 5.1908∗∗∗
(0.1596)

7.3836

(3.8589)

7.5669

(4.4523)

4.8741∗∗∗
(1.1183)

5.4256∗∗∗
(0.9108)

ln Net Diffusionr,t 0.3745∗∗∗
(0.0644)

1.0893∗
(0.5488)

1.1234∗
(0.5731)

3.1076∗∗∗
(0.9443)

2.6137∗∗
(0.7957)

ln Distances,r,t −0.1126∗∗∗
(0.0174)

−0.1070∗∗∗
(0.0202)

−0.1302∗∗∗
(0.0292)

−0.2277∗∗∗
(0.0679)

−0.2285∗∗
(0.0789)

ln Innovations,t 0.8374∗∗∗
(0.1204)

0.2946

(0.3836)

0.2749

(0.4004)

−0.8402

(0.4483)

−0.6203

(0.4271)

Pre-sample innovations −0.0012

(0.0074)

0.0225

(0.0139)

0.0221

(0.0143)

0.0816∗
(0.0372)

0.0709∗
(0.0335)

Pre-sample innovationr 0.0201∗
(0.0096)

−0.0433

(0.0549)

−0.0465

(0.0583)

−0.2512∗∗
(0.0973)

−0.2075∗
(0.0882)

Constant −4.9059∗∗∗
(0.2602)

−6.3908

(3.8059)

−6.4812

(4.4041)

−3.7530∗∗∗
(0.6887)

−4.1160∗∗∗
(0.8606)

Marginal effects

ln Distancepre 1996 −0.0043∗∗∗
(0.0010)

−0.0037∗∗∗
(0.0008)

−0.0070∗∗
(0.0026)

ln Distance1996−2005 −0.0117∗∗∗
(0.0027)

−0.0099∗∗∗
(0.0016)

−0.0203∗
(0.0085)

ln Distancepost 2005 −0.0059∗
(0.0024)

−0.0038∗∗
(0.0014)

−0.0124
(0.0068)

Notes: aRobust standard errors clustered at county dyad level are shown in parentheses: ∗p< 0.05; ∗∗p< 0.01; and ∗∗∗p< 0.001.
bAll models include time fixed effects.
cCommon instruments: ln Innovationr,t−1, ln Net Diffusionr,t−1 and ln Net Diffusions,t−1.
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distance. However, the pattern of effects is the same: dis-
tance impeded diffusion almost three times as much
during the years of the Dot com boom for these type A
and B innovations. We find the same pattern holds
when we analyse diffusion for the full set of trademark
tokens identified by the algorithm introduced here.
These findings are relegated to Appendix D in the sup-
plemental data online. This suggests that the greater dyna-
mism of that period produced innovations that were less
transferable to businesses at greater distance from the
originators.

To summarize, our results show that spatial distance
no longer affects the creation of diffusion links after
1996. However, conditional on an existing diffusion link
between two locations, we find persistent, strong and
negative effects of greater spatial distance on the intensity
(extent) of diffusion for existing transfer links between
locations.

CONCLUSIONS

This paper contains new evidence on the effect that geo-
graphical distance has on the diffusion of innovations. A
primary contribution is the description and application
of a previously unused source of information on inno-
vations and their diffusion, namely the emergence and
reuse of ‘new-to-the-world’ terms (tokens) contained in
the goods and services descriptions of administrative tra-
demark registrations. While this paper considers trade-
mark information generated during only three decades in
the United States, there is wide scope for this measure
to be constructed from public trademark information in
any country, and for periods beginning as early as the
late 1800s, when administrative trademark registers
began to be recorded.

While the consensus scholarly view is that the diffusion
of ideas and innovation decreases as spatial distance
increases, recent scholarship questions this regularity. By
linking new trademark tokens to the business addresses
of innovator and follower firms, and defining substantial
innovations as new-to-the-world tokens in goods and ser-
vices descriptions, we are able to analyse the diffusion pat-
terns of the most commercially impactful innovations
linked to trademarks from 1980 to 2012.

