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1 Introduction

Patents allow firms to establish a property right and thereby to protect the profits that
result from commercializing their inventions. Firms, however, are not only using
patents to protect against direct technology imitation but also for strategic reasons, such

as blocking competitors.

Anecdotal evidence and business surveys (Duguet and Kabla, 1998; Cohen et
al., 2000; 2002; Blind et al., 2006) have shown that large firms adopt patent blocking
strategies. Two types of patent blocking can be distinguished, following the definition

by Blind et al. (2006):

(1) Offensive patent blocking is a practice whereby firms patent variations of
own technologies in order to block others from entering the market with competitive
substitutes. The aim of this strategy is to keep others away from using their own
technologies by not only filing patents on first technologies but also on technological
alternatives that are largely substitutive. Offensive patent blocking raises entry barriers
and increases the expected profits of market incumbents (Gilbert and Newberry, 1982).
This strategy has also been called “patent fencing” in the literature (see, e.g., Schneider,

2008).

(i1) Defensive patent blocking refers to the case when firms patent in order to
build large patent portfolios that include complementary technologies. This strategy
entails filing patents that block technology activities of others in other to get access to
patent cross-licensing deals and thereby to deter patent infringement lawsuits through

the use of barter trade (Blind et al., 2006).

Offensive patent blocking is a popular strategy in discrete product industries,

where one product refers to one patentable element (Cohen et al., 2000). New drugs or



chemicals are typically composed of a relatively small number of patentable elements.
Examples of substitutive patents may be variations in formulation and dosing of drugs

that may reduce side effects or allow faster achievements of the therapeutic effect.

Defensive patent blocking, in contrast, is frequently used in complex product
industries where innovations are composed of numerous separately patentable elements
(Levin et al., 1987; Cohen et al., 2000). Electronic products, machines, or automobiles
typically comprise many — sometimes hundreds and even thousands — patentable

elements and are considered as complex product industries.

In this study, we examine the effectiveness of patent blocking strategies. We
contribute to the prior literature (Cohen et al., 2000; 2002; Blind et al., 2006;
Ceccagnoli et al., 2009) in three ways: First, we explicitly distinguish between different
patent blocking strategies: offensive and defensive patent blocking. Second, we
examine whether the effectiveness of patent blocking strategies differs across discrete
and complex product industries. Third, we propose a new set of continuous patent
citation-based indicators to measure the offensive and defensive “blocking power” of
patent portfolios. These indicators can be used to study patent blocking strategies
quantitatively in large-scale datasets and thereby go beyond individual cases and

aggregated, arguably subjective, survey-based measures.

The offensive and defensive blocking power of patent portfolios is measured
with the use of information on citations that are made to the patents of the focal firm by
later patent filings: forward patent citations. A patent is cited by a later patent filing if

it is considered as prior art! to the later patent filing by a patent examiner. Hence, patent

! The prior art consists of all information (including patents) that is publicly available prior to the date
that a patent is filed and that is relevant for a patent examiner to assess the novelty and inventiveness
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citations serve an important legal function as they limit the legal scope of protection of
patents. These citations are categorized by patent examiners at the European Patent
Office (EPO) which allow us to distinguish between infringing prior art — blocking
citations — and non-infringing prior art. Information on blocking citations is used to

measure the blocking power of patent portfolios.?

Market-value (Tobin’s Q) estimations for a panel dataset of 151 large, R&D-
intensive European, U.S., and Japanese manufacturing firms in discrete and complex
product industries show that both types of patent blocking increase firms’ market value.
The effectiveness of both types of patent blocking differs, however, across industries.
In discrete product industries, only offensive patent blocking is associated with value,
while in complex product industries only defensive patent blocking coincides with
firms’ market value. Access to patent cross-licensing deals is shown to be a mechanism

through which defensive patent blocking affects firms’ market value.

The remainder of the paper is organized as follows: The next section presents
an overview of the literature on patent blocking. Section 3 describes our market
valuation methodology. Section 4 details the data and variables, and presents

descriptive statistics. Section 5 shows the results. Section 6 concludes.

(and hence the patentability) of the patent filing. Infringing prior art documents contain claims that
prejudice the novelty or inventiveness of claims of the patent filing.

2 Note that the blocking power of patents is never perfect in the sense that no patent on related
technologies (and hence no one that cites the earlier patent) is granted in the near future. This is because
patent applications change during the application process, so that applicants can narrow the scope of the
invention for which they seek protection in case blocking prior art is found. This explains why patent
applications that infringe on prior patents can still be granted, but in a modified version.
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2 Patent Blocking Strategies

Firms rely on different strategies to profit from innovation such as secrecy, lead time
advantages, the possession of complementary assets, and formal intellectual property
rights: most notably patents (Teece, 1986). Starting with the Yale survey (Levin et al.,
1987), business surveys (e.g., Arundel et al, 1995; Duguet and Kabla, 1998;
Granstrand, 1999; Cohen et al., 2000; Blind et al., 2006; Motohashi, 2008; Giuri et al.,
2007) have asked firms about their motives to patent and the effectiveness of patents to
protect innovations. These studies show that, in the majority of manufacturing
industries, patents are regarded as imperfect appropriation mechanisms due to: the high
application costs; the high costs of defending patents in courts; the mandatory
information disclosure in patent filings; and the ease of inventing around individual

patents.

While patents are considered imperfect mechanisms to protect against direct
imitation, they are used extensively by firms for strategic reasons (Arundel and Kabla,
1998; Cohen et al., 2000; Blind et al., 2006; Giuri et al., 2007; Graham et al., 2009).
Strategic reasons include: the blocking of patent activities of rival firms; enhancement
of firms’ technological reputations; better access to capital markets and R&D
partnerships; and using patents as a means to assess, motivate, and reward employees

(Blind et al., 2006; Giuri et al., 2007; Motohashi, 2008).

Blind et al. (2006) distinguished between two types of patent blocking
strategies, which they label as offensive and defensive blocking. Offensive patent
blocking is a practice whereby firms build “patent fences” of related technologies
around a technology, which block competitors from commercializing substitutive

technologies (Granstrand, 1999; Arora et al., 1997). Offensive patent blocking raises



entry barriers and increases the expected profits of market incumbents (Gilbert and
Newberry, 1982). For example, in the 1940s Du Pont patented over 200 substitutes for
its core product nylon to block competition from alternative technologies (Hounshell
and Smith, 1988; Cohen et al., 2000). More recently, Eli Lily erected a patent fence
around its blockbuster drug Tadalafil by filing follow-up patents on new formulations

and dosing regimens of its key substance (Sternitzke, 2013).

The theoretical logic that underlies offensive blocking is that incumbent firms
with patented technologies want to safeguard their resultant profits against the entry of
new firms (diversifying firms or de novo entrants). Theoretical models (e.g. Gilbert and
Newbery, 1982; Schneider, 2008) have shown that, under certain conditions, it is
rational for firms to patent substitute inventions — which are not commercialized but
shelved - to pre-empt entry into core technologies and product markets. Offensive
patent blocking is expected to be an effective strategy for firms in discrete product
industries, where innovations are composed of a small number of patentable elements

(Arora, 1997; Cohen et al., 2000).

