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Abstract

When a technology becomes the new standard, the firms that are leaders in producing
this technology gain a competitive advantage. Matching the semantic content of patents
to standard documents, we show that firms closer to the new technology standard in-
crease their market share and sales. In addition, if they operate in a competitive market,
these firms also increase their R&D expenditure. Yet, these effects are temporary since
standardization creates a common technological basis for everyone, which allows followers
to catch up and the economy to grow.
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1. Introduction

The development and production of goods and services is often subject to a myriad of tech-
nical standards. From payments systems to specifications for doorframes or autonomous
vehicles, industrialized societies rely heavily on technical standards in every sector of the
economy. By defining a common set of rules, guidelines and specifications, standard-
ization guarantees the interoperability of devices, compatibility of inputs, or the safety
and quality of products at the benefit of both producers and consumers. Technological
standardization inherently involves the selection of one technology over others as it aims
to ensure the widespread proliferation of the best technologies and practices within each
industry. This is achieved by requiring industry participants to align on a common set of
rules, thereby limiting the proliferation of potentially incompatible alternatives.
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Yet, a firm’s ability to adapt to a new standard hinges on its past strategic decisions.
Certain firms, given their innovation history, may be better technologically equipped
to implement the requirements and processes described in the recently issued standard.
Consequently, firms that have already knowledge and expertise in the technology described
by the new standard could gain an immediate competitive advantage and benefit from a
shift in market power in their favor. This raises a well-known trade-off between rewarding
successful innovations and preventing the emergence of monopolies.
This paper contributes to this ongoing debate by studying the firm- and sector-level conse-
quences of large-scale technology adoption. The process of technological standardization
offers an opportunity to examine these questions. By introducing a novel measure of
firm-level proximity to technology standards, we show how the selection of one technol-
ogy among competing ones through standardization affects competition, innovation, and
growth. Despite an important literature in industrial organization on standardization, the
macroeconomic literature has so far overlooked this issue which is essential to the process
of innovation and technology adoption.
To address the above question empirically, we combine (i) knowledge of which technologies
have been adopted by an entire industry and (ii) the innovative activity of individual
firms. For the former, we rely on the fact that large-scale technology adoption usually
requires industry participants to coordinate on a set of common rules, a process formally
known as standardization. For this we use documents approved by industry experts from
Standard-Setting Organizations (SSOs) that describe the basic features of the selected
technology (known as standards). Prominent examples are mobile telecommunication
standards (such as the 5G standard family) or Internet protocols. For the latter, we use
patent data which is a widely used measure of innovation at the firm level (see Hall et al.,
2005). Hence, we match the semantic content of patents to standard documents and can
express the proximity of a patent to each standard by evaluating to what extent their
content overlap. Aggregating across firms’ patent portfolios, we are able to measure a
firm’s proximity to the new technology standard. This allows us to characterize in detail
firms’ responses to standardization and to provide new evidence on its macroeconomic
implications.
Our results show that, in response to the release of a new standard, firms that own patents
closer to the newly selected technology have an immediate competitive advantage that
translates into higher sales and market shares. We also find that, if the market is compet-
itive, these firms invest more in R&D while this is not the case if the level of competition
is low. Our results are consistent with the interpretation of standardization as a reduction
in the level of competition in the short-run, benefiting technological leaders.1 However,
this advantage is not permanent. Indeed, the objective of standardization is to establish
a common framework that allows the rest of the industry to catch up over time through
spillovers. We show that this mechanism has a positive long-term effect on sectoral growth.
Contrary to creating enduring monopolies or fostering rent-seeking behavior, standards
stimulate competition and innovation across the industry and contribute to long-term

1A standard need not necessarily mirror the most radical or groundbreaking technologies in the market.
However, its essential purpose is to forge a unified framework of rules and practices, poised to become
preeminent best practices. Consequently, firms able to swiftly implement these technologies can indeed
be considered as technological leaders.
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economic growth.
Our analysis proceeds as follows. First, we apply a semantic algorithm to measure the
proximity of every patent to every standard. In particular, we use the fact that each
standard is associated with a set of relevant keywords that can be directly compared
to the information in patent abstracts. From this procedure, we are able to link 7.5
million US patents to about 0.65 million standards and evaluate the semantic similarity
between each pair. This new measure represents a substantial novelty as most of the
literature focuses on either patent data to measure innovation at the firm level (e.g. see
Griliches, 1990 and Hall et al., 2005), or standards data to measure technology adoption
at the industry level (e.g. see Baron and Schmidt, 2014). Our measure correlates with
the economic value of patents (defined as in Kogan et al., 2017), their scientific value
(measured by forward patent citations) and their private value (patent holders are more
likely to pay renewal fees). Yet, it spans beyond those attributes: it identifies patents
that, within comparable technologies and of similar quality, describe innovations better
suited to adapt to the new standard definition. For the firms owning these patents, this
entails both the diffusion of their technologies as well as their capacity to quickly deploy,
scale and market new applications of the standard.
In the second part of our investigation, we analyze the firm-level implications of owning
patents close to new standards. Specifically, we use the crosswalk from Kogan et al. (2017)
to match firm-level quarterly data from Compustat, Crisp and Ibes to patent data and to
our new measure of technological proximity that we aggregate at the firm-quarter level.
As a first exercise, we analyze the validity of our firm-level proximity measure. In fact, if
a certain technology is already widely used in an industry (ex-post standardization), our
measure would correctly capture successful innovations, but not the additional impact
of standardization. To investigate this point, we study the information content of our
proximity measure by looking at the stock market reaction that follows the release of a new
standard. We find that financial market participants indeed respond to standardization
by revising upward earnings expectations for firms closer to the standardized technology.
The revision occurs only at the time when the content of the standard is made public and
despite the fact that the firm’s patent portfolio is already known. Moreover, firms closer
to the new standard exhibit abnormal returns in the same period. These results suggest
that the specific content of a standard, and consequently the relative proximity of each
firm to the standard, represents a surprise for markets. This is an important point as it
implies that –despite the process of standardization being endogenous– the approval of a
new standard is a necessary step for firms to deploy, scale and market their innovations.
Stock markets pick up these effects by revising growth opportunities for firms closer to
the standardized technology. Furthermore, the disclosure of a standard unveils additional
insights into a patent’s potential to enhance a firm’s market value, surpassing the initial
estimations made at the time of the patent grant as measured by Kogan et al. (2017).
As a second exercise, we show that firms closer to the new standard indeed gain both in
terms of sales and market shares only after the publication of the standard itself. These
effects are not anticipated and last for roughly five consecutive quarters. In particular,
we estimate that –for these firms– this translates into an (average) increase of sales and
market share by 2.0%. Thereafter, to shed light on the interplay between competition and
innovation, we consider the responses of investment in R&D following standardization,
which depend on market structure. Specifically, we find that if a firm is operating in
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a competitive (non-competitive) market and is close to the technology standard, it will
invest more (less) in R&D after the release of the standard. This is consistent with
the literature that has emphasized a non-linear relationship between competition and
innovation (see Aghion et al., 2005). Overall, for the entire sample of firms, the expansion
of R&D is the prevailing effect. We estimate that, on average, firms close to the new
standard increase their investment in innovation by 4.8%. In light of this, we can interpret
the release of a standard as a temporary shift in competition in favor of those firms better
equipped to immediately adopt and deploy the standardized technology.
Our identification could be affected by various potential threats. Most importantly, it
is possible that some firms lobby or exercise undue influence over SSOs to push for the
inclusion of their patents into the new standard (Bekkers et al., 2011; Farrell and Simcoe,
2012). If this is the case, our proximity measure would capture the lobbying power of a firm
rather than its innovative capacity. To check this, we perform two tests. First, we use SSO
membership data to control that results are not driven by the direct participation of firms
in the standardization process. Second, we exclude standards developed by US SSOs from
the calculation of our proximity measure as it is more likely that US firms have stronger
influence at national level. Moreover, our results might be driven by mismeasurement.
In particular, our measure of proximity could reflect the patent portfolio size or the
technology field in which the firm operates rather than the quality of its patents. In light
of this, we perform a series of exercise showing that our measure is indeed capturing the
quality of a patent and its proximity to a standard, and that it is this quality dimension
that drives our results. For example, we construct a number of counterfactual proximity
measures, keeping the same set of patents at the firm level but randomizing their score
with standards. We show that these placebos generate no effect.
Finally, we explore the aggregate implications of standardization for growth and compe-
tition. Our findings suggest that while standardization confers a significant advantage
to firms closer to the standardized technology (which we consider as the technological
leaders), this effect is short-lived. In the long-run, standardization promotes knowledge
spillovers and wider technology dissemination, indicated by a growing number of patent
citations from other firms to patents of the leading firms and an increasing production of
new patents that converge in content to the just published standard. This dynamic allows
these firms to catch up with leaders, thus contributing to overall growth in the sector.
Notably, four years after a standard’s introduction, we observe an increase in sectoral
growth by 0.2 percentage points, mostly driven by the industry-wide catch-up process.
This process boosts also sectoral competition. In fact, sectoral concentration declines in
the long-run following the introduction of a standard.
In light of this evidence, this paper contributes to the policy debate on the link between
competition and innovation and its implications for economic growth. Standardization
and its consequences represent an important and overlooked dimension to study this
question. On the one hand, proponents of standardization argue that it is both an ac-
knowledgment of the best technology among competing ones, and also a way to speed up
the diffusion of this technology and subsequent improvements. On the other hand, the
release of a standard can lock a certain industry in the chosen technology. This might pre-
vent the emergence of competing technologies by transferring substantial market power to
firms that have a considerable stake in the standardized technology. Not surprisingly, the
policy debate among regulators and standard-setting organizations has centered around
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this complex trade-off (Lerner and Tirole, 2015).

Related literature. Our study relates to different strands of the literature.
The first one is on technological standardization which has received much attention in the
industrial organization (IO) literature, but remains largely overlooked in macroeconomics
despite the omnipresence of standards in every aspect of economic activity (see Kindle-
berger, 1983 for an historical overview). The IO literature has identified a wide range of
benefits of standardization. By allowing for interoperability, compatibility and network
effects (Katz and Shapiro, 1985; Farrell and Saloner, 1985), lower transaction costs and
the reduction of information asymmetries (Leland, 1979), standardization is especially
important for the large-scale deployment of inventions and technologies. In order to reap
the benefits of standardization, technological specifications and details must be agreed
upon by industry participants. Standard-setting organizations (SSOs) are fundamental
in that process (Rysman and Simcoe, 2008).
Consequently, standardization is an essential prerequisite for the industry-wide adoption
of new technologies, especially in the case of general-purpose technologies (Basu and
Fernald, 2008; Jovanovic and Rousseau, 2005). This has macroeconomic implications
(see Baron and Schmidt, 2014, who exploit the timing of standard releases to study the
business cycle implications of technology adoption).
The benefits of standardization notwithstanding, several concerns have been highlighted
in the literature. With the arrival of new technologies, the optimality of the incumbent
standard is called into question. However, high switching costs may prevent the adoption
of new technologies such that industries become “locked in” a certain standard (Farrell
and Klemperer, 2007; Farrell and Saloner, 1986). The QWERTY keyboard is an often
cited example of such a lock-in effect as consumer habits and compatibility prevent the
adoption of more efficient keyboards such as DVORAK (David, 1985).
Another related concern is that standards, by favoring one technology over another, can
give too much market power to the owners of the technology in question, especially if
its use is safeguarded by patent protection. It is for this reason that SSOs insist that
holders of so-called standard-essential patents (SEPs) respect fair, reasonable and non-
discriminatory (FRAND) licensing principles. This loose prescription has led to an intense
debate among regulators, economists and lawyers, and to a theoretical literature on the
optimal design of rules on standard development, SEP licensing or voting procedures
(Lerner and Tirole, 2015; Schmalensee, 2009; Llanes and Poblete, 2014; Spulber, 2019).2

