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1 Introduction
Do patents block or promote follow-on innovation? Modern innovation is to a great extent cu-

mulative: inventions are rarely stand-alone achievements, but build on previous discoveries. In this

context, it is not clear whether the patent system fulfills its role in promoting technical progress.

On the one hand, patents facilitate knowledge spillovers through the disclosure of inventions and

resolve difficulties in licensing knowledge which arise from its public good characteristics (Scotch-

mer and Green, 1990; Arora et al., 2001). On the other hand, patents give the original inventor the

means to block follow-on innovation by others. Cumulative innovation thus requires coordination

between the original and follow-on inventors (Scotchmer, 1991).

However, such coordination does not always take place. The patentee of the original (upstream)

technology may find it suboptimal to license out due to competitive rent dissipation (Arora and

Fosfuri, 2003). Even if a licensing agreement is mutually beneficial, excessive transaction costs may

erode the joint surplus and cause bargaining failure (Coase, 1960; Green and Scotchmer, 1995).

Without the right to use the upstream technology, potential follow-on inventors lack freedom to

operate (FTO): they are not able to efficiently commercialize their invention without infringing the

upstream patent. This discourages follow-on innovation by others and erodes possible benefits from

the division of inventive labor.

Several studies have explored whether the described blocking effect of upstream patents exists

and under what circumstances it is most prevalent (e.g., Galasso and Schankerman, 2015; Huang

and Murray, 2009; Murray and Stern, 2007; Sampat and Williams, 2019; Watzinger et al., 2020).

These studies typically exploit variation in patent protection of upstream technologies (e.g., patent

grant or patent invalidation) and link it to follow-on activities (e.g., other patents or scientific arti-

cles). The results of these studies originate from diverse settings and remain partly contradictory.1

A consensus view is still lacking. Our study contributes novel empirical results to the debate and

extends the theoretical foundation of the relationship between patents and cumulative innovation.

We investigate the effect of patent invalidation on follow-on innovation, using the opposition

procedure at the European Patent Office (EPO) as our institutional setting. The opposition procedure

represents the last opportunity for other parties to centrally challenge the validity of a European

patent before it splits up into as many as 38 national patents. Opposition is a relatively frequent

event (6% of all granted patents) and usually ends in a judgment. This allows us to compile a diverse

sample of more than 38,000 opposed patents granted between 1993 and 2012.
1For instance, Moser and Voena (2012) find that patents block follow-on innovation in chemistry, but Galasso and

Schankerman (2015) do not. Similarly, Murray and Stern (2007) observe a blocking effect of gene patents in contrast to
Sampat and Williams (2019).
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To overcome endogeneity issues concerning the outcome of opposition, we exploit variation in

the participation of the patent’s granting examiner in the opposition division, which decides about

the patent’s validity. This variation is primarily a function of the temporary unavailability of other

eligible examiners and is unrelated to characteristics of the opposed patent. Participation of the

granting examiner significantly increases the likelihood of the patent being upheld, rendering the

variable a suitable instrument for our analysis.

We introduce a theoretical framework that guides our empirical analysis and eases the inter-

pretation of the results. We distinguish between two potential sources of the blocking effect: rent

dissipation and bargaining failure. Both of these cause frictions for licensing. In addition to these

pre-invalidation frictions, there can also be post-invalidation frictions, which moderate to what extent

invalidation of the upstream patent creates FTO for potential follow-on innovators. We argue that

the prevalence of each pre- and post-invalidation friction differs by the complexity of the technol-

ogy field (i.e., the number of patented components required for follow-on innovation (Cohen et al.,

2000)), the complementary assets available to both patentee and follow-on innovator, and their

market overlap. In our empirical analysis, we explore the effect of patent invalidation on follow-on

innovation along these dimensions.

According to the main specification of our instrumental variable regressions, patent invalidation

indeed increases follow-on innovation by about 20%, measured in forward citations by other parties.

In several robustness checks, we can exclude that this effect is driven by strategic citation behavior

or involves only marginal follow-on inventions. Moreover, this average effect conceals substantial

variation in the marginal treatment effect.

We first examine whether the invalidation effect differs by the complexity of the technology

field surrounding the opposed patent. To this end, we count incidences of multi-party dependencies

as evidenced by overlapping patent citations (Von Graevenitz et al., 2011). This triples measure

varies across years and technology fields, thus making it a more precise proxy than a dichotomy

of technologies fields into either "discrete" or "complex." The explanatory power of the interaction

of patent invalidation and triples is astounding: triples significantly reduce the invalidation effect

on follow-on innovation. As a result, the estimated baseline effects become large and statistically

indistinguishable across various subsamples, even where the average effect is close to zero.