Defensive patent blocking refers to the creation of large patent portfolios. This
strategy entails filing patents that block technology activities of others in order to: get
access to patent cross-licensing deals; engage in IP barter trade; and prevent or settle
patent infringement lawsuits (Blind et al., 2006). Defensive patenting strengthens the
firm’s own bargaining position in patent lawsuits and technology trading markets
(Blind et al., 2006). Here, patent portfolios are used to gain access to important outside
technologies that the firm needs in order to commercialize its own innovations (Hall

and Ziedonis, 2001; Shapiro, 2001; Grindley and Teece, 1997; Ziedonis, 2004).

Defensive blocking is expected to be an effective strategy in complex product

industries, where innovations are composed of numerous patents that are often owned
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by multiple technology entities (Cohen et al., 2000; 2002). Innovation in complex
product industries is typically cumulative, and new innovations build largely upon prior
innovations (Scotchmer, 1991; Shapiro, 2001). In these industries, it is hard to innovate
without infringing on existing patent rights of other technology entities (Grindley and
Teece, 1997; Hall and Ziedonis, 2001; Reitzig, 2003; 2004; Grimpe and Hussinger,

2014a); and assuring access to their patents is important.

In the mobile phone industry, firms such as Google, Apple, and Microsoft have
adopted defensive patent blocking strategies (Paik and Zhu, 2013). Smartphones are
complex products that involve up to 250,000 patent claims,® and firms are racing to
create patent portfolios that hold legal rights on as many as possible patentable
elements. The purpose is to build a patent portfolio that provides a good bargaining
position in cross-licensing deals. Patent portfolios can be amassed through internal
R&D, but also through patent acquisitions. The 2011 acquisitions of Nortel’s patents
on communication technologies by Apple and Microsoft, and the acquisition of
Motorola Mobility by Google serve as illustrating examples (Grimpe and Hussinger,

2014b).

While well-crafted patent portfolios hold the promise to improve the
appropriability of inventions (Teece, 1986; Granstrand, 1999), they are costly to build
(Van Pottelsberghe de la Potterie and Francois, 2006; Cohen et al., 2000), and a
thorough understanding of the technological landscape is necessary in order to craft

effective blocking patent portfolios (Granstrand et al., 1999).

3 Claims are the building blocks of inventions that seek patent protection. Covering individual parts of
the invention they define the scope and the boundaries of the patent.
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Cohen et al. (2000) examined the importance of offensive and defensive patent
blocking strategies in discrete and complex product industries. Using survey data from
U.S. firms, they found evidence for a more frequent use of offensive blocking in

discrete product industries and defensive blocking in complex product industries.

The only large-scale quantitative study that examines the impact of patent
blocking strategies on firm value is conducted by Ceccagnoli (2009). Using cross-
sectional data for firms that span various industries and a dichotomous indicator on
firms’ involvement in offensive patent blocking (patent pre-emption),* Ceccagnoli
(2009) shows that — under certain conditions — a positive effect of offensive patent
blocking on firm value exists. His study did not examine the impact of defensive patent
blocking strategies on firm value, nor did it examine differences in the effectiveness of

both patent blocking strategies across discrete and complex product industries.

3 [Estimating the Market Value of Patent Blocking

Strategies

Following Griliches (1981) a market-value approach is applied to assess the private
value of firms’ patent blocking activities. The market-value framework employs the
market value as an indicator of the sum of expected future profits of the firm, which is
then related to its book value and, in addition, to several measures of firms’ innovation
activities. Although the market-value method is intrinsically limited in scope — because

it can be used only for publicly listed firms that are traded on a well-functioning

4 Ceccagnoli (2009) relies on data from the Carnegie Mellon survey — which was also used by Cohen et
al. (2000) — to construct an indicator of offensive patent blocking. The offensive patent blocking
variable takes a value of one if a firm indicated in the survey that the blocking of rivals and not
licensing nor cross-licensing were reasons to file for their most recent product or process patent.
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financial market — the use of this method avoids the timing problems of R&D costs and
revenues, and it is capable of forward-looking evaluation (Hall, 2000; Czarnitzki et al.,

2006).

The market-value approach draws on the hedonic pricing model in viewing
firms as bundles of assets and capabilities: from plant and equipment to intangible
assets such as brand names, goodwill, and knowledge (Czarnitzki et al., 2006). It is
difficult to disentangle firms’ assets and capabilities since they are priced
simultaneously on the market. The market-value approach assumes that financial
markets assign a valuation to the firms’ assets bundle that is equal to the present

discounted value of their expected future cash flows.

Following most existing studies (see Czarnitzki et al., 2006, for an overview)
we assume a market-value equation that relies on the assumption that a firm’s assets
enter additively. This leads to the following equation, with A representing the physical

assets and K the knowledge (or innovation) assets of firm i at time #:

Vie(Ait, Kir) = q(Aie + ¥Kir)® . (1)

Under the assumption of constant returns to scale (o = 1) equation (1) can be written

in logarithmic form as:

logQ; = logZ—zz logq+log(1+y§—z) . (2)

The left-hand side of the equation is the log of Tobin’s Q: the ratio of the market
value to the replacement cost of the physical assets. The marginal or shadow value of
the ratio of knowledge capital to physical assets is represented by y. It captures the

expectations of investors as to the effect of knowledge capital relative to physical assets

on the discounted future profits of the firm. Log ¢ is the intercept of the model.



We use a number of variables to capture the knowledge assets K of a firm. First,
we use the stock of a firm’s R&D expenses (R&D). As R&D activities are highly
uncertain, we also use the stock of patents (PAT) as a measure for successfully finished
R&D activities. This follows Griliches (1981), who suggested that patented inventions
may be associated with a premium above mere R&D investment. We use triadic patents
— patents filed simultaneously at the European Patent Office, the Japanese Patent
Office, and the US Patent and Trademark Office — to avoid introducing a home-country
bias due to the fact that our sample consists of firms from different home countries that
may be more inclined to file for patents at their home patent office (Dernis and Khan,

2004).

Since patents vary widely in their economic value (Pakes, 1985; Harhoff et al.,
1999; Hall et al., 2005; Deng, 2007; Gambardella et al., 2008), we use the stock of
forward patent citations (CIT) as indicator of the value of patents. Prior work (e.g., Hall
et al., 2005) has shown that forward patent citations carry information on the economic
value of patents. Forward patent citations are calculated over a fixed time window of
five years. The variable PAT CIT is the citation-weighted patent stock and is calculated

as the sum of patent stock (PAT) and the stock of forward patent citations (CIT).’

We also add the stock of self-citations (SELF CIT) to control for the
cumulativeness of firms’ innovation activities, in line with Hall et al. (2005). Self-
citations indicate that the citing and the cited patent are held by the same patent owner.