Contrary to the IO literature, we abstract from questions such as the microeconomic
process of standard development or rules setting in SSOs. We take the standardization
process as given and focus on its macroeconomic implications. We aim to evaluate whether
the beneficial aspects of the large-scale diffusion of new technologies through standard-
ization can outweigh the potentially detrimental aspects that may arise when some firms
acquire too much market power and future innovation is impeded. While we measure the

2While empirical studies have used data for selected SSOs for which SEP declarations are available
(Bekkers et al., 2017; Baron and Pohlmann, 2018), true standard essentiality is often questioned and
problems of both over-declaration and under-declaration may arise (see the discussion in Brachtendorf
et al., 2022).
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proximity between patents and standards, our measure is not confined to the standard
essentiality of patents. On the contrary, we consider all patents that indicate whether a
firm has knowledge and expertise in the field that is covered by the standard. We cover
the universe of standard and patent documents and not just those that are linked through
declared standard essentiality. Importantly, our measure covers all sectors of economic
activity and not only ICT which is the industry that the IO literature usually focuses on.
The second strand of literature this paper speaks to concerns the link between innova-
tion and competition. In endogenous growth models (in particular Romer, 1990; Aghion
and Howitt, 1992; Grossman and Helpman, 1991), an increase in the level of competition
should reduce the incentive to innovate as it also reduces future rents. However, as sur-
veyed in Aghion and Griffith (2005), this prediction is not very clear in the data. This
motivates the authors to emphasize the non-linear relationship between competition and
innovation: while competition can still dampen innovation, it also induces firms to in-
tensify their innovation activities in order to escape competition. Empirically, a number
of papers have looked at the reaction of innovative firms to competition shocks, often
using trade shocks (Autor et al., 2020; Aghion et al., 2018; Bloom et al., 2016; Iacovone
et al., 2011; Aghion et al., 2021; Akcigit et al., 2018). To the extent that patents give a
temporary monopoly power to its assignee and that standards lock a whole industry in a
given technology, then standardization leads to a reduction of competition if the underly-
ing technology is owned by a small number of firms. Our paper therefore contributes to
this empirical literature by considering a more direct measure of competition and allows
to look at the impact of a change in the degree of competition at the firm and aggre-
gate level. Moreover, when looking at the aggregate implications of standardization, our
findings corroborate results from the theoretical literature on the role of standardization
(Acemoglu et al., 2012), technological adoption and diffusion (Benhabib et al., 2021, Perla
and Tonetti, 2014) which stresses the importance of the catching-up effect of technological
laggards for growth.
We also study the information content of standardization. In particular, we relate to a
literature that studies how financial markets react to innovation-related corporate events.
For example, Eberhart et al. (2004), Chan et al. (1990) and Szewczyk et al. (1996) show
that firms exhibit positive abnormal returns and higher share value when the management
announces an unexpected R&D investment plan. Similar results are found in Kogan
et al. (2017), Pakes (1985), Nicholas (2008) and Austin (1993), who show that markets
positively reacts to news on patenting activity.3 All these papers demonstrate that the
market efficiency hypothesis (see for example Daniel et al., 1998, Mitchell and Stafford,
2000) holds also when information on corporate innovation activity is disclosed: markets
are able to correctly understand and discount what the future benefits of innovation will
be. Our paper shows that this is the case also when information on a new standard is
released.
Finally, our work contributes to the literature on text-mining applied to the semantic
analysis of patents and standards. Looking at the standard-essentiality of patents, Brach-

3In a similar vein, Ma (2021) uses patent data to construct measures of technological obsolescence
and analyzes earnings forecasts and stock returns in response to the obsolescence of a firm’s innovation
portfolio.

6



tendorf et al. (2022) use text mining techniques to match patents to standards.4 Contrary
to their paper, we concentrate on the universe of standards released by a large variety
of SSOs and are interested in how standardization affects real outcomes at the firm and
macroeconomic level. Text mining methods are increasingly used in economics and in
particular in innovation economics, notably for the analysis of patent data (see Abbas
et al., 2014 for an overview). For example, the semantics of patent documents can be
used to measure patent similarity (Arts et al., 2018; Kuhn et al., 2020), to select patents
in specific technologies (Bergeaud and Verluise, 2022; Dechezleprêtre et al., 2021; Bloom
et al., 2021) or to classify patents (Bergeaud et al., 2017; Webb et al., 2018; Argente
et al., 2020). The content of patent publications has also been used to construct measures
of novelty based on the amount of textual dissimilarity from previous patents and high
similarity with subsequent ones as done by Kelly et al. (2021).
The paper is organized as follows: Section 2 briefly describes the matching procedure and
the construction of the data; Section 3 looks at how standardization relates to indicators
of patent quality; Section 4 presents our firm-level results and link our results with the
theoretical literature on innovation and competition; Section 5 discusses the aggregate
implications of our results; Section 6 concludes.

2. Data construction and matching

2.1. Data sources

Patent data. A patent is an exclusive right granted to an inventor or an assignee for an
invention in exchange for the disclosure of technical information. For the matching pro-
cedure, we use all US priority applications that are available in the IFI CLAIMS database
from 1980 to 2020, without restrictions on the technological field.5

The IFI CLAIMS database contains most of the information we need about patents. In
particular, we extract the abstract, the technological field (through the International
Patent Classification code, or IPC) and the filing date of the patent application. We
restrict our sample to patents filed between years 1980 and 2010. This corresponds to
over 7.5 million observations on the patent-level.

Standard data. A standard, similar to a patent, is a document that describes certain
features of a product, a production process or a protocol. Contrary to patents that are

4Specifically, they use SEP declarations for one specific SSO, namely ETSI (European Telecommunica-
tions Standards Institute), to evaluate the true standard essentiality of patents. The Semantic similarity
of patent–standard pairs database described in Brachtendorf et al. (2020) considers standards not only
from ETSI, but also from IEEE and ITUT.

5Patents are grouped into families which include different publications that are more or less related
to the same invention. More precisely, during a 12-month period following the filing of an application,
the applicant has a right of priority meaning that during this period, she can file a similar patent in a
different patent office and claim the priority of the first application. If the priority claim is valid, the date
of filing of the first application is considered to be the effective legal date for all subsequent applications.
All the patents sharing a similar priority application define a family. The priority application is the first
patent in a family (see Martinez, 2010 for more details).
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filed by individual inventors or firms, standards are developed by standard-setting organi-
zations (SSOs) which gather industry experts from both the private and public sector in
working groups and technical committees. Well-known examples are international SSOs
such as ISO (International Organization for Standardization), national standard bodies
such as DIN (Deutsches Institut für Normung) or industry associations such as IEEE
(Institute of Electrical and Electronics Engineers). Most standards are considered public
goods and many SSOs are non-profit organizations. Requiring approval by all stakeholders
involved in the development of standards, they are often called consensus standards.
To collect information on standards, we use the Searle Centre Database on Technology
Standards and Standard Setting Organizations (see Baron and Spulber, 2018 for more
details). This data is largely based on Perinorm, a bibliographical database of prod-
uct standards whose purpose is to provide subscribers (usually professionals) with basic
information on the standard and the possibility to purchase the access to individual stan-
dard documents. Our database covers all types of standards that have been released in a
large number of industrialized countries. The Perinorm database also contains keywords
describing each standard. These keywords were provided by Perinorm experts when in-
cluding standards into their database to facilitate the search for specific standards by its
users. They represent one of the main ingredients for our matching procedure.
We clean the standards data as follows. First, we regroup standard documents that are
equivalent. Indeed, a single standard can be released several times, for example once by
a French SSO and once by a German SSO. To avoid keeping duplicates, we regroup those
standards and create a database in which we store the standards group identifiers, the
standards contained in the group, their ICS (International Classification of Standards)
and the earliest date of publication. We end up with a sample of 0.65 million standards.
Finally, we store the keywords associated to the standards of the group. More details are
provided in Appendix A.

2.2. Semantics-based matching of patents to standards

Matching procedure. We start by processing the keywords that have been provided
by Perinorm experts for each standard. We first clean these keywords using common
techniques used in text-mining (such as removing upper-case letters, special symbols,
punctuation or stop words such as the, at, from, etc.). We then form k-grams, i.e. a
sequence of k words that we consider as a unique entity (i.e. the 2-gram air condition is
not the same as considering air and condition separately). We stem these k-grams which
consists in only keeping the “root” of the keyword (i.e. fertilizing and fertilizer become
both fertiliz). As a result, we obtain a database where each standard is associated with
a list of k-grams.
Then, we proceed similarly and extract keywords from the patent abstracts, form and
stem k-grams, and keep those that are in the list of standards keywords. Thus, we obtain
a database where each patent and standard is listed with their associated k-grams. We
calculate the so-called inverse document frequencies for each k-gram in our respective
database of extracted standard and patent k-grams. This will allow to assign them an
importance weight.6 We only keep k-grams that do not appear in more than 1 out of

6The inverse document frequency is based on a measure of how often a word shows up in a database
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500 standards or 1 out of 1000 patent documents. Then, we register all patent-standard
combinations which share the same k-gram on the k-gram-level along with the term-
frequency (i.e. number of repetitions) of each k-gram in the patent abstract. Then a
score of bilateral proximity between each patent and standard is computed. In particular,
the score is defined using the cosine similarity between standard i and patent j:

Score(i, j) ≡ A(i) · B(j)
∥A(i)∥ ∥B(j)∥ =

K∑
k=1

A(i)kB(j)k√√√√ K∑
k=1

A(i)2
k ·

√√√√ K∑
k=1

B(j)2
k

where A(i)k and B(j)k are the k-th components of vectors A(i) and B(j), which represent
the weighted occurrence of k-grams in standard i and patent j, respectively. The vectors
span the union of all k-grams found in either document: K = {A(i) ∪ B(j)}i,j.
To account for the informational value of each term, we define:

A(i)k = IDF (wA
k ) and B(j)k = IDF (wB

k ) · TF (wk)

where IDF (wA
k ) and IDF (wB

k ) denote the inverse document frequency of keyword wk

across the corpus of standards and patents respectively, and TF (wk) is the term frequency
of wk within the patent abstract. The combination of TF/IDF and cosine similarity is
commonly done in the literature (e.g., Seegmiller et al., 2023, Kelly et al., 2021), and it
ensures that rare but salient terms occurring repeatedly in the patent abstract are given
greater weight in measuring textual similarity (see Appendix B.1.2 for details).
This matching procedure results in more than 1.1 billion patent-standard combinations.
For reasons of computational power, we need to restrict the number of patent-standard
matches that we use for our empirical analyses in Sections 3 and 4. We therefore extract
the best 100 million matches. This choice of 100 million is admittedly arbitrary, but is
consistent with the highly skewed distribution of the scores. Appendix B describes the
matching procedure in detail and provides an example of matching of two different patents
to a standard. In Appendix B.2 we also show that our matching procedure maps well
the broad categories of the IPC (patents) and ICS (standards) classifications.