We then investigate whether the invalidation effect differs by firm size (proxied either by em-

ployment and sales data or by patent portfolio size) and market overlap. The invalidation effect is

higher for patents held by small patentees and for large follow-on innovators. Moreover, the increase

in follow-on innovation overwhelmingly occurs in different industries than the one of the patentee.
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What causes the blocking effect of patents on follow-on innovation? Drawing conclusions solely

based on the observation of a post-invalidation increase in citations is not straightforward. The

blocking effect could be due to the threat of rent dissipation, which prevents the patentee from

licensing out the upstream technology, or it could be due to bargaining failure. In either case,

patent invalidation may rekindle downstream inventive activity. The observed heterogeneity of the

patent invalidation effect suggests that bargaining failure as well as rent dissipation play a role in

the blocking effect of upstream patents—however, their relative contribution likely differs by the

technological and competitive environment.

To empirically investigate whether and where patents block cumulative innovation, the prior

literature draws on different sources of variation in patent protection (cf. Furman et al., 2017).2

The study most similar to ours is Galasso and Schankerman (2015, hereafter GS2015). GS2015 also

investigate the effect of patent invalidation on follow-on innovation. Based on a sample of 1,357

patents, they find that patent invalidation leads to a significant increase of follow-on innovation

only in technology areas that are largely considered complex. Moreover, they find that the strongest

effect emerges when a patent of a large firm has been invalidated. To explain their results, they

point to the high transaction costs in complex technologies that make bargaining failure more likely.

The GS2015 sample consists of patents litigated before the US Court of Appeals for the Federal

Circuit (CAFC). These patents are part of infringement disputes where the stakes are so high that

the litigants could not reach a settlement despite years of legal trials and millions of dollars in

litigation costs. We detail institutional differences between EPO opposition and CAFC litigation and

systematically compare our sample with the one of GS2015. We then successfully replicate their

main finding within particular subsets of our sample. Focusing on opposed patents that have been

involved in infringement disputes and those of particularly broad patent scope, we obtain much

stronger effects on follow-on innovation within complex technology fields relative to discrete ones.

We discuss potential explanations as to why this particular selection produces this result and why it

cannot be found in the overall sample of opposed patents.

We briefly outline how our study contributes to the literature on cumulative innovation. First,

we present causal estimates of the effect of patents on follow-on innovation. For a consistent in-

terpretation of the observed effect heterogeneity, we consider an expanded theoretical framework

that incorporates different explanations of the blocking effect. Additionally, we take into account

that under some conditions invalidation does not create the FTO necessary for follow-on innovation.

This aspect is paramount to the interpretation of empirical results in the literature, and our study is

2Appendix Table B-1 provides an overview of recent studies.
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the first to develop and utilize this insight.

Second, we show that conclusions concerning the blocking effect of patents on cumulative in-

novation depend on the degree of selection inherent in the respective empirical setting. We demon-

strate that the results of GS2015 are nested within specific subsamples of opposition patents. Patent

validity challenges (and similar quasi-experiments) may provide the desired variation in patent pro-

tection to study causal effects, but they are prone to specific selection effects. This applies to our

opposition sample, but even more so to the one of GS2015. The results obtained from these sam-

ples can still be informative for decision-makers and scholars. However, one must be cautious when

generalizing them.

Third, we leverage the heterogeneity in our sample to make tentative arguments concerning a

potential blocking effect in the population. We find that the marginal treatment effect turns negative

for opposition patents with a low predicted propensity of invalidation. Based on their observable

characteristics, we suggest that these patents are more comparable to the overall population. Conse-

quently, the average treatment effect may be much smaller than the one in our sample. We can only

speculate about what lowers the effect. In light of the skewed distribution of patent value (Harhoff

et al., 1999), most patents may cover trivial technologies that do not lead to follow-on innovation

irrespective of patent protection. Apart from that, follow-on innovation sometimes requires both

codified and tacit knowledge about the upstream technology. Having lost the exclusion right on the

codified knowledge part, the upstream innovator may be less willing to license out the tacit part

(Arora, 1995), which complicates follow-on innovation.

The remainder of this study is structured as follows: Section 2 presents the theoretical framework

of our study. Section 3 describes the post-grant opposition procedure at the EPO. Section 4 provides

details on our data, the dependent and independent variables. Section 5 shows descriptive statistics.