Hall et al. (2005) argue that self-citations may reflect technological competition, in the

5 In constructing the citation-weighted patent stock, we used an ‘additive’ or ‘linear’ approach whereby
each citation is considered to be worth as much as each patent. This choice is based on the work of
Trajtenberg (1990), who found that a linear weighting of patents by the number of forward patent
citations provides a good approximation of the underlying economic value of patents.
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sense that it may show the extent to which firms have internalized knowledge spillovers

or the strength of firms’ competitive position relative to other firms in their industry.

Further, we add a set of variables that measure the blocking power of patent
portfolios (Grimpe and Hussinger, 2008; 2014b; Guellec et al., 2012; Della Malva and
Hussinger, 2012): A first variable (BLOCK CIT) measures the overall blocking power
of patent portfolios and is the stock of blocking forward patent citations. Information
on patent citations is retrieved from patent search reports at the European Patent Office
(EPO). A patent search report is a report that is composed by a patent examiner, which
mentions the documents that are taken into consideration when deciding whether an
invention is novel and represents an inventive step over the state of the art so that it is
patentable.® The search for prior art that is undertaken by the patent examiner follows

The Guidelines for Examination in the European Patent Office.’

In the EPO examination system, each citation in a search report is classified.
For instance, citations may refer to other (patent) documents that do not prejudice the
novelty or the inventive step of a new patent filing. Such references are marked as “state
of the art” by the patent examiner. In other cases, however, existing prior art may
describe essential parts of the new patent filing or question the inventive step of the

patent, and therefore block the patentability.® These references are marked as

¢ These documents may have been suggested by the applicant at the time of the patent filing, or the
examiner might have found additional pieces of prior art and added these to the patent dossier under
scrutiny. Other than at the USPTO the applicant of a patent at EPO does not have to report relevant
prior art in the patent filing. In consequence, about 90 percent of all patent citations in EPO patents are
added by the patent examiner (Criscuolo and Verspagen, 2008).

7 See https://www.epo.org/law-practice/legal-texts/guidelines.html.

8 Note that a patent can still be granted if it receives blocking citations to prior art, although this is less
likely. This can, for instance, be the case for patent filings with many claims. Blocking citations pertain
to individual claims, and the remaining claims can be strong enough to support the granting of a modified
(although reduced in scope) patent. In our data, we see blocking references to prior art in the initial patent
filing.
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“blocking” citations by the patent examiner (Harhoff et al., 2005; Criscuolo and
Verspagen, 2008).” Prior research has shown that patents with a search report that cite
a substantial amount of prior art that is flagged as blocking have a lower probability to
be granted (Guellec et al., 2012; Della Malva and Hussinger, 2012) and are perceived

as weaker patents (Harhoff and Reitzig, 2004; Czarnitzki et al., 2009).

The specification of our regression model is an augmented market value
equation. In order to avoid multi-collinearity with the R&D/A variable, we divide the
citation weighted patent stock by R&D. Thus the estimated coefficient of the citation-
weighted patent stock can be interpreted as premium (or discount) on top of the market
value of R&D. In addition, we add the share of self-citations in total forward citations.
Regarding our main variable of interest, the share of blocking citations, the estimated
coefficient y4 is expected to be positive, showing a value-premium for patent stocks

with a large blocking power. The specification of the regression model is

R&D;
- Lt_l_yz +

PAT CIT;; SELF CIT;; BLOCK cn‘it)
it R&Dj;

logQ;; =logq; + log (1 + ¥ Vs, Ya=™cr,

Bxis + & 3)

where the vector x denotes a number of control variables that are described below in
the data section. In contrast to the most common specification that is used in the
literature where the model’s intercept ¢ is a constant common to all firms, we allow this
factor to vary across firms by implementing fixed effects regressions. & denotes the

statistical error term.

In a more detailed variant of the baseline model, we distinguish between the

offensive and defensive blocking power of patent stocks by decomposing the overall

% Blocking citations include the citation categories “X” and “Y” of the European search reports.
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blocking stock variable in two variables: Offensive blocking power — which results
from the patenting of competitive substitutes — is measured by the stock of blocking
self-citations (BLOCK SELF CIT). Blocking self-citations occur when patents are cited
as infringing (blocking) prior art on later patent filings of the same firm. We normalize
the measure of offensive patent blocking by dividing the stock of blocking self-citations
by the total stock of self-citations (SELF CIT). This allows for the identification of an
additional effect of offensive patent blocking beyond a general effect of the

cumulativeness of firms’ innovation activities.

The defensive blocking power of a firm’s patent portfolio — which results from
the creation of patent portfolios that serve to block others in other to strengthen the own
bargaining position in technology markets — is measured by the stock of blocking non-
self-citations. Blocking non-self-citations occur when patents are cited as infringing
(blocking) prior art on later patent filings of other firms. We normalize the measure of
defensive patent blocking by dividing the stock of blocking non-self-citations (BLOCK
NON-SELF CIT) by the total stock of non-self-citations (NON-SELF CIT). This results

in the following specification:

R&D; PAT CIT; SELF CIT;
log0;, =logg; + lo (1+ ity i 4
9Qit g4; g Y1 A 2 ReDy, 37 airy,
BLOCK SELF CIT;; BLOCK NON—-SELF cm-t) ,
+ bxi + € - 4
Ya ™ gpir CIT;¢ ¥s — Non—sELF CIT;¢ Bxie i (4)

In a last specification, we distinguish between the offensive and defensive
blocking power of firms in discrete and complex product industries. We expect that
offensive blocking is of higher value in discrete product industries, whereas defensive

blocking is expected to be more important in complex product industries.

Besides examining the impact of the blocking power of patent portfolios on the

market value of firms, this paper has several other new features as compared to existing

13



studies of the market value of innovation activities: First, while most market value
studies focus on U.S. or UK. firms, in combination with national patent data
(Czarnitzki et al., 2006), we use a global sample of firms: the top R&D spending U.S.,

European, and Japanese firms in three R&D intensive industries.

Second, we benchmark the value of triadic patents: patents that are jointly filed
at the U.S., European, and Japanese patent offices. Triadic patents reflect inventions for
which the owner expects high profits as she is willing to incur the relatively high patent
filing and maintenance costs at all three patent offices (Guellec and van Pottelsberghe

de la Potterie, 2008).

Third, we use panel-data methods to control for unobserved firm-specific
effects, which is not common in the market-value literature.!? Fourth, our data feature
a characteristic that has not been considered in early market-value studies: Our patent
data are consolidated annually, and thus account for annual changes in corporate group

structures that are due to firm acquisitions, divestments, and green-field investments.

4 Data and Variables

4.1 Sample and Data

Our sample consists of 151 publicly traded European,'!

U.S., and Japanese
manufacturing firms that are active in three main industries: chemicals &

pharmaceuticals (including biotechnology); electronics & IT hardware; and

engineering & general machinery. Chemicals and pharmaceutical industries are discrete

10 Notable exceptions are Blundell et al. (1999), Bloom and van Reenen (2002), and Toivanen et al.
(2002).

' The European firms are located in Belgium, Switzerland, Denmark, Finland, France, Germany, the
Netherlands, Sweden, and the United Kingdom.
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product industries, while the other industries are complex product industries (Cohen et
al., 2000). We have chosen these industries because the propensity to patent inventions
is relatively large (Arundel and Kabla, 1998).