Sample selection. Based on the extraction of the first 100 million matches, we consider
only observations of unmatched and matched patents that have been filed before the
publication of the standard. Table 1 reports summary statistics of the final sample that we
use in our econometric analysis of Sections 3 and 4. The sample is composed of 64.5 million
patent-standard matching pairs. The average similarity score from a patent-standard
match is 0.24 and the distribution of scores is particularly (left) skewed. This is an
important feature of our patent-level data as such skewness implies that most patents do
not match or match a standard poorly. In fact, the average patent matches 7.5 standards
from the moment of the patent filing onwards, although 75% of patents do not match
any standard. If the match occurs, the mean time-lag between patent filing and following

of documents. See Appendix B for details.
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Table 1: Descriptive Statistics of the Matching Procedure

Mean SD Min Max p1 p5 p25 p50 p75 p95 p99 N

Final sample: unmatched and matched patents with filing year < standard release year
Score 0.24 0.15 0.00 1.00 0.00 0.00 0.16 0.21 0.29 0.50 0.73 64,488,773
Time lag 12.36 8.69 0.00 38.00 0.00 1.00 5.00 11.00 18.00 29.00 34.00 57,556,532
Standards 7.65 47.48 0.00 1778.00 0.00 0.00 0.00 0.00 0.00 22.00 224.00 7,521,262

Notes: The table reports descriptive statistics for the score, the number of matched standards per patent and the time lag (in years) between the release
of the standard and the filing of the patent. The sample only comprises utility patents, matched and unmatched, for which the patent filing date does not
exceed the standard release date. The number of observations in the row reporting time lag statistics is lower than in the row reporting score statistics, as the
latter also includes unmatched patents for which, by definition, no time lag data is available.

standard release is 12 years.7 For this sample, we plot the distribution of scores across ICS
classes in figure C.1(a) of Appendix C. Contrary to the IO literature which concentrates on
ICT, our patent-standard matching covers all technologies and sectors. The distribution
is not dominated by a single ICS class.

2.3. Firm-level data

Aggregation of scores at the firm level. We use the mapping provided by Kogan
et al. (2017) to associate each patent to the Compustat firm that filed it.8 Given the
mapping between patents and standards, we can aggregate scores at the firm-quarter
level by weighting the sum of patents’ scores with the relative importance of each 3-digit
IPC class in the firm’s initial (pre-sample) stock of patents. Formally, define J as the set
of all IPC classes such that j ∈ J is a specific IPC class, and call Scorei,p,j,t the score
obtained by firm i when matching patent p that belongs to the IPC class j and was issued
prior to the standard publication date t. Then, the weighted aggregation of scores over
IPC classes can be seen as a measure of the proximity of firms to the new technology
standard (defined by standard document released at t). Formally, we define the proximity
as:

Tech.Proxi,t =
∑
j∈J

ωi,j,t0

∑
p∈j

ζ(t−tp)Scorei,p,j,t

where ωi,j,t0 is the firm i’s share of patents in the IPC class j measured in t0, i.e. before
1980. We do this weighting for two reasons: first, the weighting reduces the role of those
patents in IPCs that are not at the core of the firm’s research activity and technological
field; second, computing the weights in a pre-sample periods reduces the problem of firm
self-selection into a specific IPC, which they anticipate to become important for a potential
standard at some point in time. ζ = (1 − δ) is a discount factor that takes into account
depreciation of the score generated from the match of patent p (filed at time tp < t)
and standard j (published at time t). Following Madsen (2010), we set δ to match the
annual rate of 20%. By factoring in depreciation, the aggregation of scores will give less

7In Appendix C, we show that, when considering patents filed either before or after the publication
of a standard, we find that a large number of patents matched to a standard actually follow the release
of the standard itself. In other words, standardization may lead to more patenting if the standardized
technology leads to follow-up innovation. Such standard-induced innovation is a specific aim of SSOs:
by defining common rules for the design and use of an underlying technology, firms are incentivized to
invest into the technology and develop marketable applications and products.

8More precisely, we use an updated version of Kogan et al. (2017) taken from their Github repository.
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weight to high scores from old patents. Consequently, we do not give much importance
to technologies that –despite being relevant for the current standard– potentially could
have already diffused over a longer horizon prior to the standard release. By doing so, our
proximity measure limits the possibility of capturing ex-post standardization. Moreover,
depreciation mitigates the role of patent portfolio size, which could potentially inflate the
aggregation of scores throughout time as the number of patents increases.9

To sum up, the variable Tech.Proxi,t is a firm-quarter level continuous variable expressing
the (IPC-weighted) proximity of the stock of patents (accumulated until t) of a firm to
the standards released in t. This variable can be either equal to zero, if the patents of
a firm do not map into a new standard, or positive. In this case, the larger the variable
Tech.Proxi,t the closer the firm’s portfolio of patents to the newly released standard.10

In Section 4.5, we provide evidence that this variable is not just a by-product of the type
of the firm innovation activity (for example favoring some IPC classes against other), or
the quantity of innovation and size of the portfolio of patents, but it is indeed capturing
the effective proximity of firms’ patents to the new standard. In Appendix C (Figure
C.1(b)), we show the distribution of I[Tech.Prox > 0] across ten broad NAICS industries:
the most representative sectors are mining and manufacturing which explain respectively
20% and 17% of all positive proximity values.

Balance sheet data. We use firms’ balance sheet data from Standard&Poor’s Compu-
stat to build all (real) dependent and control variables used in the empirical analysis of
Section 4. The dependent variables under consideration are: sales, R&D investment and
market share. Sales are the revenues of the firm as reported at the end of the quarter in the
income statement. As it is under-reported or reported only in the last quarter of the year,
we do the following correction for R&D expenditure: we distribute the annual expenditure
evenly across all four quarters to ensure that the sum of reconstructed quarterly values
matches the reported annual figure. For comparability across firms, we normalize these
two variables by the (mean) level of fixed assets (property, plant, equipment).11 The last
variable of interest is the market share of the firm, defined as the ratio of firm-level sales
over the total volume of sales in a NAICS 3-digit industry (NAICS3). In a robustness
check, we also construct market shares using the product market classification of Hoberg
and Phillips (2010).
Along with these variables, we follow Chan et al. (1990) and consider also: the age of
the firm (expressed in quarters), the q-value of investments (built as the book value of
liabilities plus the market value of common equity divided by the book value of assets),
leverage (as debt over the book value of assets), market capitalization (in billions of USD).
Finally, we use data on firm-level markups from De Loecker et al. (2020) to construct a
measure of sectoral competition based on within-industry markup dispersion (see in this

9Varying the level of depreciation does not affect the results presented in the following sections.
10We normalize this measure by the maximum observed value in its distribution such that it ranges

from 0 to 1. It is equal to 0 for more than half of the sample. See Table 2 for more details.
11As we show in Bergeaud et al. (2022), the value of assets is sensitive to the proximity measure. For

this reason, we prefer to normalize sales, capital investment and R&D with the mean-level of fixed assets
rather then with the contemporaneous level or some lag. By doing so, the change in the numerator of
the ratio is not influenced by the change in the denominator.
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regard Edmond et al., 2015, Mrázová et al., 2021 and Traina, 2018). This information
allows to understand which industry is (on average) less or more competitive, i.e. has
a higher or lower markup dispersion, and consequently which firms operate in a less or
more competitive market. We define a firm as belonging to a non-competitive market if
the average markup dispersion of its corresponding NAICS3 industry is above the 75th

percentile of the distribution.

Financial market data. As explained in Mitchell and Stafford (2000), abnormal re-
turns are useful to study short-term market reactions to corporate events. Following this
line, we want to evaluate how markets interpret the standardization event. Since our
analysis focuses on the real effects of technological proximity within a NAICS3 industry,
we calculate abnormal returns at that level of disaggregation. Here, we describe the proce-
dure of extrapolation. First, we match Compustat with data from the Center for Research
in Security Prices (CRSP). Then, for each NAICS3 industry, we build the returns of a
portfolio composed of all firms listed in that industry. Formally, given the number of firms
It belonging to the NAICS3 industry s at time t, the return on the industry s portfolio
can be written as rs

t = ∑It
i=1 xs

i,tri,t where the weight xs
i,t is equal to the relative market

capitalization of firm i in industry s at time t. Hence, we estimate a statistical model
which differs from the baseline Capital Asset Pricing Model (see Jensen et al., 1972) only
for the definition of the market portfolio, here defined at industry-level. Formally –given
information on the 3-month T-bill rate (rf

t ) and the return on each industry portfolio
(rs

t )– for every firm i belonging to industry s and 10-year (40-quarter) rolling window
with ending period τ , our asset pricing model is:

ri,t − rf
t = αi,τ + βi,τ (rs

t − rf
t ) + εi,t, ∀t ∈ (τ − 40, τ ]

with εi,t being the error term. Then, we use the OLS estimates α̂i,τ and β̂i,τ to predict the
firm’s (excess) return one quarter after the end of each 10-year estimation window, i.e. in
period τ + 1. Finally, we define the abnormal return (ars

i,t) of a firm i from industry s as
the difference between the observed and predicted (excess) return:

ars
i,τ+1 = (ri,τ+1 − rf

τ+1) −
(
α̂i,τ + β̂i,τ (rs

τ+1 − rf
τ+1)

)
.

We repeat this procedure for each firm i in the sample and for all available 10-year rolling
windows with ending period equal to τ , τ + 1, τ + 2, ..., τ + T .
In addition, we match Compustat to data from the Institutional Brokers’ Estimate System
(IBES). From this dataset, we collect professional analysts’ expectations over the future
Earning-Per-Share (EPS) ratio of the firm. In particular, we look at how forecasters
expect the EPS to be at the end of the following fiscal year. In fact, by considering a
fixed forecasting horizon, we can study how expectations change over time as the end of
the fiscal year approaches. Therefore, for each firm and quarter, we take the mean of the
1-year EPS forecast across all professional forecasters, and obtain a measure of market
expectations over the future economic performance of the firm.

Sample selection. We follow Brown et al. (2009) and exclude all regulated utility
and financial firms as well as firms with missing assets. Then, we match the remaining
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Table 2: Descriptive Statistics for the Firm-Level Data

Mean SD p1 p5 p25 p50 p75 p95 p99 N

(A) Proximity Measure
Tech.Prox (in percent) 0.46 2.24 0.00 0.00 0.00 0.00 0.02 1.94 7.87 24,162
I[Tech.Prox > 0] 0.48 0.49 0.00 0.00 0.00 0.00 1.00 1.00 1.00 24,162
(B) Firm Characteristics
Sales 0.62 0.72 0.01 0.08 0.25 0.47 0.78 1.60 2.99 24,162
R&D 0.05 0.29 0.00 0.00 0.00 0.01 0.05 0.18 0.59 24,162
Market Share (NAICS3) 0.05 0.10 0.00 0.00 0.00 0.01 0.05 0.21 0.49 24,162
Age (quarters) 98.99 49.92 21.00 21.00 53.00 110.00 137.00 171.00 181.00 24,162
Q 1.93 2.15 0.74 0.90 1.17 1.49 2.12 4.43 8.69 24,162
Leverage 0.19 0.16 0.00 0.00 0.06 0.17 0.27 0.45 0.65 24,162
Market Cap. (Billion$) 9.17 28.99 0.00 0.02 0.19 1.27 5.61 42.22 139.98 24,162
Firm Markup 1.46 0.68 0.88 0.98 1.09 1.25 1.57 2.69 4.55 24,162
Industry Markup Dispersion 0.55 0.33 0.14 0.16 0.27 0.48 0.78 0.99 1.44 24,162
I(Non-Competitive Industry) 0.25 0.43 0.00 0.00 0.00 0.00 1.00 1.00 1.00 24,162
(C) Financial Mkts
arNAICS3 0.00 0.40 -0.58 -0.32 -0.09 0.00 0.08 0.27 0.56 18,531
1yr EPS Forecast ($) 1.67 1.72 -1.07 0.11 0.67 1.32 2.23 4.68 8.39 17,030

Notes: The variable T ech.P rox measures the proximity of the portfolio of patent of the firm to the standard. I[T ech.P rox > 0] is a dummy that takes value
one for positive values of the variable T ech.P rox. Sales is the firm-level of sales normalized by the mean-level of fixed assets (property, plant, equipment). The
Market Share is constructed at the NAICS 3-digit level. R&D is the level of R&D expenditure normalized by the mean-level of fixed assets. Age is the number
of quarters the firm is active. Q is the q-value of investments, and is built as the value of liabilities plus the market value of common equity divided by the
book value of assets. Leverage is debt over the book value of assets. Market Capitalization is expressed in Billion of US dollars. The NAICS 3-digit industry
markup is constructed following De Loecker et al. (2020). I(Non-Competitive Industry) is a dummy that takes value one if a firm is operating in a NAICS 3-digit
industry with markup above the 75th percentile. arNAICS3 is a measure of stock market abnormal return built from a standard CAPM model with a NAICS
3-digit index as market portfolio. The 1yr EPS Forecast is the mean forecast across all professional forecasters of the earning-per-share expected by the end of
the following fiscal year, and it is expressed in dollars.

sample of Compustat firms with patent data and our proximity measure. Finally, we keep
only firms that are publicly listed, for which all constructed variables are jointly available
(except abnormal returns and EPS forecasts), and that have registered at least one patent
in their life. By doing so, we end up with a sample of 24,162 firm-quarter observations
spanning from 1984 to 2010.12 Table 2 reports descriptive statistics for this sample. As
from panel (A), the proximity measure at the firm-quarter level has a mean equal to 0.46
and a standard deviation equal to 2.24. In our sample, 48% of firms have a positive
proximity value. As from panel (B), the average firm has a level of sales and R&D equal
to 62% and 5% of the value of assets, a market share equal to 5%, it is roughly 25 years
old, with a q-value equal to 1.93, 19% of its balance sheet is composed of debt and it has
a market capitalization of 9.17 billion USD. The average firm has a markup of 1.46. 25%
of firms are from industries with average markup dispersion above or equal to 0.78, and
we define these industries as non-competitive. When matching this data with information
on abnormal returns and EPS forecasts, the sample is reduced. As from panel (C), our
sample contains 18,531 observations on abnormal returns and 17,030 observations on EPS
forecasts. The average abnormal return is zero while the average 1-year EPS forecast is
1.67 dollars per share.