Our results largely confirm findings in previous work,
which has shown that distance hampers the spread of
ideas, inventions and innovations. The novelty of our find-
ings lies in the source of information about innovation and
diffusion, which is entirely different from that exploited in
previous work. We address some of the endogeneity likely
to affect this type of work. However, we do not have
experimental or quasi-experimental data at our disposal
and are not in a position to control for other pathways,
such as the personal networks which may mediate the dif-
fusion of innovations. Therefore, we cannot entirely rule
out that diffusion is primarily local, because even in the
age of the Internet, the networks of innovators and gate-
keepers in the sense of Roberts and Fusfeld (1982) may
remain primarily local.

The data source we exploit captures innovation for a
much broader range of applications and technologies
than those reflected in patent data, most innovation sur-
veys, and even the books and manuals recently studied
by Alexopoulos and Cohen (2011). However, this breadth
also introduces certain limitations: the breadth of the data
means that diffusion mechanisms that explain how infor-
mation passes between firms may vary. The breadth of
these data derives from its administrative nature, but this
also means that we have reliable information only about
the location of the firm that handles the registration of tra-
demarks. These data can teach at best a limited amount
concerning the process from invention to innovation,
and is silent about the location of the inventors who con-
tributed to the innovation. However, these limitations may
be remedied in further research by studying in greater
detail the links between patents and trademarks, matched
through common tokens and filed by the same firm.
A further dimension of the data we have not studied
here is whether significant references to a token in multiple
sources (for instance language, patents and trademarks) are
indicative of economic impact, as measured using product
sales, employment growth or the like. Finally, the algor-
ithm we adopt excludes interesting innovation phenom-
ena, such as sleeping beauties (Ke et al., 2015):
inventions that do not find widespread commercial use
or scientific recognition for a long period of time. Future
researchers could remedy this shortcoming by carefully
integrating data on scientific publications, patents and tra-
demarks based on common tokens, over longer periods of
time than we use here.

Beyond these questions related to diffusion, trademark
tokens open opportunities for new research into aggregate
innovation activities in an economy. The trademark token
data are particularly useful for analysis of technologies,
industries, firms, and economies for which patents – the
most common data used to analyse diffusion – are less suit-
able. Accordingly, our descriptive analysis of the trade-
mark token data suggests that further work is warranted
to better understand what additional insights trademark
tokens can reveal about diffusion patterns post-1876. If
it can be established that the propensity for new tokens
describing new technologies has remained relatively con-
stant over the period after 1876, trademark tokens would
be useful indicators, adding insight into the amount of
innovation generated since the late 1800s. Such a finding
would help bring light to many important questions,
including possibly those being raised in the recent litera-
ture about the productivity slowdown affecting advanced
economies (Gordon, 2018).

Future analysis would also be welcome as regards the
descriptive results presented in the paper, suggesting that
the locations of innovating firms have become more con-
centrated over time.26 Careful analysis of the number of
new firms and their locations is warranted, possibly
using other data sources to add precision and depth.
Future research could also investigate whether quality of
communication networks moderate the effects distance
has on the diffusion of innovation, taking advantage of
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recent data on broadband quality at the census tract level
(Flamm& Varas, 2020). Finally, the analysis we have pro-
vided here neglects the question of technology fields and
clusters of inventive activity, as well as clusters of firms
innovating in similar product markets. Again, future
research would require a more accurate classification of
economic activities than presented by the Nice classifi-
cation, which are themselves a relatively blunt tool. As
matching patent classifications to industry codes vexed
early researchers using that data source, trademark appli-
cations and their associated product introductions could
benefit from more accurate classification, thus presenting
research opportunities for future investigation.
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NOTES

1. We tokenize the goods and services declaration
attached to all USPTO trademark applications and list
their constituent words. These are the tokens we sub-
sequently study. In other parlance, we identify the set of
all 1grams within the goods and services declarations.
2. We refer to ‘followers’ because these firms reuse tokens
new to the world. Followers may introduce further
improvements to the product or service that we do not
observe or capture here.
3. A US census tract covers a geographically contiguous
area with an average of 4000 inhabitants. Further infor-
mation onUS census tracts is provided in the online glossary
of the US census here. We geocode trademark registrants
addresses and link these to 2010 census tracts using spatial
merge. The census tract database provides Federal Infor-
mation Processing Standard (FIPS) codes that identify the
county and state in which each census tract is located.
4. Patenting-intensive regions in the United States
include New York City, the San Francisco Bay Area and
Greater Los Angeles.