The sample firms are the largest R&D spenders in their sector and country of
origin according to the “2004 EU Industrial R&D Investment Scoreboard”. The
scoreboard lists the top 500 corporate investors in R&D whose headquarters are located
in the EU, and the top 500 firms whose headquarters are located outside the EU (mainly
the U.S. and Japan). The sample firms are roughly equally distributed over the different
industries and home regions.

We collected financial, R&D and patent data at the consolidated group level for
building a firm-level panel database that covers the period 1995-2000. Market value,
total assets, and R&D expenditures (all expressed in million US$) are obtained from
the Datastream and Worldscope financial databases. Patent data are gathered from the
OECD/EPO patent citation database (Webb et al., 2005) that contains information on
all patents that are filed at the EPO and at the World Intellectual Property Organization
(WIPO), under the Patent Cooperation Treaty (PCT), from the introduction of EPO in
1978 until September 2006.

The OECD/EPO patent citation database also provides for all patent filings a
list of patent filings in other national or regional patent offices that pertain to the same
invention (patent equivalents).'? This information is used to calculate firm-level stocks
of triadic patents: patents that are jointly filed at the U.S., European, and Japanese
patent offices. Further, patent equivalents as well as the consolidated firm structures

were taken into consideration for the construction of the patent citation measures.

12 An invention can be applied for at multiple national patent offices, in which case each patent office
assigns a different patent number to the same invention.
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To construct patent indicators at the consolidated level, we collected patents by
the sample firms as well as their majority-owned subsidiaries. For this purpose, we used
yearly lists of firms’ subsidiaries included in corporate annual reports, yearly 10-K
reports filed with the Securities and Exchange Commission (SEC) in the U.S., and (for
Japanese firms) information on foreign subsidiaries that is published by Toyo Keizai in
the yearly “Directories of Japanese Overseas Investments”. This consolidation exercise
has been conducted for each year in our panel to account for changes in the group
structure of firms due to M&As, green-field investments, and spin-offs.

The patent stock of an acquired firm is considered part of the patent stock of an
acquiring firm from the acquisition year onwards. The annual consolidation exercise
constitutes a methodological improvement over early market-value studies where
scholars consolidated data only in a single point in time. Only recent market value
studies are based on consolidated data (e.g., Belderbos et al., 2014). Due to missing
data on some variables (mostly R&D expenses), our final sample is an unbalanced panel

of 873 observations for 151 firms.

4.2 Variables

Table 1 provides an overview of the variables, their abbreviations, and their definitions.

Insert table 1 about here

4.2.1 Main Variables

Our dependent variable is a modified Tobin’s Q: calculated as the ratio of the market
value of the firm to the book value (as proxy for the replacement costs) of its physical
assets. Market value is defined as the sum of market capitalization (share price times
the number of outstanding shares at the end of the year), preferred stock, minority

interests, and total debt. The book value is the sum of net property, plant and equipment,
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current assets, long-term receivables, investments in unconsolidated subsidiaries, and
other investments.

R&D stocks are calculated for each firm and year as a perpetual inventory of
past and present annual R&D expenditures of the firm with a depreciation rate () of 15
%, as 1s common practice in the literature (Griliches and Mairesse, 1984; Hall et al.,
2005). We use the following formula for the R&D stock (RD) of a firm i in year

RD;; = (1 — 8)RD;_1 + R&Dexpense;;. (5)

The initial value of the R&D stock is calculated at the first year of available
R&D data for each firm as:

RD;, = R&Dexpense;y/(6 + g;) - (6)

A firm-specific annual growth rate (g;) is used. The average of g; equals 8.7%
in our sample. This is comparable to the growth rate of 8% that has been used in prior
market value studies (Hall and Oriani, 2006; Hall et al., 2007). Annual R&D
expenditures and total assets are deflated using GDP deflators.

The citation weighted patent stock (PAT CIT) is constructed using a similar
formula as for R&D stocks and the same depreciation rate (5) of 15%:!?

PAT CIT;; = (1 — §)PAT CIT;:_4 + (patents;, + citations;;) . (7)

Citations;; measures the forward citations to patents of year t over a fixed five-

year time window. PAT CIT is based on the complete listing of firms’ triadic patents.'*

13 Since we have complete annual listings of patent filings of the sample firms since 1978 (the
foundation year of EPO), the initial value for PAT is set to zero.

14 We use only patent applications that have been granted at the EPO while using their application date
as the relevant date for the match. Although patent applications enter the pool of prior art and may hence
constitute conflicting prior art for future patent applications, they do not grant the right to exclude third
parties from using the invention — which is the intention of blocking patent strategies. We rely on the
EPO grant decision because: 1) the grant rate at the USPTO is relatively high, which leads to a large
number of low-quality granted patents (Carley et al., 2013); and 2) patent applications at the JPO cover
fewer claims than do patents at the EPO and at the USPTO (Van Pottelsberghe de la Potterie, 2011).
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The citation stock (CIT) and the self-citation stock (SELF CIT) are constructed using
the same formula as the R&D and patent stocks.

In order to define our blocking patent measures we rely on information on
blocking patent citations. The variable BLOCK CIT is the stock of forward blocking
citations!® that firms’ patents receive in a fixed five-year window and is considered an
indicator of the blocking power of firms’ patents. We normalize BLOCK CIT by the
stock of forward citations (CIT) to avoid a potentially high correlation. Since we regress
current (in year t) Tobin’s Q against the current stock of patents and their future patent
citations, some of the patent citations will materialize only after year t. Here we assume
that financial markets anticipate the (blocking) nature of the technology that is

embedded in the patents. This is common practice in market value studies.

We further distinguish between firms’ patents being cited as blocking prior art
in their own future patent filings (blocking self-citations) or in those of third parties
(blocking non-self-citations). A frequent occurrence of blocking self-citations shows
that firms patent a number of related inventions and suggests that they adopt offensive
patent blocking strategies and build patent fences. We use the stock of blocking self-
citations (BLOCK SELF CIT) as the measure of offensive patent blocking and

normalize this variable by the stock of self-citations (SELF CIT).

The drug Tadalafil — which is widely known by the brand-name Cialis — is an
example of a technology that has been protected with a patent fence (Sternitzke, 2013).

Tadalafil is a blockbuster drug of the U.S. pharmaceutical firm Eli Lilly for the

15 Forward citations (blocking and non-blocking) are derived from the OECD/EPO Patent Citation
Database and include citations to patent applications at the EPO and the WIPO. By constructing citation
counts on patent applications, we get a more complete picture of the blocking potential of patents. Patent
equivalents at national patent offices are taken into account in the calculation of citations in order not to
underestimate the number of forward patent citations (see Harhoff et al., 2005; Webb et al., 2005).
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treatment of male erectile disorders. Eli Lilly has erected a patent fence to block
competition offensively for Tadalafil (Sternitzke, 2013).! Eli Lilly’s first patent
(EP0740668) describes the basic chemical compound and utility in various therapeutic
areas. The other patents that form the fence (EP0839040, EP1173181, EP1200091,
EP1200092) protect variations in formulations and dosing that allow for, amongst
others, a minimization of adverse side effects and a better and faster achievement of the
therapeutic effect. The EPO search reports of these patents contain four citations to each

other (i.e. self-citations). All the self-citations are classified as blocking citations.