12In particular, the sample is composed by 892 firms distributed over 60 NAICS3 industries.
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3. Innovation and standardization: patent-level results

In this section, we look at the characteristics of patents that are associated with a high
score, i.e. patents semantically close to a specific standard. In particular, we compare the
computed score with measures of patent quality or economic value.

3.1. Economic value of a patent

Kogan et al. (2017) compute the financial value of a patent based on the stock market
reaction to the news of a patent application being granted. This is a forward-looking mea-
sure of economic agents’ evaluation of the granted patent. While we expect our score to
correlate with this measure, there are conceptual differences. While both measures are in-
dicative of the economic value of a patent, our score captures the underlying technology’s
potential for market-wide adoption or its adaptability to the new standard. It is therefore
particularly meaningful to study questions of market share and competition. The eco-
nomic value à la Kogan et al. (2017) measures markets’ perception of the future value of
the technology at the time of the patent grant, but potentially abstracts from any future
developments and spillovers that are not known at the time of the grant (standardization
being one of them).
To relate our score with the economic value of a patent, we use the normalized sum of
the score across all associated standards at the patent-level (scorei) and then run the
following patent-level regression:

log (valuei) = c + αscorei + β log (1 + citi) + ft(i),k(i) + εi (1)

where valuei is the economic value of patent i (in millions USD) from Kogan et al. (2017).
We include the number of forward citations citi, also taken from Kogan et al. (2017), as
a control variable as well as fixed effects ft(i),k(i), namely the interaction of the year and
quarter of the grant date of the patent t(i) and its 3-digit IPC class k(i).
Table 3 summarizes the results: column 1 corresponds to the empirical specification that
does not control for the number of citations whereas it is added to the model in column 2.
Whether we control for the number of forward citations received or not, our aggregated
score is positively associated with a higher financial value of the patent and is statistically
significant, even within a given technological class in a given year. Results do not change
when using the real instead of nominal value of patents or using unweighted counts, i.e.
by simply counting the number of associated standards per patent. In order to translate
these results into quantitative numbers, we multiply the coefficient of column 2 in Table
3 with the mean of the explanatory variable (0.008) which implies that matched patents
are valued 8.6% more. As the median (mean) patent in our sample is valued 7.2 (24.3)
mio USD, this translates into a higher patent value by 619,000 (2.1 mio) USD.

3.2. Scientific value of a patent: forward citations

A popular measure of the scientific value of a patent are forward citations (Hall et al.,
2005), i.e. citations of the patent in question by subsequent patents. A highly cited patent
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Table 3: Regression Results for Financial, Scientific and Private Patent Value

(1) (2) (3) (4) (5)
Kogan et al. (2017) Forward citations Expiration

Score 10.8471*** 10.6565*** 3.4686*** -1.5103*** -1.2043***
[0.299] [0.289] [0.082] [0.074] [0.059]

Observations 2,283,666 2,283,666 4,374,892 8,806,908 8,806,908
Notes: Patent-level regressions. “Score” is the sum of scores across all associated standards of a given patent (see Section
3.1), normalized to take values between 0 and 1. The dependent variables are: columns 1 and 2: the economic value of
the patent as computed by Kogan et al. (2017); columns 3: the number of forward citations received by the patent over
a 10 year window; columns 4-5: maintenance decisions for patent i. Columns 1-2 use an OLS estimator, column 3 uses
a Poisson model and columns 4 and 5 use a Cox hazard model. Columns 1-2 include a technological class (3-digit IPC)
interacted with the granting year/quarter fixed effect as in Kogan et al. (2017). Column 3 includes the 3-digit IPC class
interacted with the filing year/quarter fixed effect. Similarly, the Cox model in columns 4 and 5 stratifies the data by the
interaction of the 3-digit IPC class with the filing year/quarter. Columns 2 and 5 additionally control for the logarithm
of the number of forward citations received by the patent. The sample of patents includes: columns 1 and 2: priority
patents from IFI claims matched to the Kogan et al. (2017) sample with filing year between 1980 and 2010; column 3:
priority patents from IFI claims published over the period 1980-2010; columns 4 and 5: priority patents from IFI claims
matched to USPTO patents with information on renewal fees for the period 1981-2015. In the last two columns, a patent
can be included several times in the sample due to different schedules of renewal (see Section 3.3). “*”, “**” and “***”
designate significance at the 1%, 5% and 10% level.

is used by a larger number of future inventions and therefore signals high technological
content and to a certain extent also high economic value.
We extract forward citations from IFI CLAIMS and concentrate on the number of forward
citations received within ten years after publication. As is common in the literature (see
e.g. Hausman et al., 1984), we use a Poisson regression model approach to take into
account the discrete nature of the dependent variable and the large number of zeros. In
all other respects, the regression setup follows equation (1).
The results are presented in Table 3, column 3, and mirror the ones from columns 1 and
2. There is a clear positive relation between our aggregated score and the number of
citations a patent receives. Once again, results are robust to using unweighted counts of
the number of standards associated to a patent.

3.3. Private value of patent protection: renewals

As a last exercise, we look at how patent owners themselves value their patents. In
fact, patent holders have to pay maintenance or renewal fees to keep a patent in force.13

Pakes and Schankerman (1984) and Pakes (1986) have argued that expenses for renewal
is an indicator of the private return of holding a patent. The duration of effective patent
protection is therefore an indicator of the economic value of a patent, either for the purpose
of extracting royalties or to hinder competitors from using the technology.
In the US, renewal decisions are due 3.5, 7.5 and 11.5 years after the grant date and patent
holders have to pay a maintenance fee in order to benefit from intellectual property rights.
We obtain data on the payment of maintenance fees for USPTO patents for the period
1981–2015 and match these data to our dataset. Patent renewal decisions are a function

13After 20 years, patent protection cannot be renewed.
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of the age and cohort of the patent and the discounted value of the net economic benefit of
holding the patent (see Schankerman, 1998 for a discussion). Empirical analyses therefore
turn to survival models where the exit of a patent (i.e. the non-payment of maintenance
fees) is described by observable explanatory variables. As is common in the literature,
we adopt a Cox hazard model specification (Cox, 1972) to investigate the “survival” of a
patent as a function of the sum of scores that a patent “received” between its filing date
and the due date of the maintenance fee. Similar to the approach taken in Sections 3.1
and 3.2, we stratify the data by the interaction of the filing year and quarter and the
3-digit IPC class and include 10-year forward citations as a control.
Columns 4 and 5 of Table 3, respectively excluding and including citations as a control,
report the beta coefficients of the Cox model. The higher is the score of a patent, the
lower is the likelihood that the owner will let that patent expire. In other words, patent
holders who observe standardization events that are associated with their patent (over
the time window during which the decision has to be taken) are more willing to pay the
maintenance fee in order to renew their patent rights. This indicates that our score is
positively related to the private value of patents. Results do not change when including
grant lags as additional controls or stratifying the data by grant year and quarter.
We therefore conclude that our proximity measure is related to various dimensions of
patent quality. However, it is the first that captures a patent’s potential for widespread
market adoption and/or its utility in deploying new technologies. In this sense, it differs
from the measure of patent quality of Kogan et al. (2017), although its construction is
similar: firms decided in the past to develop certain technologies/patents and, at the time
of the granting of the patent (in our case: at the release of a new standard), additional
information about the scientific value of the patent (in our case: its market potential
and opportunity of diffusion) become available. In the following section, we will illustrate
that standardization offers a distinct value-added that extends beyond the conventional
measures of patent quality.

4. The implications of standardization: firm-level results

In this section, we move from patent- to firm-level data. We first relate the firm-level
aggregation of patent-to-standard scores, Tech.Proxi,t, to financial market data in order
to study its information content. In a second step, we relate our proximity measure to
real variables to study the implications of standardization in terms of sales, market shares
and R&D expenditure.

4.1. Empirical strategy

In order to explain clearly our empirical strategy, it is first important to understand how
the standardization procedure works in practice, what is the timing of events from the
conception to approval of a standard, and why firms have the incentive to comply with
the new standard.
We can briefly summarize the publication path of a standard as follows.14 Standards

14As a reference, see the International Organization for Standardization (ISO) website. Although our

16

http://https://www.iso.org/standards.html


are developed in working groups and technical committees of SSOs. All stakeholders,
be they private firms or public sector representatives, can contribute to the standard
development – a process that often spans several years. Once the standard is proposed
and drafted, it goes under the scrutiny of a committee. This first phase concludes with a
vote. If the committee’s vote is positive, then the draft of the standard is publicly released
and circulated to other sub-committees, external committees of experts, other national
or international standard-setting organizations for comments. This corresponds to the
very moment that information on the content of the standard becomes available to the
public for the first time. In the following phase –which lasts 3 months– suggestions and
comments are collected. If no substantial critique is raised, the final version of the draft
will be immediately approved and published within the next 6 weeks. On the contrary,
if some revision is needed or further analysis is required, then the process is extended
in order to give the working group some additional time (2 to 3 months) to comply
with the specific requests. Then, the committee has 2 months to judge the revision to the
document. If the new draft of the standard is satisfying, then it is approved and published
within the following 6 weeks.
As we observe only the official publication date of approved standards, knowledge of
the administrative procedure of approval allows to back up for each standard the time
window in which the first draft became public knowledge, i.e. roughly between (minimum)
4 and (maximum) 8 months before the final publication date. Figure 1 sketches the
timeline (in quarters) of the administrative procedure of standards’ approval along with
the official publication date in black and the imputed time window of public circulation
of the first version of the standard in red. As shown, if publication occurs at time 0, the
first (imputed) public release of the standard occurs in a time window around quarter -2.

Figure 1: The Timing of Standards Approval

quarter−4 −3 −2

(Imputed) Public Release
Window

−1

Official

0

Publication

Notes: This figure sketches the administrative procedure of standards’ approval. The official date of publication of the
standard by the standard-setting organization is known and occurs at quarter 0. Given information on the administrative
procedure of approval and publication of a standard, we back up the (imputed) time window in which the judging committee
voted in favor of the standard and made the standard’s draft publicly available. This happens roughly around −2, i.e. 2
quarters before the official publication date.