5. The 2010 census contained 73,057 separate tracts. A
total of 4295 tracts contain addresses of applicants who
introduced fast growing new tokens into the USPTO’s
trademark register. A total of 8659 tracts contained
addresses of firms that took up these tokens within the
first year of filing. The vast majority of census tracts con-
tain no innovating firms by this measure.
6. Due to a change in the trademark classification system
introduced in 2000, we have excluded some of the service
classes (43–45) from our analysis.
7. The tokens ‘consultancy’ and ‘consultation’ are among
the most frequently used type C tokens we identify. The
typology of tokens is introduced in Appendix B in the sup-
plemental data online.
8. In pharmaceuticals, patent filing often precedes pro-
duct introduction by 7–10 years (Grabowski & Vernon,
2000).
9. This is supported, inter alia, by Peri (2005), Belenzon
and Schankerman (2013), Singh and Marx (2013) and Li
(2014).
10. However, recent research investigates the incidence
of so-called negative citations in science (Catalini et al.,
2015).
11. The USPTO conducted a Proof of Use pilot in 2012,
requiring trademark owners to submit additional evidence
of trademark use on the goods or in connection with the
services identified in the registration. In just over half of
the randomly selected registrations, owners were unable
to verify previously claims of use, resulting in either nar-
rowing of protection through deletion of goods and/or ser-
vices or outright registration cancellation. See the Post
Registration Proof of Use Pilot Final Report (accessed
12 August 2019) at https://www.uspto.gov/sites/default/
files/trademarks/notices/Post_Registration_Proof_of_
Use.doc.
12. For details about this source of data, see Appendix B
in the supplemental data online.
13. Grodal et al. (2015) note how the category label
‘smartphone’ emerged against the resistance of some of
the current market leaders. We provide evidence on the
concurrent growth of ‘smartphone’ in natural language,
trademarks and patents in Figure 3. The data we analyse
provide opportunities for further work on the emergence
and evolution of category labels, but a full exploration
goes far beyond our focus in this paper.
14. The Nice Classification classifies goods and services
used in the registration of marks.
15. The data are available on the Google ngram webpages.
16. Empirical results regarding the effects of distance on the
diffusion of innovations reflected in trademark tokens are not
affected by this additional filter. For results demonstrating
this, see Appendix D in the supplemental data online.
17. The median token in our data diffuses once in the
first 364 days.
18. Geocoding of addresses was performed with the help
of two Stata modules: opencagegeo (Zeigermann, 2016)
and geocodehere (Hess, 2015). We geocoded a subset of
addresses twice and checked the reliability of the packages
used.
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19. There are 2539 type-A tokens in our data, and we
link 1519 (60%) of these to patents.
20. In the second section we note that the emergence of a
technology described by a token may precede the appear-
ance of the token/label itself. Upon investigating when
these tokens appeared in Figure 3, we find the first in-
language mention of EEPROM (Johnson et al., 1980)
and ‘smartphone’ (Grodal et al., 2015) correspond to
their appearance in the TM data. However, ‘prodrugs’
were used long before the label was coined (Stella et al.,
1985); the potential of nanotechnology was predicted dec-
ades earlier by Feynman (1960), but the field only really
emerged as a separate area of research in the 1980s
(Grodal, 2018). These examples illustrate that significant
innovations and their labels can emerge suddenly, or
instead very gradually. In the investigation we undertake
in this paper, we assemble data that reveal how innovations
evolve once a dominant label is established.
21. This approach was subsequently critically tested by
Thompson and Fox-Kean (2005) and commented on by
Henderson et al. (2005). Singh and Marx (2013) extend
the methodology used to estimate this type of matching
model.
22. Methods used to endogenize variables in a Poisson
framework are developed by Windmeijer and Santos
Silva (1997).
23. We control for location-specific constant unobserved
effects using presample data on innovation (Blundell et al.,
1995).
24. Data on census tract boundaries were obtained from
ESRI. It can be downloaded at https://www.arcgis.com/
home/item.html?id=ca1316dba1b442d99cb76bc2436b9f
db. We used the Stata add-on geoinpoly Picard (2015) for
the spatial merging of firm locations to census tracts.
25. This does not affect our analysis of distance effects as
we construct the distance between sending and receiving
addresses per census tract dyad as the median distance
within each dyad and year. Having geocoded the addresses
of all filing entities, we are able to construct distances even
within the same census tract.
26. Concentration of innovation is documented and an
explanation presented by Balland et al. (2020).
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