Firms’ patents that are cited as blocking prior art in patent filings of third parties
(blocking non-self-citations) are used to construct our indicator of the defensive
blocking power of a firm’s patent portfolio. Patents that receive blocking non-self-
citations hinder the granting of patents of other firms and are valuable from a defensive
patent blocking perspective as they allow firms to get access to outside technologies via
technology markets. We use the stock of blocking non-self citations (BLOCK NON-
SELF CIT) as indicator of defensive patent blocking, and normalize the variable by

dividing it by the stock of non-self citations (NON-SELF CIT).
4.2.2 Control Variables

In addition to the main variables, we add a number of control variables. First,
we control for the density of the patent thicket (THICKET) of the technology fields in
which a firm is active. A technology field is characterized as a patent thicket if there is
dense web of overlapping patent rights, which is the consequence of high product

complexity and many individual patent rights (Von Graevenitz et al., 2011).

16 The fence consists of five patent families that are listed in the U.S. Food and Drug Administration
(FDA) “Orange Book”. The FDA Orange Book identifies drug products, and their patents, that are
approved with regards to the safety and effectiveness standards of the FDA.
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Our firm-level measure of the density of the patent thicket is based on the
technology field level measure that is developed by Von Graevenitz et al. (2011). This
measure counts how frequently there are constellations (triples) in a technology field
whereby three firms each own patents that block patents of the two others, as measured
by blocking citations. The intuition behind the measure is that blocking relationships in

triple constellations are difficult to solve and indicative of patent thickets.

The Von Graevenitz et al. (2011) measure is a technology-field-level measure:
in our case for 30 Fraunhofer-INPI-OST technology classes for EPO patents (Schmoch,
2008).!” We transform the patent thicket measure into a firm-level measure by
weighting the technology-field-level patent thicket measures with the shares of firms’

patent activities across technology fields (see Grimpe and Hussinger, 2014b):
THICKET; = %32, THICKETy; * wy; (8)

Where: j refers to the technology field; i to the firm; ¢ to the year; THICKET to the

patent thicket index (count of triples following Von Graevenitz et al., 2011); and w;;; =

PATitj

T with PAT representing patent stock variables at the firm-year and firm-
it

1.'® Our patent thicket measure captures the extent to which

technology field-year leve
each individual firm faces patent thickets — overlapping patent rights — in the technology

fields over which it is spanning its technology activities.

Second, we include an indicator (SALES DIV) for the firms’ sales concentration

to control for the degree of product diversification and the product diversification

17 We thank Franz Schwiebacher for providing this measure.

18 E.g. if a firm patented only in technology class 1 in the past, the weights are (1,0,0,0,...,0). If a firm
patented equally much in technology classes 1 and 2, the weights are (0.5,0.5,0,0,...,0).
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discount that is frequently found in the literature (Martin and Sayak, 2003). Sales
concentration is measured as the Herfindahl index of firms’ sales over four-digit ISIC
industries in which a firm has reported sales. Industry level sales data is collected from

Worldscope, Datastream, and firm annual reports.

Third, we control for the diversification of a firm’s technology activities (TECH
DIV). A firm might have a very concentrated technology portfolio that contributes to
only a few technology fields or a broad technology portfolio that spans many fields.
Therefore, we calculate the Herfindahl index for the distribution of a firm’s patents
across the 30 Fraunhofer-INPI-OST technology fields (Leten et al., 2007). This variable
accounts for potential systematic differences in technology diversification among firms

in complex and discrete product industries.

We also control for year and industry effects as well as for their interactions. In

addition, a set of country dummy variables is included.

Insert table 1 about here
4.3 Descriptive Statistics

Table 2 shows descriptive statistics for our full sample and for discrete and
complex product industries separately. The sample firms are large and R&D-intensive:
total assets, R&D stocks, and citation-weighted patent stocks are equal respectively to
US$9.8 billion, US$2.9 billion, and 448 citation-weighted triadic patents, on average.
The Tobin’s Q values have a mean value of 2.23, which is well above unity. About 42%
of the patent citations that are received by the sample firms’ patents can be labelled as

blocking.

About 26% of all citations are self-citations. The share of blocking self-citations

in all self-citations equals 26%, while the share of blocking non-self-citations in all non-
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self-citations equals 42%. The descriptive statistics for discrete versus complex product
industries separately show that firms in discrete product industries have higher ratios of

both blocking self-citations and non-self-citations.
Table 3 shows the correlation coefficients.

Insert tables 2 and 3 about here

5 Market Value Estimations

Table 4 reports the results for the estimation of market value equations by
nonlinear least squares. Our model includes firm-specific effects that are modeled as
the average value of the dependent variable in the pre-sample period, which is included
in the regression models as an additional regressor (Blundell et al., 1995).

The baseline specification includes only the R&D and citation-weighted patent
stock variables, as well as the controls. We then sequentially add the blocking patent
variables. Country, industry, year and industry-year interaction dummy variables are
included in all specifications. The citation-weighted patent stock (PAT CIT/RD) and the
patent thicket variable (THICKET) are positively and significantly related to Tobin’s
Q. Somewhat surprisingly, the variable R&D/assets (RD/A) is insignificant. This may
be explained by the fact that R&D changes slowly over time and is therefore highly
correlated with the firm-specific fixed effect (Hall et al., 2005). This explanation
receives support by the fact that the R&D variable becomes significant if we drop the
pre-sample mean (the firm fixed effects) from the specification.

In our augmented model II, we add our first variable of special interest: the
blocking citation ratio (BLOCK CIT/CIT). The overall share of self-citations (SELF
CIT/CIT) is added as a further control variable. The coefficient for the blocking citation

ratio shows a positive sign and is statistically significant. This result indicates that the
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market value of firms is higher when firms’ patents receive a higher number of forward
citations that are “blocking” in nature: when the overall blocking power of firms’ patent
portfolios is strong. This finding is in line with prior results by Grimpe and Hussinger
(2008; 2014b) that show that patents with blocking citations increase the price of target
firms in mergers and acquisitions.

Model III distinguishes between blocking self-citations (BLOCK SELF
CIT/SELF CIT) — which is our measure for offensive patent blocking — and blocking
non-self-citations (BLOCK NON-SELF CIT/NON-SELF CIT): our measure for
defensive patent blocking. The estimation results show that both offensive and
defensive patent blocking add positively and significantly to the market value of firms.

Model IV distinguishes between offensive (BLOCK SELF CIT/SELF CIT) and
defensive blocking (BLOCK NON-SELF CIT/NON-SELF CIT) in discrete and complex
product industries. An interesting difference appears. In line with our theoretical
expectations, offensive blocking (BLOCK SELF CIT/SELF CIT) is relevant in discrete
product industries, while defensive blocking (BLOCK NON-SELF CIT/NON-SELF
CIT) adds to firms’ market value only in complex product industries. This suggests that
patent fencing is a valuable strategy in discrete product industries, while building a
patent portfolio that has the power to block competitors is valuable in complex product
industries that are characterized by more cumulative innovation activities and

distributed technology ownership.