What happens when a standard is finally published? From the moment of the publication
onwards, firms are free to chose whether to apply the new standard to their products on a
voluntary basis. In fact, standards are not legally binding15 (unless they are referenced by
government regulation, as for example in health or environmental legislation). Yet, it is
difficult for an individual firm to not comply with what becomes standard in its industry
as its products would be at a considerable disadvantage compared to those that follow
the standard specifications (Katz and Shapiro, 1994; Farrell and Saloner, 1985).16 In fact,

dataset does not only include ISO standards, the administrative procedure and the timing of events that
leads to the publication of a standard is very similar across SSOs.

15They are referred to as voluntary consensus standards. See e.g. the general description by ISO.
16See Schmidt and Steingress (2022) for the role of harmonized standards for international trade inte-
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consumers and producers value products or inputs that are compatible, have a certain
quality level or are less subject to information asymmetries. For this purpose, SSOs take
on the coordinating role of standard development among industry stakeholders to favor
compatibility, interoperability and network effects and to terminate the coexistence of non-
compatible alternatives.17 Therefore, unless a firm is the first to market an entirely new
and independent product (see Shapiro and Varian, 1999 for a discussion), non-compliance
with a standard can directly harm firms using non-compatible technologies. Therefore,
market forces and demand effects can render a standard de facto binding, compelling firms
to adopt the standardized technology (Katz and Shapiro, 1986) and thereby facilitating
convergence towards the new standard.18

On the basis of the procedural path of approval and firms’ incentives to comply, we
can now introduce our empirical model to assess the impact of standardization on firm
dynamics. It is important to stress that different standards can be released in subsequent
periods. Moreover, differently from a staggered diff-in-diff setup where units are treated
only once (e.g. see Callaway and Sant’Anna, 2021), here treatment status can switch
multiple times. A firm can be “close” to a standard (i.e. treated) in one period and return
to being untreated in the future or sequentially treated at different intensities. Therefore,
in order to better isolate the effect of the introduction of a new standard, we resort to a
distributed lead-lag model. The main interest of this approach with respect to a static
analysis is that it allows to capture the full dynamics of the response. In particular, in our
setting, we know that a static model would be biased since the firm’s response could be
affected also by subsequent and previous releases. Therefore, by controlling for leads and
lags of the treatment variable (i.e. Tech.Prox), the model captures the dynamic effect of
the treatment without assuming that the treatment is permanent. Hence, identification
comes from within-firm variation in exposure to standards over time. In light of this, our
generic model is described in equation (2):

Yi,t = αi + ϕs(i),t +
N=12∑
n=−16

βnTech.Proxi,t+n + X ′
i,t−1η + εi,t, (2)

where Yi,t is the firm-level dependent variable under consideration. αi is a firm fixed
effect, ϕs(i),t a NAICS 3-digit industry fixed effect interacted with a time fixed effect.
This controls for any time effect that might differ across industries (e.g. because of
sector-specific demand variation, seasonality, changes in legislation at the industry level,
momentum, etc.). Tech.Proxi,t expresses the proximity of the stock of patents of firm i
to the standard publicly released at t. We include 16 lags and 12 leads of the proximity
measure (recall that the time unit here is a quarter). Finally, Xi,t−1 is a vector of control
variables (which we discuss later) and εi,t is the error term, which we assume to be
normally distributed (conditional on all our covariates) and to be independent across

gration. They argue that the benefits of standardization are a major driver of standard adoption by firms
when adoption costs are lowered through the cross-country harmonization of standards, thus increasing
trade among countries whose SSOs agree on the same (voluntary) standards.

17Early examples of network effects are railway gauges (Gross, 2020), shipping containers (Bernhofen
et al., 2016) or the QWERTY keyboard (David, 1985).

18We provide evidence on de facto compliance and convergence to the standard –occurring only after
the release of the standard document– in Section 5, where we discuss the effect of standards on technology
spillover and diffusion.
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different i.
In this model, βn measures how the proximity to the standard issued at t + n influences
the value of Y measured at t, controlling for the effect of all previous and future stan-
dards’ releases. We will check that the response of the firm to future releases remains
insignificant and will present our results by plotting the values of β̂n for all n, along with
its 95% confidence interval. As explained in Schmidheiny and Siegloch (2023), under this
set-up, identification of βn comes from the different within-firm (continuous) exposure
to standards across firms over time. Despite of this, in Appendix D.5, we assess the
robustness of our results by adapting our dataset to the staggered diff-in-diff framework
of Callaway and Sant’Anna (2021). This requires to move from a design with repeated
treatments of varying intensity to a design where we only keep the largest Tech.Prox
observation per firm and define it as a single binary treatment. The advantage of Call-
away and Sant’Anna (2021) is that it provides more robust estimates when treatment is
staggered, as it avoids the biases that can arise from comparing newly-treated firms to
already-treated ones. Because it requires to binarize the treatment, we will estimate the
model restricting to high values (high dose) of Tech.Prox and for low values (low dose)
respectively.

4.2. Information effects of standardization

Our goal is to use the proximity measure Tech.Proxi,t to study the effect of standardiza-
tion on firm-level economic performances and market structure. Before doing so, we want
to check the information content of standardization events. We do so for two reasons.
First, our proximity measure should pick up a patent’s potential for widespread market
adoption and/or its utility in deploying new technologies. This differs from dimensions
of patent quality already revealed at the time of the patent publication or grant (Kogan
et al., 2017). Second, we want to avoid cases of ex-post standardization where the tech-
nology selected by the SSO has already been broadly adopted by the time of the standard
release.
To do so, we look at how financial markets react when the content of a standard becomes
public. If our measure picks up an additional dimension of patent quality that only materi-
alizes when a standard is made public, financial markets should update their expectations
when new information is disclosed. In the near future following a standard release, firms
that already own technologies included in the standard should perform better than their
peers as they can immediately deploy and scale their know-how in accordance with the
new standard. If markets are efficient (e.g. see Eberhart et al., 2004, Daniel et al., 1998,
Mitchell and Stafford, 2000), they should pick up this novel information and discount
firms’ future performance accordingly. On the contrary, if the technology is already fully
adopted, market sentiment about firms close to the standard should not change.
In order to test this, we consider our baseline lead-lag model of equation (2) using two
alternative dependent variables aimed at capturing markets’ reaction:

1. the abnormal return over a NAICS3-industry portfolio, i.e. arNAICS3
i,t ;

2. the change in the 1-year EPS forecast from professional agencies, i.e. ∆E[EPSi,t+4] =
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E[EPSi,t+4|It] − E[EPSi,t+4|It−1], where It is the information set available to pro-
fessional forecasters in that period.19

The vector of controls Xi,t−1 includes age, q-value of investment, leverage and market
capitalization of firm i. We consider these variables to take into account respectively for
how long a firm has been listed, its growth opportunities, its capital structure and market
value. As explained in Chan et al. (1990) and Szewczyk et al. (1996), these characteristics
are important for the magnitude of the stock market reaction following abnormal R&D
activity or other innovation-related events.
Figure 2(a) plots all estimated βn (along with 95% confidence intervals) for the dependent
variable arNAICS3

i,t . Standard errors are clustered at the firm level. The red area indicates
the imputed time window of public release of the standard’s content, based on knowledge
of the procedure of approval. The red-dashed line indicates the official publication period
of the standard, as reported by the standard-setting organization.
Until the (imputed) public release of the standard, the estimated coefficients are not
significantly different from zero, i.e. there is no common pre-trend across firms. At
t = −2, the estimated β is positive and significantly different from zero, which indicates
that firms whose patents are closer to the standard over-perform on the stock market
and exhibit abnormal returns. This proves that, although the process of standardization
is endogenous and markets may know which firms have innovated well in their past,
they perceive the standardization event as good news for innovators close to the selected
technology only at the moment the standard becomes public.
In Figure 2(b), we use the change in the 1-year EPS forecast as dependent variable. Also
in this case, we do not observe any pre-trend, but we find that professional forecasters
indeed updated their expectations over the future EPS precisely at the time of the public
release of the standard. In words, once the information is public, firms whose portfolio of
patents is closer to the standard are now expected to have a higher EPS in one year.
In Section 4.5, we test these results (as all others in the following sections) through a large
list of robustness checks. Moreover, in Appendix D.1 we show that these results also hold
when abnormal returns are extracted with other methodologies (e.g. using the SP500 as
measure of market portfolio or through the French-Fama 3-factor model). In Appendix
D.2-Appendix D.4, we run a number of robustness checks and show that these results hold
when considering our proximity measure at the intensive margin (which demonstrates that
proximity to the new standard matters), when using alternative measures of scores for the
computation of the proximity measure and another depreciation rate in the aggregation
of scores.
The above evidence suggests that the timing of approval of the standard and its specific
content represent a surprise for markets beyond what could already be inferred prior to the
standard release. In fact, despite knowledge of firms’ portfolio of patents, the release of a
standard contains additional information that allows markets to re-evaluate firms’ future
performance. We thus conclude that standardization brings new and non non-negligible

19Since the release of a new standard can affect returns and expectations of all firms in the same industry
and period, we normalize both dependent variables respectively by the volatility of the NAICS3-industry
portfolio and EPS forecast in that period.
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Figure 2: Technological Proximity and Financial Markets’ Reaction

(a) arNAICS3 (b) ∆E(EPS)
Notes: Figure 2(a) plots the estimated coefficients of equation (2) (see Section 4.1) when the dependent variable is the
firm-level abnormal return computed through the CAPM model with market portfolio defined at the NAICS3 industry-
level. Figure 2(b) plots the estimated coefficients when the dependent variable is the change in the 1-year EPS forecast.
See Section 2.3 for more information on variables construction. In both figures, the 95% confidence intervals for each
point-estimate is reported. Standard errors are clustered at the firm level. The red area indicates the imputed time window
of public release of the standard’s content, based on knowledge of the procedure of approval. The red-dashed line indicates
the official publication of the standard, as reported by the standard-setting organization.

information, and triggers a meaningful economic mechanism: it entails the diffusion and
industry-wide adoption of specific technologies, thus enabling firms close to the standard
to deploy and scale their know-how faster. Stock markets pick up these effects at the time
of information release.

4.3. Implications for sales and market shares

In this section, we investigate whether the release of a standard indeed changes future
cash-flows as expected by financial markets. In particular, we study what are the real
effects of standardization on sales and market shares.
To do so, we reconsider our baseline lead-lag model of equation (2), but with the normal-
ized value of sales as dependent variable. As from Figure 3(a), after the official date of
publication of the standard, firms with a portfolio of patents closer to the new technology
standard start to sell more. This increase of sales is positive and significantly different
from zero (at the 95% level of significance) for five consecutive quarters. In other words,
the firm that can easily adapt to the new technology standard generates higher cash-flows
through higher sales. Then, after few quarters in which sales contract, the effects vanishes
in the long-run.
It is important to understand if the increase in sales is due to an overall expansion of the
market following the standard introduction (demand effect) or whether proximity to the
adopted technology also leads to gains in terms of market shares (competition effect). To
check this, we reconsider the same model but with the firm-level market share –defined
at NAICS3 level– as dependent variable. As shown in Figure 3(b), consistently with the
dynamic of sales, firms that are closer to the technology standard experience a significant
–but temporary– expansion of their market share. Then, after a couple of quarters of
market-share contraction, the effect vanishes in the long run. As shown in Appendix
D.2-Appendix D.4, these results hold in light of the same robustness checks that were
discussed in Section 4.2, and when adapting our framework to Callaway and Sant’Anna
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(2021) when the treatment is large enough (Appendix D.5). As the definition of markets
at the NAICS3 industry-level could be too broad, we show in Appendix D.6 that these
results hold also when defining markets by using the definition of product-based market
competitors from Hoberg and Phillips (2010, 2016).

Figure 3: Technological Proximity, Sales and Market Share

(a) Sales (b) Market Share
Notes: Figure 3(a) and 3(b) plot the estimated coefficients of equation (2) (see Section 4.1) when the dependent variable
is respectively the level of sales (normalized by the mean-level of fixed assets) and the firm-level market share defined at
NAICS3 industry-level. See Section 2.3 for more information on variables construction. In both figures, the 95% confidence
intervals for each point-estimate is reported. Standard errors are clustered at the firm level. The red area indicates the
imputed time window of public release of the standard’s content, based on knowledge of the procedure of approval. The
red-dashed line indicates the official publication of the standard, as reported by the standard-setting organization.