Insert table 4 about here

To get an indication of the economic magnitude of the estimated effects, we
calculated semi-elasticities of Tobin’s Q with regard to each of the main variables as

the derivative of the non-linear market value equation with regards to the variable of
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interest (see, e.g., Hall et al., 2007). Table 5 reports average values of the semi-

elasticities and standard errors across all sample observations.

The largest effect for a unit change of a regressor in Table 5 is found for the
blocking citations variable (BLOCK CIT/ CIT). A unit change — a change in BLOCK
CIT/ CIT from 0 to 1 — increases Tobin’s Q by 117%. A more realistic change in
BLOCK CIT/ CIT of one standard deviation (= a value of 0.11) yields a higher Tobin’s
Q value of about 12.87%. With an average market value of US$17 billion, this
corresponds to an increase of US$2.19 billion of the market value (keeping the book

value constant).

Table 5 (Model III) further shows that if we distinguish between offensive
(BLOCK SELF CIT/SELF CIT) and defensive blocking (BLOCK NON-SELF
CIT/NON-SELF CIT) the latter has a stronger effect on firms’ market value. The semi-
elasticities indicate that a change in the offensive blocking variable — the ratio of
blocking self-citations — by one standard deviation (= a value of 0.19) increases Tobin’s
Q by about 5.13%, while a change in defensive blocking by one standard deviation (=
a value of 0.11) increases Tobin’s Q by 10.01%. With an average market value of
US$17 billion, this corresponds to increases of US$0.87 billion and US$1.72 billion of

the market value (keeping the book value constant).

With the final specification (Model V), where we allow for different effects of
both types of blocking in discrete and complex product industries, the result becomes
clearer. Offensive patent blocking is only relevant in discrete product industries. Here,
a change in the blocking self-citations ratio by one standard deviation (= a value of
0.20) increases Tobin’s Q by about 9.80%, corresponding to US$1.86 billion with an

average market value of US$19 billion in complex product industries, keeping the book
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value constant. There is no evidence for a positive effect of defensive patent blocking

in discrete product industries.

In complex product industries, on the contrary, we find that defensive patent
blocking increases Tobin’s Q by 24.20% if the defensive blocking variable increases
by one standard deviation (= a value of 0.22). This corresponds to an increase of
US$3.47 billion with an average market value of US$16 billion in complex product
industries, keeping the book value constant. There is no effect of offensive blocking on

the market value of firms in complex product industries.'’
Insert table 5 about here
Supplementary Analysis

We conducted an additional analysis to examine whether defensive blocking
contributes to a higher market value by encouraging firms to reach cross-licensing
agreements. Information on cross-licensing is collected from the Lexis Nexis news
archive database. Key data sources for LexisNexis include major disseminators of news
releases such as Business Wire, PR Newswire Association, Information Bank Abstracts
(by The New York Times), Information Access Company (Thomson Corp.), etc., as well
as more specialized information brokers such as Reuters Health Medical News,
Intellectual Property Today, Espicom Business Intelligence, among many others. It is
fair to assume that Lexis Nexis offers a comprehensive coverage of publicly known

codified information about corporate business activities.

19 The reader might wonder whether the coefficients for the control variables differ as well for complex
and discrete product industries. We ran a regression that estimates different coefficients for firms in
discrete and complex industries. A test on the null hypothesis of jointly equal coefficients for product
and complex product industries is not rejected at the 5% level.
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We identified news articles on cross-licensing deals by our sample firms by
searching for the term “cross-license” in LexisNexis articles for our 151 sample firms.
This resulted in a set of 1055 news articles for the period 1995-2000.2° To test whether
defensive blocking helps firms to reach cross-licensing agreements, we have estimated
the effect of BLOCK NON-SELF CIT/NON-SELF CIT on the number of newly
announced cross-licensing deals by the 64 companies that had at least one such cross-
licensing agreement during 1995-2000. The results of fixed-effects poisson models and
fixed-effect quasi-maximum likelihood poisson models, which are robust against

overdisperion, are presented in Table 6.
Insert table 6 about here

The control variables show that firms that are large (log(4)) and R&D-intensive
(RD) and that operate in technology markets with overlapping IP rights (THICKET)
engage more in cross-licensing. While there is no effect of offensive blocking (BLOCK
SELF CIT/SELF CIT) on cross-licensing, defensive blocking (BLOCK NON-SELF
CIT/NON-SELF CIT) has a positive effect on the number of cross-licensing deals. This
result — taken together with the positive and significant correlation (0.2) between cross-
licensing and firms’ market value — shows that access to cross-licensing deals is one
mechanism through which defensive patent blocking affects firms’ market value. These
results continue to hold when the likelihood to engage in cross-licensing (fixed-effect

logit model) is considered rather than the number of cross-licensing deals. They are

26 Intel has the highest numbers of deals (193 times), followed by Motorola (114), Hewlett Packard (94),
Alcatel (78), Texas Instruments (63), Fuji Electric (38), Toshiba (33) and National Semiconductor (31).
All these firms operate in complex product industries, where cross-licensing is a frequent strategy. A
significant number of firms (87 of 151 firms), which are active in both discrete and complex product
industries, have no cross-licensing agreements in the sample period 1995-2000.
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also robust when a random effects tobit model is used. These additional results are

available from the authors upon request.

6 Conclusions

This paper contributes to the literature on patent strategies by investigating
whether two specific patent strategies correlate with a higher market value of firms:
First, offensive patent blocking is a strategy whereby firms patent technological
alternatives to a focal technology so as to prevent competitors from entering a market
with substitute technologies. Second, defensive patent blocking involves creating patent
portfolios that block technologies of competitors so as to increase the competitors’
willingness to trade important patents (e.g., via cross-licensing agreements).

We hypothesize that offensive patent blocking is an effective strategy in discrete
product industries, while defensive patent blocking is effective in complex product
industries (Arora, 1997; Cohen et al., 2000). The reasoning is that in discrete product
industries where products primarily use one or a few patents it is useful to build a patent
fence around core technologies as a shield against competition. In complex product
industries, where products consist of many patents, a strong patent portfolio that has
the power to block other technology owners is a useful instrument to get access to cross-
licensing deals and to avoid costly patent lawsuits.

Our research questions are empirically examined by developing a new set of
measures for the blocking potential of patent portfolios and introducing them into the
firm-level market-value (Tobin’s Q) equation of Hall et al. (2005). Market value
estimations show that in discrete product industries, offensive patent blocking brings
value to firms, while in complex product industries defensive patent blocking increases

market value. Further analyses demonstrate that firms that engage in defensive blocking
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are involved in more cross-licensing agreements with other technology owners.
Altogether, these results confirm that firms can maximize the returns of their innovation
activities by intelligently managing intellectual property rights and crafting appropriate
patent portfolios that take into account the peculiarities of their industries.

Our findings also contribute to prior studies on patent citation heterogeneity.
Prior studies have shown that citations should be aggregated with care. Alcacer and
Gittelman (2006), for instance, have shown that at the USPTO patent references that
are made by the patent applicant differ significantly from examiner-given citations. Our
study indicates that blocking forward patent citations at the EPO are correlated more
strongly with firms’ market value than are the average forward citations that a patent
receives.

Our study is not free of limitations: The most important limitation is that we
cannot establish that firms follow a defensive or offensive patent blocking strategy on
purpose. We rather observe the outcome of patent management in the form of firms’
patent portfolios and their characteristics. Second, our measures for patent blocking are
proxy variables. We only “witness” the blocking potential of a patent when other
patents are filed and blocking citations are generated. Last, our sample consists of large
R&D spending firms. Our results have to be interpreted accordingly, and one should be

cautious when generalizing the results for samples of small and medium-sized firms.
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Tables

Table 1: Variable names and definitions

Abbreviation

Explanation

Tobin’s Q

Market value divided by book value, where market value is defined as the sum of outstanding shares times
the share price at the end of the year, preferred stock, minority interests and total debt and book value is
defined as the sum of net property, plant and equipment, current assets, long term receivables, investments
in unconsolidated subsidiaries, and other investments

RD/A

R&D stock (RD) divided by assets, where the R&D stock is calculated from annual R&D expenditures as
RD;; = (1 — 8)RD;;_1 + R&Dexpense;;, with the use of a depreciation rate & of 15% and an initial value

of RD;y = R&Dexpense;y /(6 + g;) with a firm-specific annual growth rate g; (the average g; amounts to
8.7%).

PAT CIT/RD

Forward citation weighted patent stock (PAT CIT) divided by R&D stock, where PAT CIT is calculated as
follows: PAT CIT;; = (1 — §)PAT CIT;;_4 + (patents;;, + citations;;),

where citations; measures the number of forward citations to patents of year t over a fixed five-year time
window.

SELF CIT/CIT

Stock of forward self-citations (SELF CIT) over stock of forward citations (CIT). Forward citations are
citations that a focal patent receives by future patent applications in a five-year time window. The forward
citation stock (CIT) is measured as follows: CIT;; = (1 — &) CIT ;_; + citations;; with the use of a
depreciation rate & of 15%. The forward self-citation stock is calculated analogously taking only forward
self-citations into account: forward citations that are received by future patent applications of the same
patent applicant.

BLOCK CIT/CIT

Stock of forward blocking citations (BLOCK CIT) over stock of forward citations (CIT). BLOCK CIT is
calculated in the same way as CIT taking only forward blocking citations into account: forward citations
that are received by future patent applications that are marked as “blocking”, thereby showing that the
novelty or inventive step of the future patent is challenged by the cited focal patent application.

BLOCK SELF CIT/ SELF CIT

Stock of forward blocking self-citations (BLOCK SELF CIT) over stock of forward self-citations (SELF
CIT), where BLOCK SELF CIT is calculated in the same way as CIT taking only forward blocking self-
citations into account. Forward blocking self-citations are citations that are received by future patent
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applications from the same applicant that are marked as “blocking” showing that the novelty or inventive
step of the future patent is challenged by the cited focal patent application.

BLOCK NON-SELF CIT/ NON-SELF CIT

Stock of forward blocking non-self-citations (BLOCK NON-SELF CIT): blocking forward citations that
are received from patent applications of third parties, over stock of non-self-citations (NON-SELF CIT):
forward citations received from patent applications of third parties

BLOCK SELF CIT/ SELF CIT, discrete

BLOCK SELF CIT/ SELF CIT for firms in discrete product industries; the variable takes the value zero for
firms in complex product industries

BLOCK NON-SELF CIT/ NON-SELF CIT,
discrete

BLOCK NON-SELF CIT/ NON-SELF CIT for firms in discrete product industries; the variable takes the
value zero for firms in complex product industries

BLOCK SELF CIT/ SELF CIT, complex

BLOCK SELF CIT/ SELF CIT for firms in complex product industries; the variable takes the value zero
for firms in discrete product industries

BLOCK NON-SELF CIT/ NON-SELF CIT,

BLOCK NON-SELF CIT/ NON-SELF CIT for firms in complex product industries; the variable takes the

complex value zero for firms in discrete product industries

THICKET Measure for the density of the patent thicket of the technology fields in which a firm is active. The firm-
level measure is based on the technology field measure developed by Von Graevenitz et al. (2011)

SALES DIV Herfindahl index of the firms’ sales across 4-digit ISIC industries. The value 1 shows concentration of
sales in one specific ISIC class; a value that is close to zero indicates diversification.

TECH DIV Herfindahl index of the patent activities across technology classes. The value 1 shows concentration of

patents in one specific technology class; a value that is close to zero indicates diversification.

pre-sample mean (log Tobin’s Q)

Average value of Tobin’s Q in the five years prior to the sample
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Table 2: Descriptive statistics (873 observations)

Full sample

Complex product industries

Discrete product

industries
mean std. dev.  min max mean std. dev. mean std. dev. _mean
difference
Tobin's Q 2.23 226 026 16.77 1.81 1.89 2.79 2.56 -0.98  HEE
A (million $US) 9802.57 13650.82 40.03 90908.97 11946.32 16402.21 6915.40 7330.07 5030.92 A
RD (million $US) 294199  4775.68 22.78 31163.50 342531 5734.35 2291.07 2923.89 1134.24  *=**
RD/A 0.34 022 0.02 1.56 0.29 0.18 0.40 0.26 -0.11 ek
PAT CIT 448.34 834.51 0.00 5568.96 523.20 929.91 347.52 673.54 175.68  #**
PAT CIT/RD 0.08 0.19  0.00 1.69 0.09 0.21 0.06 0.16 0.03  H**
SELF CIT 227.96 464.63 0.00 3154.34 233.63 477.33 220.32 447 .47 13.31
SELF CIT/ CIT 0.26 0.13 0.00 0.67 0.21 0.12 0.32 0.11 -0.11 =
BLOCK CIT 327.21 557.59 0.00 3215.16 352.28 621.95 293.44 455.46 58.84
BLOCK CIT/ CIT 0.42 0.11  0.00 0.84 0.37 0.10 0.48 0.10 -0.11 A
BLOCK SELF CIT/ SELF CIT 0.26 0.13  0.00 0.67 0.34 0.18 0.46 0.18 -0.12 ek
BLOCK NON-SELF CIT/ NON-SELF CIT 0.42 0.11  0.00 0.76 0.39 0.10 0.48 0.10 -0.09 ek
THICKET 0.08 0.01 0.00 0.66 0.08 0.01 0.08 0.01 -0.00
SALES DIV 0.51 027 0.08 1.00 0.50 0.26 0.53 0.29 -0.03
TECH DIV 0.26 0.14 0.00 0.82 0.26 0.14 0.26 0.12 -0.00
pre-sample mean (Tobin’s Q) 1.53 1.02  0.23 5.06 1.14 0.55 1.87 1.23 -0.83  wwx
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Table 3: Correlation matrix (873 obs.)