Can we better quantify the effect of standardization? Given how we constructed the
proximity measure, it is hard to interpret the estimated coefficients of Figure 4a and 4b
in an economically meaningful way. For this reason, instead of the continuous variable
Tech.Proxi,t, we re-estimate equation (2) with the dummy I[Tech.Proxi,t > 0] as ex-
planatory variable. We can thus measure the (average) effect of standardization on sales
and market shares (now both in logs) for firms close to the standard vis-à-vis firms not
affected by standardization at all. By considering the largest estimate of βn for periods
after the standardization event, we find that the maximum (significant) increase in sales
and market shares for firms close to the standard is roughly 2.0% for both variables.
As this back-of-the-envelope calculation is conducted by considering only the extensive
margin of our proximity measure, this estimated impact represents a lower bound.
To conclude, the above evidence suggests that the publication of a standard attributes a
competitive advantage to those firms with a portfolio of patents closer to the standardized
technology. This advantage translates into higher sales and higher market shares. For this
reason, we claim that standardization operates in the market as a (negative) temporary
shift in competition.

4.4. Implications for R&D expenditure

If standardization leads to higher sales and market shares, it may also affect firm-level
incentives to innovate in the future. However, the incentives to do so should depend on
competition. Indeed, if firms are operating in a competitive market, then the short-run
advantage that standardization gives to firms close to the standard is very large relative
to others. Consequently, given a highly competitive market structure, these firms will
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strive to keep the lead in the future by investing more into R&D. On the contrary, if
the level of competition is too low, i.e. if leading firms were already far ahead of others,
then the introduction of a new standard gives lower incentives to innovate as the non-
competitive market structure will protect them from future competition. Consistently
with the theoretical literature on Schumpeterian growth and competition (Aghion et al.,
1997, 2005), we look in this section at whether we observe heterogeneous investment
responses to standardization depending on the degree of competition in different sectors.

Figure 4: Technological Proximity and R&D

(a) R&D (Competitive Ind) (b) R&D (Non-Competitive Ind)
Notes: Figure 4(a) and 4(b) plot the estimated coefficients of equation (2) (see Section 4.1) when the dependent variable is
the 4-quarter moving average of R&D expenditure (normalized by the mean-level of fixed assets) and the sample is composed
respectively by firms operating in a competitive and non-competitive industry. See Section 2.3 for more information on
variables construction. In all figures, the 95% confidence intervals for each point-estimate is reported. Standard errors are
clustered at the firm level. The red area indicates the imputed time window of public release of the standard’s content,
based on knowledge of the procedure of approval. The red-dashed line indicates the official publication of the standard, as
reported by the standard-setting organization.

To investigate this, first we split industries in those that historically have a markup disper-
sion above the 75th percentile (non-competitive industries) and those below (competitive
industries).20 We then use our lead-lag model to study the impact of technological prox-
imity on R&D expenditure in competitive and non-competitive industries. If standard-
ization decreases competition, we should find asymmetric results across the two groups
of industries.
As shown in Figure 4(a), firms operating in a competitive industry and closer to the
technology standard invest more in R&D following a standardization event. This effect
starts in the same quarter of the official publication of the standard and lasts five quarters.
Conversely, when considering non-competitive industries, as in Figure 4(b), we do not
find any significant effect, although point estimates suggest that R&D expenditure is
reduced.21 As shown in Appendix D.2-Appendix D.3, these results hold to the same
robustness checks previously listed, and when adapting our framework to Callaway and
Sant’Anna, 2021 (Appendix D.5). Finally, in Appendix D.7, we show that these results
hold true also when using the Herfindahl-Hirschman Index (HHI) to define competitive
and non-competitive sectors.

20See data description in Section 2.3
21In Appendix D.8, we show that the same dynamics are observed when considering capital investment

(CapX) as dependent variable.
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All in all, these asymmetric responses corroborate the idea that the introduction of a new
standard leads to a temporary (negative) shift in competition that gives a competitive
advantage to firms with high proximity values. Since their portfolio of patents better
complies with the new standard definition, they are able to expand their market share
and –if the market is competitive– they invest more in R&D in order to reinforce and
protect their position from future competition.
Yet, it is important to mention that the increase in R&D is the dominating effect when
we consider all firms in the sample. In order to quantify the effect of standardization on
these variables, we repeat the same analysis as at the end of Section 4.3, i.e. we compare
firms close to the technology standard to firms not directly affected by standardization. In
this case, we find that the largest effect for the former is an increase in R&D expenditure
by 4.8%. As this back-of-the-envelope calculation is conducted by considering only the
extensive margin of our proximity measure, this estimated impact represents a lower
bound.

4.5. Validation of the proximity measure

In this section, we want to provide evidence that the above results are not driven by
confounding factors that affect our proximity measure. Notably, we want to make sure
that i) our results are not driven by firms with direct influence on SSOs and the standard
development process or by the most innovating firms in the industry, ii) that our proximity
measure is not merely capturing the extensive margin of past innovation activity (i.e. the
size of the portfolio), strategic patenting activity or the technological field where the firm
is operating. By doing so, we will demonstrate that our results are actually driven by the
quality and proximity of firms’ innovations relative to the new technology standard.

4.5.1. Lobbying SSOs and strategic patenting activity

Our identification relies on the fact that, conditional on all observables, firms are similar
except for the nature of their patent portfolio. While our models control for a sector
fixed effect and firm characteristics, there might be some unobserved features or strategic
behavior that explain why a firm’s patents receive a higher score than others. Here, we
address this issue from different angles.

Participation in the standard development process. Firms join SSOs as members
for two main reasons. First, firms participate in SSOs to acquire information on the
standard development process. This can guide their R&D decisions, potentially equipping
them with the know-how needed to adapt to future standard releases. To the extent
that knowledge about SSOs’ activities is public and participation in SSOs is open to all
stakeholders, a level playing field is provided such that our proximity measure should
correctly pick up firms’ innovative capacity. However, this might not always be the case
if participation represents a fixed cost that not all industry participants are able to pay
(Fiedler et al., 2023). Therefore, our measure could potentially be plagued by differential
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access to private information produced in SSOs.22 The second reason for participation
is that firms own technologies that can be potentially included in the new standard. If
their technologies are selected for their quality, our measure should correctly capture the
innovative capacity of these firms. On the other hand, it would be biased if the same
firms exercise lobbying and undue influence in order to include their patents into the new
standard (see Hall and Ziedonis, 2001; Choi and Gerlach, 2017 and Kang and Bekkers,
2015). This notwithstanding, we want to stress that the role of SSOs is to ensure that
the new standard reflects the current consensus in the industry and not the influence of
a few players.23

While it is impossible to distinguish standards that were subject to undue influence versus
those that effectively chose the best available technology, we are able to show that our
results hold when controlling for SSO membership using data from Baron and Pohlmann
(2018). This database, starting in 1996, reports the name and year of membership of
firms when belonging to a SSO. Then, we match this list of firms to Compustat using
their names and years of membership and keep only observations from 1996 onwards. We
end up with a sample in which 29% of firms were members of a SSO for at least one
year,24 and therefore potentially able to influence the standardization process in their
favour around that period. To check whether this is the case, we include a membership
dummy in the lead-lag operator of equation (2). This dummy takes value one if the firm
is a SSO member in the same year of the standard release or the previous two.25 This
allows us to check if the results of Sections 4.2–4.4 hold or are due to membership around
the standardization event. As shown in Appendix E.1, the results are very similar when
this additional control is included. In addition, the coefficients of the membership dummy
are not significantly different from zero.
To further corroborate this point, we tackle the problem of lobbying in an alternative way.
SSOs can be organized on the national level (i.e. US-based such as ANSI, the American
National Standards Institute) or on the supranational or international level (i.e. European
SSOs such as CENELEC, the European Committee for Electrotechnical Standardization,
or ISO, the International Organisation for Standardization). We suppose that US firms
have more lobbying power within American SSOs, whereas less so within international
ones. In light of this, we go back to our patent-level data and re-build the variable
Tech.Proxi,t considering scores obtained from matching patents only to standards issued
by international SSOs (which represent 85% of all standards in our data). As shown in
Appendix E.2, the results from the previous sections still hold: it is the release of a
standard from an international SSO –where US firms have smaller lobbying influence–

22If firms are ex ante excluded from observing and possibly contributing to the standard development
process, our measure would also pick up the lack of a level playing field across firms. As we only
analyze publicly listed firms, we are confident that this issue is only a minor one, and can in any case be
addressed by firm fixed effects as well as by controlling for SSO membership. Also note that many small
firms participate in SSOs (Waguespack and Fleming, 2009; Gupta, 2017).

23Spulber (2019) shows in a theoretical model that the voting process in SSOs assures that standards
are defined efficiently, as a sufficiently large number of industry participants share its economic benefits.
This outweighs the detrimental impact of conveying too much market power to firms that might profit
from the chosen standard.

24The average membership duration in the data is 2.5 years.
25See Appendix E.1 for details.
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and the firm-proximity to this standard that explains the results.26

Strategic patenting activity. Firms can possibly exploit private information, ob-
tained through their participation in SSOs, and strategically release new patents that are
close to the new standard in periods just before its publication. In order to check if our
results are not driven by strategic patenting activity, we include the number of patents
filed during the year prior to the standardization event in the lead-lag operator of equation
(2).27 This additional control will capture changes in the dependent variable that could
result from a more intensive innovation activity in periods just before the release of the
standard. As discussed in Appendix E.3, our results are robust to the addition of such a
control,28 i.e. they are not driven by strategic patenting behavior.
Finally, besides lobbying and strategic behavior, some firms might always be more in-
novative and successful than others due to some unobserved characteristics such as the
quality of their management or their innovation culture. Although these (supposedly)
time-invariant characteristics are captured by the firm-level fixed effect in equation (2),
we show in Appendix E.4 that the results also hold when removing the top 25% of most
innovative firms (i.e. those firms that always have larger and more frequent values of
Tech.Prox).

4.5.2. Measurement issues

In this section, we address several concerns regarding the interpretation of what our
Tech.Proxi,t variable is actually capturing. By definition, large values of Tech.Proxi,t

may result from a firm owning a large number of patents (extensive margin) and/or from
patents that are particularly close to the current technology frontier (intensive margin).
While our objective is to capture both dimensions, we want to ensure that our results
are not solely driven by the extensive margin. To address this concern, we conduct three
tests: (1) a decomposition of Tech.Proxi,t into its extensive and intensive components;
(2) a redefinition of Tech.Proxi,t that includes only the best matches; and (3) a placebo
exercise in which we randomize the intensive margin. Another concern we seek to address
is that Tech.Proxi,t may be disproportionately influenced by a specific technology field in
which the firm holds its patents. To this end, we control for the patent portfolio similarity
of firms. Lastly, we aim to rule out the possibility that Tech.Proxi,t is driven by firm-
specific characteristics or pre-existing trends. To that end, we examine whether firms
whose patent portfolios are closer to the technology frontier differ systematically in their
characteristics from those that are not.

26On the other hand, when considering only standards issued by US SSOs to build the firm-level
proximity measure, the effects of standardization on each dependent variable is null or a pre-trend can
be detected.

27Recall that the variable Tech.Proxi,t is built by aggregating individual scores for all patents filed
up to t, where t is the quarter in which the standard is published. Therefore, in the robustness check
described in this section, we control for the number of new patents issued between t − 4 and t. See
Appendix E.3 for details.