Variables 1 2 3 4 5 6 7 8 9
1 logof Tobin's Q
2 RD/A 0.40%**
3 PAT CIT/RD -0.08%* 0.00
4 SELF CIT/CIT 0.30%** 0.18%* 0.21%**
5 BLOCK CIT/CIT 0.38%** 0.41%%* 0.1 1%*% (. 18%%*
6 BLOCK SELF CIT/SELF CIT 0.22%** 0.16%** -0.07** 0.20%** 0.40%**
7 BLOCK NON-SELF CIT/NON-SELF CIT  0.39%*** 0.43%%%* -0.03 0.30%** 0.56%** 0.45%%*
8 THICKET -0.03 -0.01 0.07** 0.14%** -0.00 0.07** 0.04
9 SALES DIV 0.01 0.08** -0.30%**  -0.07** 0.27%** 0.06* 0.10%** 0.00
10 TECH DIV 0.27%** 0.31%** -0, 13%** (. 12%** 0. 21 %** -0.01 0.17** -0.07** 0.26**
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Table 4: Market value regressions; dependent variable: log (Tobin’s Q)

I 11 111 v
coef. coef. coef. coef.
Explanatory Variables (s.e)  (se)d  (se)r  (se)?
Constant -0.30 -0.55 -0.54 -0.50
(0.37) (0.37) (0.37) (0.37)
RD/A 0.18 -0.27 -0.23 -0.18
(0.24) (0.43) (0.42) (0.39)
PAT CIT/RD 0.55%*%* (0.87**  0.84**  (0.80%*
(0.21) (0.39) (0.38) (0.38)
SELF CIT/ CIT 0.91 0.76 0.63
(0.74) (0.72) (0.68)
BLOCK CIT/ CIT 2.61%%*
(1.07)
BLOCK SELF CIT/ SELF CIT 0.59*
(0.35)
BLOCK NON-SELF CIT/ NON-SELF CIT 2.01%*
(0.90)
BLOCK SELF CIT/ SELF CIT, discrete 1.01%**
(0.51)
BLOCK NON-SELF CIT / NON-SELF CIT, discrete 0.93
(0.89)
BLOCK SELF CIT/ SELF CIT, complex 0.33
(0.89)
BLOCK NON-SELF CIT/ NON-SELF CIT, complex 2.26%*
(0.94)
THICKET 7.41%* 3.68 3.58 3.24
(3.86) (3.61) (3.59) (3.61)
SALES DIV 0.02 -0.06 -0.07 -0.06
(0.20) (0.19) (0.18) (0.18)
TECH DIV 0.02 0.04 0.08 0.04
0.47) (0.44) (0.42) (0.42)
pre-sample mean (log Tobin’s Q) 0.62%** (. 59%** (58*** () 59%**
(0.13) (0.12) (0.12) (0.12)
N 873 873 873 873
Adj. R? 0.59 0.62 0.62 0.62

A Robust, clustered standard errors
The regressions contain 10 country dummy variables, 10 industry dummy variables, 5 annual dummy variables

and industry-year interaction dummy variables. *,** *** indicate 10, 5 and 1 % significance levels.
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Table 5: Semi-elasticities

| 11 11 v
semi-el. semi-el. semi-el. semi-el.
Explanatory Variables (s.e)?® (se)® (se)? (se)?
RD/A 0.16 -0.13 -0.10 -0.09
(0.21)  (0.22)  (0.19)  (0.19)
PAT CIT/RD 0.03%**  (.03*** (.03*** (.03***
(0.01)  (0.01) (0.01) (0.01)
SELF CIT/ CIT 0.41 0.34 0.30
(0.30)  (0.30)  (0.24)
BLOCK CIT/ CIT 1.17%**
(0.30)
BLOCK SELF CIT/ SELF CIT 0.27*
(0.15)
BLOCK NON-SELF CIT/ NON-SELF CIT 0.91%**
(0.29)
BLOCK SELF CIT / SELF CIT, discrete 0.49%*
(0.24)
BLOCK NON-SELF CIT/ NON-SELF CIT, discrete 0.45
(0.38)
BLOCK SELF CIT/ SELF CIT, complex 0.16
(0.18)
BLOCK NON-SELF CIT/ NON-SELF CIT, complex 1.10%**
(0.37)

A Standard errors are obtained by the delta method.
* xk k%% indicate 10, 5 and 1 % significance levels.
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Table 6: Cross licensing regressions

I

II

III

v

\%

VI

Fixed effects poisson

Fixed-effects pseudo-
maximum likelihood poisson

coef. coef. coef. coef. coef. coef.
Explanatory Variables (s.e.) (s.e.) (s.e.) (s.e.) (s.e.) (s.e.)
Log(A) 0.64* 0.86** 0.91** 0.64 0.86 0.91

(0.36) (0.36) (0.38) (0.67) (0.66) (0.68)
RD 2.09%%* D J5%¥k D QTkEE D (9% 2.75%** D QwHk

(0.77) (0.77) (0.80) (1.14) (1.03) (0.95)
PAT CIT/RD -0.70 -1.04 -0.84 -0.70 -1.04 -0.84

(0.72) (0.73) (0.75) (0.90) (0.92) (1.02)
SELF CIT/ CIT 1.25 0.63 0.37 1.25 0.63 0.37

(1.84) (1.83) (2.00) (3.12) (3.24) (3.47)
BLOCK CIT/CIT -0.02 -0.02

(0.10) (0.11)
BLOCK SELF CIT/ SELF CIT -0.22 -0.22

(0.87) (1.40)

BLOCK NON-SELF CIT/ 9.46%** 9.46%**
NON-SELF CIT (2.25) (3.16)
BLOCK SELF CIT / SELF -1.27 -1.27
CIT, discrete (1.47) (1.73)
BLOCK NON-SELF CIT/ 12.04%*%* 12.04%**
NON-SELF CIT, discrete (2.78) (4.18)
BLOCK SELF CIT/ SELF 0.19 0.19
CIT, complex (1.11) (1.93)
BLOCK NON-SELF CIT/ 6.43%* 6.43*
NON-SELF CIT, complex (2.88) (3.60)
THICKET 16.07%* 15.85%%* 17.64***  16.07 15.85 17.64

(6.54) (6.56) (6.63) (11.29) (11.26) (11.70)
SALES DIV 1.28%** ] 14%*% [ [5%** ] D8%* 1.14%* 1.15%*

(0.36) (0.37) (0.39) (0.51) (0.55) (0.51)
TECH DIV -2.35 -1.59 -1.79 -2.35 -1.59 -1.79

(2.29) (1.77) (1.80) (2.29) (2.45) (2.52)
N 382 382 382 382 382 382
log likelihood -476.26  -467.17  -465.65  -47626  -467.17  -465.65

* wk k%% indicate 10, 5 and 1 % significance levels. The regressions contain 5 annual dummy variables.

Note that the estimates are based on observations for 64 firms that have at least one cross-licensing deal.
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