28Results also hold when controlling for the total number of patents accumulated up to one year before
the standardization event.
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Tech.Prox and patent portfolio size. First of all, we reconsider the definition of the
variable Tech.Proxi,t, which sums all (depreciated) proximity scores from patents in the
portfolio of firm i to every (potentially multiple) standards issued at time t. Being the
distribution of scores extremely skewed (see Table 1), i.e. a firm has very few patents
that match well a new standard while the majority do not, this definition allows to give
more weights to the most important matches generated from the few important patents
in the portfolio.29 On the other hand, it naturally raises the concern that Tech.Prox
may largely reflect the extensive margin of innovation: the more patents a firm files
and the larger is the portfolio of patents, the higher the chance that some will match a
standard, thus inflating Tech.Prox mechanically. To determine whether the sheer volume
of patents held by a firm is the primary driver of the results, we decompose the logarithm
of Tech.Prox in its extensive margin, directly related to the size of the portfolio, and
intensive/quality margin, which reflect the average proximity of matched patents to a
new standard, the average coverage of a matched patent over multiple standards, and
the probability of having a patent in the portfolio matching a standard. In Appendix
E.5, we regress separately each component on the logarithm of Tech.Prox, and assess
its contribution via the R-squared. The size of the portfolio explains up to 40% but,
once controlling for firm and industry-time fixed-effects, it explains only 5% of the total
variation of Tech.Prox. The remainder is explained by the intensive/quality margin.
Hence, we conclude that our matching algorithm and our proximity measure effectively
captures variation in the quality of innovation, not just its quantity.
As a second test, we redefine the proximity measure using only the highest-quality matches
in order to validate that most patent-to-standard scores are near zero and thus that
only a few high-quality patents drive our result. For each standard and IPC category,
we identify the three patents with the highest cosine similarity scores and compute the
average similarity across these top matches. We then construct the firm-level Tech.Prox
variable accordingly and estimate the led-lag model of Section 4.1. As shown in Appendix
E.6, using this restricted definition, the main results continue to hold.
Finally, to further corroborate that it is the quality of innovation (the intensive margin)
that matters, we conduct a placebo exercise in Appendix E.7. In particular, for each
patent and standard, we re-assign standard proximity scores randomly, and repeat this
process 1000 times. In each iteration, we aggregate placebo scores at the firm level to
construct the (placebo) variable Tech.Prox and re-estimate the lead-lag model. If the
results were solely driven by the size of a firm’s patent portfolio, we would expect the
dynamics of outcomes to mirror those observed in the baseline estimates. However, the
placebo results are flat and statistically insignificant across all outcomes (see Figure E.7
in Appendix E.7). Moreover, we show that the true estimates statistically differ from the
placebo ones (see Figure E.8). Overall, this evidence indicates that merely holding a large
patent portfolio is not sufficient. What proves critical is the quality and specificity of the
match between a firm’s patents and the relevant standard. Our measure is capturing this
substantive dimension.

29Conversely, averaging the scores across all patents in the portfolio would mute the explanatory power
of the variable Tech.Prox as the scores from the few good matches will be inevitably diluted.

27



Portfolio similarity. We want to exclude the possibility that specific technological
fields in which firms innovate, or combinations thereof, are driving our results. To do so,
we construct a network of firms based on the co-occurrence of the IPC classes of their
patents. We then use a k-mean clustering algorithm to construct 100 groups of firms.
Within these groups, firms are therefore similar in terms of the technological classes of
their patents. We then augment our lead-lag model by adding a dummy for each of these
groups interacted with a time fixed effect. If our results hold, then this would corroborate
that even within firms that patent in similar technologies, those that are closer to a new
standard increase their sales, market share and R&D. Results and details are presented in
Appendix E.8 which shows that our baseline findings are indeed robust to this test. Note
that this also ensures that our matching procedure captures more than just the nature of
the technology and is able to differentiate between patents of similar technologies.

Firm homogeneity. A final concern we address is that Tech.Proxi,t may be correlated
with other observable firm characteristics, raising the possibility that our regression results
reflect these factors rather than a firm’s innovative history that determines its current
proximity to the technology frontier. In Appendix E.9, we show that, conditional on firm
fixed effects, firms with a positive value for the proximity measure (I[Tech.Prox > 0])
do not significantly differ ex-ante30 from others in several dimensions such as: q-value
of investment, leverage, market capitalization, return on equity (ROE), price/earning
ratio, cost of capital, size, age. Table E.2 (columns 9 and 10) also mirrors the results
from above on the small contribution of the extensive margin: the number of newly
issued patents or the cumulative number of patents do not explain the proximity measure.
This corroborates the idea that strategic patenting and the patent portfolio size do not
guarantee that firms are close to the technological frontier.31

All in all, this further evidence confirms that our proximity measure is meaningful in
terms of measuring the quality of a firm’s patent portfolio with respect to the newly
standardized technology at the time the new standard document is released.

5. Aggregate effects and implications

The aggregate impact of standardization can be analyzed by considering its short-term
and long-term effects separately. As discussed in the previous section, standardization
provides an immediate temporary advantage to firms that are close to the technology
standard. However, the primary objective of standardization is to foster the diffusion
and large-scale adoption of industry best practices. Over the long term, this can have
a positive aggregate effect by mitigating information frictions and facilitating technology
transfer.
In this section, we test this mechanism of technology diffusion for growth. Our analysis
is motivated, among others, by the findings of Bloom et al. (2013): R&D efforts yield

30Four quarters before the release of a new standard.
31In addition, we checked that, controlling for the number of patents, there is no correlation between

the lagged market share and the magnitude of Tech.Prox. In other words, market power does not explain
why a firm receives a positive value for Tech.Prox.
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benefits for the innovating firms, but in the long-run, technology spillovers to other firms
become the dominant effect. Indeed, as demonstrated in Rysman and Simcoe (2008), the
goal of standardization is to enhance and incentivize this diffusion process by creating a
shared knowledge base for industry participants to build upon. Therefore, standardization
could be a pivotal driver of economic growth, as knowledge diffusion not only allows for
catch-up but also encourages new innovation, as suggested by Hegde et al. (2022) and
Furman et al. (2021).
In light of this, the aggregate effect of standardization should be viewed as a combination
of a short-term effect of increasing the advantage of leaders, and a long-term effect where
other firms benefit from technological spillovers and increase their research effort. Which
one of these two competing effects on aggregate growth dominates?
To answer this question, we first study if standardization leads to higher growth at
industry-level. In particular, we study how much of the change in growth following the
release of a new standard can be explained by leaders and by the rest of the industry, i.e.
the followers. Second, we analyze the dynamics of followers in response to standardization
and show that they catch up in terms of innovation activity and economic performance.
This process stimulates sectoral competition and boosts sectoral.
Finally, we provide evidence of knowledge spillovers and (ex-post) convergence towards
the standard to explain the catching-up process of followers.

Sectoral growth through standards. Our empirical analysis in Section 4 shows that
when a firm is close to the standard (Tech.Proxi,t > 0), then it has an immediate com-
petitive advantage compared to its competitor in the same market that translates into
higher sales and market share. This positive effect implies that these firms can be, at
least temporarily, seen as the leader in their industry as they are now closer to the newly
defined technology standard. In light of this, we split the Compustat sample of firms
used in the previous sections into two groups. For every industry and quarter, we define
as leaders those firms with Tech.Proxi,t > 0, and followers all the others. Then, we
aggregate and build an industry-level panel dataset where sectoral sales and their growth
rate are decomposed between leaders and followers. As shown in Table 4, the average
industry grows by 1.64% per quarter. With a rate of 1.04% (0.60%), leaders (followers)
explain 63% (37%) of sectoral growth.
Given these figures, we now study the (cumulative) effect of standardization on sectoral
growth, and by how much the change in growth is explained by leaders and followers. For
this, we consider again model (2), but now defined for our industry-level panel dataset.32

We estimate this model with the dependent variable being the industry growth rate as
well as the growth rate of leaders and followers. The explanatory variable is the average
value of our proximity measure for leaders for each quarter and industry. This captures
to which extent the average leader in the industry can adapt to the new standardized

32Since we are now dealing with a panel where the dependent variables and covariates are defined at
the industry level, we drop the interaction between industry and time fixed effects from model (2) as
this would capture all the within-industry variation over time. The set of control variables remains the
same as in the firm-level exercise, but they are here aggregated at NAICS3 level. Appendix F explains
in detail the construction of the industry-level data and the empirical model used in this section.
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Table 4: Aggregate Effects on Growth

Industry Leaders Followers

Mean Sectoral Growth Rate (%) 1.64 1.04 0.60
(1yr-Cumulative) Change in Growth -0.05 0.05 -0.10
due to Mean Sectoral Shock (pp) (0.04) (0.03) (0.06)
(4yr-Cumulative) Change in Growth 0.19 0.01 0.18
due to Mean Sectoral Shock (pp) (0.10) (0.04) (0.07)

Notes: The first line of this table shows the average sectoral growth and its decomposition between
leaders and followers. The second and third line show the cumulative effect of the introduction of a
standard on sectoral growth respectively one and four year after the official publication of the standard.
Standard errors are in parenthesis. See Appendix F for details on data and estimation.

technology at the moment of the release of the standard. We estimate the model and
sum the coefficients over the first year and first-to-forth year after the publication of the
standard (see Figure F1 in Appendix F). This allows us to quantify the short- and long-
run effect of standardization on sectoral growth along with the contribution of followers
and leaders.
As reported in the second line of Table 4, in the first year after the introduction of
the standard, sectoral growth decreases by 0.05pp for the average value of our sectoral
proximity measure. When looking at the decomposition, we find that the growth rate
of leaders increases by 0.05pp as they benefit from being close to the new technology
standard. This effect is counterbalanced by the negative growth rate of followers. In
fact, since followers are by definition far away from the standard, the more leaders in
the same industry are mastering the new technology the less followers grow in the short-
run. For the average sectoral proximity of leaders, followers’ growth rate diminishes by
0.10pp. Over the four years following the introduction of the standard, the contribution
among leaders and followers reverses. In fact, in the long-run, the industry starts growing
faster. The more leaders were close to the technology standard at the moment of standard
release, the more sectoral growth increase (by 0.19pp for the average value of Tech.Prox
after four years). This result is mostly explained by followers –for which the growth rate
increases (significantly) by 0.18pp– and not by leaders whose contribution is small and
insignificant.

Catching-up effects and increasing competition. In line with the evidence from
Section 4.3, these results corroborate the idea that the gains for leaders are only temporary.
On the other hand, it seems that it is followers that drive sectoral growth in the long-run.
If the catching-up motive is in action, we should observe a bigger increase in followers’
sales and R&D investment in sectors in which the distance from the technology standard
of the (average) leader and follower is larger, i.e. in industries where the introduction of
a new standard can potentially generate stronger spillovers. To check this, we use our
industry-level panel and relate leaders to followers by constructing the following industry-
level variables: (i) the industry-level market share of followers, (ii) the followers’ share of
total R&D expenditure in the industry, (iii) the followers’ share of total patents issued
in the industry. Then, we use (i)-to-(iii) as dependent variables for model (2) adapted to
sectoral-level data. Hence, by doing so, it is possible to understand which group drives
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sales and innovation in the industry, by how much and when. Figure 5(a) shows that, in
industries where the average leader is closer to the technology standard and the average
distance between leaders and followers is larger, followers’ aggregate market shares decline
at the end of the first year following the introduction of the standard. However, from the
end of the third year, this dynamic is reverted as the market share of followers increases
persistently for the remaining periods. Figure 5(b) shows that –starting from the third
year after the introduction of the standards– followers increase their R&D expenditure
relatively to leaders in the industry. This pattern is confirmed by Figure 5(c): sectoral
research output is mostly explained by followers in the long-run.33 Finally, in light of this
evidence, we study if the introduction of a new standard also have aggregate implications
on sectoral competition. In fact, as followers catch up through higher innovation activity
and output, within-industry competition should increase. Here, we investigate this issue
by looking at the evolution of the Herfindahl-Hirschman Index (HHI) when frontier firms
take a stronger lead by being closer to the new frontier defined by the standard. As
shown in Figure 5(d), concentration declines in the long-run following standardization.
In Appendix F, we provide further evidence that sectoral markups increase only in the
very short-run and due to leaders. Conversely, markup dispersion tends to decrease in
the very long-run as followers catch up.
To sum up, in the short-run, the few leaders benefit from their advantage from being in
proximity of the new standard. But in the long-run, laggard firms –which represent the
majority of firms– benefit from knowledge spillovers, increase their R&D, and are able
to catch up –or even surpass– the initial leaders through higher sales. This process fuels
sectoral growth and contributes to a more competitive market environment.

Convergence to the standard and knowledge spillovers. To show that the catching-
up is indeed driven by spillovers, here we study pre- and post-standardization convergence
of firms to the newly standardized technology. This exercise will further clarify the role of
SSOs in reducing information frictions as standards give clear indications on the direction
of future innovation. In fact, we are able to show that firms react accordingly and converge
to the standard only once it is published, and not before. Therefore, this suggests that
firms do not clearly know which technology will be standardized and –consequently– that
the standardized technology has not yet diffused before the definition of the standard.
This supports the idea that SSOs do not merely endorse technologies that are already
widespread (ex-post standardization). Furthermore, this evidence also sustains the idea
that firms de facto comply with new standards although they are not legally binding.
To this end, we use our patent/standard-level data and restrict attention to the subsample
of patents that can be matched to Compustat firms. For each standard s published at
time τ , we collect all patents matching standard s and issued in a 5-year window before
and after τ . Across all such windows, we analyze 60,839 standards. For each standard
s, we define scoreBest

t∗<τ,s as the maximum score, realized at time t∗, among all patents
matched to s and issued before τ . By doing so, we define an initial reference point that
captures to which extent the best patent, for a given standard, was originally close to the

33Using levels as dependent variable does not substantially change the results. We therefore conclude
that the results are not driven by composition effects: the increase in followers’ shares is not an artifact
of leaders’ dynamics.
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Figure 5: Aggregate Effects of Standardization

(a) Market Share (Followers) (b) Share of R&D (Followers)

(c) Share of New Patents (Followers) (d) HHI

Notes: Figures 5(a)-5(d) plot the estimated coefficients when the dependent variable is respectively: the market share of
followers in the NAICS3 industry, the followers’ share of total R&D expenditure in the NAICS3 industry, the followers’ share
of total patents issued in the NAICS3 industry, the sectoral (normalized) Herfindahl-Hirschman Index (HHI). See Appendix
F for more details on data construction and estimation. In all figures, the 95% confidence intervals for each point-estimate
is reported. Standard errors are double-clustered at (NAICS3) industry-level and date. The red area indicates the imputed
time window of public release of the standard’s content, based on knowledge of the procedure of approval. The red-dashed
line indicates the official publication of the standard, as reported by the standard-setting organization.

frontier.34 Then, we estimate the following model separately for the sample of patents
issued before and after the standard:35

log
(

scorei,j,s

scoreBest
t∗<τ,s

)
= α+β log(scoreBest

t∗<τ,s)+γ·timei,s+δt(j)+ϵi,j,t ∀j ∈ {t∗ < t < τ ; t > τ},

(3)

where scorei,j,s denotes the score of patent i (issued at time j) with respect to standard
s. timei,s is the number of quarters between the patent and the standard’s publication
–taken in absolute value depending on whether t∗ < j < τ or j > τ . δt(j) is a time fixed
effect capturing time-variation common to all patents filed in the same period j.
This model studies to which extent newer patents reach (or surpass) the initial reference
point, and therefore whether there is convergence to the standard. If convergence occurs,
we should observe β < 0 which implies that: i) the distance between observed new

34On average, the best patent covers 40% of the semantic content of the standard, and the top 5%
reach a match of 75%.

35We borrow this statistical tool from Barro and Sala-i Martin (1992) to analyze convergence, which
is base on a differential equation describing the convergence process of a variable towards a steady state.
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scores and the best pre-standard score shrinks over time, ii) the effect is bigger (i.e. the
speed of convergence is faster) the larger is the initial gap and therefore the larger is the
potential effect of spillovers from leaders to followers triggered by the standard. Hence,
the model captures both margins: faster convergence and higher spillovers for standards
where patents are initially far away from the frontier.
Estimating this model in periods before and after the release of the standard will unveil
if and when the convergence process occurs. When estimating the model for t∗ < j < τ
(columns 1 and 2 of Table 5), we find an insignificant β whether we control for timei,s or
not . This indicates that –despite the quality of the best patent being observable– newer
patents are not better. In other words, there is no converge on a common technology.
This corroborates the idea that firms do not know yet which technologies will be codified
in the forthcoming standard prior to its release, and that the diffusion of the standard-
ized technology does not occur before publication. By contrast, when considering patents
issued after the release (columns 3 and 4), we now find β < 0, implying that newer
patents are improving fast and resembling more the new standard. This pattern reflects
post-publication convergence, consistent with our interpretation of standards as coordi-
nation mechanisms that shape the subsequent direction of technological development and
stimulate diffusion of the best technologies.36

Next, we examine whether this convergence is driven by firms that were already partially
aligned with the future standard (“frontier” firms) or by firms that were initially far.
We define a dummy I(Frontier Firmi) equal to 1 if patent i belongs to a firm that had
at least one patent with a positive score prior to the release of the standard, and 0
otherwise. Column 5 includes this dummy and finds a stronger convergence effect. Column
6 adds an interaction term log(scoreBest

t∗<τ,s)×I(Frontier Firmi) to test whether convergence
differs by firm type. The results show that non-frontier firms (initially far from the
standard) experience faster convergence with a rate of 22%. Frontier firms –already close
to the standard– adjust less, with a convergence rate around 7%. This pattern reinforces
our firm- and sector-level findings: standardization facilitates diffusion of best practices,
promotes convergence from laggard firms, and contributes to sectoral growth. In Appendix
G.2, we provide further evidence of this mechanism. Using the same data, we show that
–within every sub-group of patents matching a standard– scores from patents filed prior
to the publication of the standard are stable whereas they increase starting from the
publication of the standard onwards. This effect is mostly explained by followers, i.e.
firms that did not have any patent originally close to the standard. This indeed confirms
that disclosure of the standard releases new information that is taken into account by
firms when producing new patents. In Appendix G.3, we show that also the quantity
of new patents increases, i.e. standardization triggers more innovation at the extensive
margin.
As final evidence, we study the evolution of citations of the patents of a firm received
from other firms. To do so, we use the network of citations from our patent data and the
patent-to-firm crosswalk from Kogan et al. (2017), such that we can pin down the number

36In Appendix G.1, we conduct a placebo exercise demonstrating that the result on convergence is not
driven by noise in the data. In fact, as our scores could potentially capture some noise due to random
matches, convergence could be an artifact of the data generating process due to mean reversion. We show
that this is not the case in our data.
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Table 5: Convergence towards the new standard

(1) (2) (3) (4) (5) (6)
Pre-standard Release Post-standard Release

log(scoreBest
t∗<τ,s) -0.0018 0.0136 -0.0895∗∗∗ -0.0892∗∗∗ -0.1897∗∗∗ -0.2209∗∗∗

(0.0091) (0.0093) (0.0096) (0.0096) (0.0080) (0.0089)

log(scoreBest
t∗<τ,s) × I(Frontier Firm) 0.1501∗∗∗

(0.0130)
Observations 334,610 334,610 383,338 383,338 383,338 383,338
Patent filing date Fe Yes Yes Yes Yes Yes Yes
N. of qtr to/from Standard Pub. No Yes No Yes Yes Yes
Frontier Firm – – No No Yes Yes

Notes: Patent-level regressions. The dependent variable is the logarithm of the ratio between the variable scorei,s and scoreBest
s which respectively

represent the score obtained from matching i with standard s, scoreBest
s whereas is the highest score realized by the best patent in the 5 years prior to

the publication of standard s. time is the number of quarters intercurrent before or after the publication of the standard. I(Frontier Firmi) indicates
whether patent i belongs to a firm that was already close to the standard prior to its publication. “*”, “**” and “***” designate significance at the
1%, 5% and 10% level.

of (contemporaneous) citations a patent receives from either a laggard or a leader. Then,
we aggregate the number of citations at the firm level and re-run model (2) with the share
of citations from followers. Figure 6 shows that firms whose portfolio of patents match
well the new standards are cited more by laggard firms.
In light of this, consistently with the theoretical literature (Aghion et al., 2005, Acemoglu
et al., 2012 and Perla and Tonetti, 2014), we conclude that the definition of a technology
standard incentivizes firms far away from the standard to adopt the new technology and
further innovate in order to catch up. Therefore, we conclude that standardization acts
as a trigger: initially reinforcing existing advantages to leaders, but ultimately promoting
diffusion, convergence, further innovation and increased competition from laggards. This
mechanism, contributes to economic growth.

Figure 6: Patent Citations from Followers

Notes: Figure 6 plots the estimated coefficients of equation (2) when the dependent variable is the share of the number
of patent citations leaders receive from laggard firms. The 95% confidence intervals for each point-estimate is reported.
Standard errors are clustered at the firm level. The red area indicates the imputed time window of public release of the
standard’s content, based on knowledge of the procedure of approval. The red-dashed line indicates the official publication
of the standard, as reported by the standard-setting organization.

6. Conclusion

This paper studies how standardization –i.e. the selection and adoption of a new tech-
nology at the industry level– affects competition, innovation and growth at the firm and
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sectoral level. The contribution of the paper is threefold.
First, we use semantic algorithms to match the content of patents and standards. This
methodology allows to measure the proximity of each patent to the new technology stan-
dard, and –therefore– the capacity of firms to market their products accordingly. We
show that the information retrieved from the semantic matching is meaningful as patents
closer to the content of a standard are associated with greater economic, scientific and
private value.
Second, we cross this novel measure with firm-level data to study (i) to which extent
standardization is distinct from just observing patent quality, and (ii) how firm dynamics
change depending on the proximity of the firm’s portfolio of patents to the new standard.
We address these questions through a dispersed lead-lag model, which captures the entire
response following the release of a new standard. Under this strategy, we show that fi-
nancial markets do not anticipate the timing and content of a standard. In fact, markets
react only at the very moment that information on the new standard becomes public.
Thereafter, we show that firms closer to the new standard gain temporarily in terms of
sales and market shares once the standard is published. This suggests that standardiza-
tion affects market structure since it gives a temporary competitive advantage to those
firms that have the technology and knowledge to immediately adjust to the standard
specifications. In addition, we also observe heterogeneous reactions across markets. In
markets with high levels of competition, firms closer to the new technology standard do
more R&D after the release of the standard.
In the final part of the paper, we investigate the aggregate implications of standardization
at the industry level. We find that sectors in which the potential for knowledge spillovers is
higher exhibit higher growth in the long-run. This is only partially explained by the gains
of the leaders in the industry. Actually, sectoral long-term growth is mostly explained by
followers. In fact, in those industries, followers invest more in R&D and their research
output is higher. This allows them to catch up and the industry to grow more and to
become more competitive in the long-run.
In light of these results, this paper not only sheds light on the effect of standardization
on competition and innovation, but it shows that standardization rewards firms whose
portfolio of patents aligns well with the new technology standard while, at the same time,
stimulating further investment by followers and –ultimately– economic growth. How-
ever, this result should not be interpreted as a statement about the optimality of the
standard-setting process nor does it exclude heterogeneous effects across different types
of standards. Yet, this paper highlights the importance of microeconomic mechanisms of
technology adoption, usually discussed in the IO literature on SSOs, for the macroecon-
omy. Therefore, it calls for a deeper integration of IO theory into macroeconomic models
in order to foster our understanding of standards and their implications for welfare, tech-
nological spillovers, or efficiency.
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