Section 6 then presents the econometric analysis and a discussion of the results. Section 7 entails

the replication of GS2015. Section 8 concludes.

2 Theoretical Framework

2.1 Patents and cumulative innovation

A large body of theoretical literature has considered the impact of patenting on the incentives for

innovation. One important branch of this literature explicitly acknowledges that inventions typically

build on previous discoveries. This notion of cumulative innovation captures an important aspect

of real-world invention processes. However, it is not clear whether the patent system promotes or

impedes technical progress in the context of cumulative innovation.
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On the one hand, the invention’s disclosure and the resulting knowledge spillovers are seen as

facilitating cumulative innovation (Scotchmer and Green, 1990).3 Patents also resolve difficulties

in licensing knowledge which arise from its public good characteristics. This extends to comple-

mentary tacit knowledge the innovator is only willing to share in combination with patented knowl-

edge (Arora, 1995). Patents therefore reduce frictions in the market for technologies by facilitating

the trade of patented technologies and complementary knowledge (Arora et al., 2001; Gans et al.,

2008).4 Lastly, patents allow the upstream innovator to control entry in the downstream market

through exclusive licensing. This increases the incentives for licensees to conduct follow-on inno-

vation and reduces excessive competition in downstream research efforts (Kitch, 1977; Scotchmer,

2004; Galasso and Schankerman, 2015).

On the other hand, patents may also block cumulative innovation if there is no ex ante coordina-

tion between upstream and downstream innovators (Green and Scotchmer, 1995). If downstream

innovators have already sunk investments in developing or commercializing their invention, they

may be threatened ex post with an injunction by an upstream patentee. Under these circumstances,

the upstream patentee can negotiate royalties well above the economic contribution of the upstream

technology. Anticipating such a "patent hold-up" situation (Lemley and Shapiro, 2007), the follow-

on innovator may not conduct the follow-on innovation in the first place. Consequently, pursuing

follow-on innovation is only worthwhile for downstream innovators if they can ensure that no up-

stream patents will block their commercial activities.

2.2 Freedom to operate through licensing

Innovators engage in precautionary actions to be able to freely choose their commercial activities.

A term that is frequently used by practitioners to describe a status with sufficient strategic and

operational maneuvering space is freedom to operate (FTO). FTO can be defined as “the ability to

proceed with the research, development and/or commercial production of a new product or process

with a minimal risk of infringing the unlicensed intellectual property rights [...] of third parties”

(WIPO, 2005). To establish whether there is sufficient FTO, a potential follow-on innovator will

scan the patent landscape in the relevant technology field in the countries where she intends to

produce, sell, or use the invention.5 If the follow-on innovator detects a potentially conflicting

patent, she needs to take action to secure FTO for her development project or otherwise abandon it.

3The findings of several empirical studies indeed suggest that patent disclosure facilitates follow-on innovation (e.g.,
Furman et al., 2021; Gross, 2019).

4This may result in efficiency gains as some downstream innovators may be more able to conduct follow-on innovation
than the original innovator (Arora and Merges, 2004; Gans et al., 2002).

5When conducting this so-called FTO analysis, potential innovators scrutinize existing patents by their territorial
boundaries, (expected) expiry, the claimed scope of protection, and legal validity.
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Perhaps the most common way to secure FTO is the ex ante coordination with the holder of

the conflicting patent through licensing. However, there are several reasons why upstream and

downstream innovators may not reach a licensing agreement. First, agreements are unlikely if they

are not mutually beneficial. One reason for a negative joint surplus is competitive rent dissipation

(Arora and Fosfuri, 2003). That is, the revenues from licensing cannot fully compensate the up-

stream innovator’s loss in profits from increased product market competition. The rent dissipation

effect increases with the upstream innovator’s vertical integration and share in downstream mar-

kets. Conversely, the rent dissipation effect decreases in the number of competing licensors and in

the distance between the product markets served by licensee and licensor (Gambardella et al., 2007;

Arora and Ceccagnoli, 2006; Gambardella and Giarratana, 2013).

Second, bargaining failure may prevent mutually beneficial licensing agreements (Green and

Scotchmer, 1995). Bargaining failure is caused by transaction costs that arise due to uncertainties

and information asymmetries between licensor and potential licensee (Teece, 1986; Zeckhauser,

1996). For instance, the value of the upstream technology may be uncertain, as its actual contri-

bution may not be known upfront. Likewise, the validity and scope of the patent protecting the

upstream technology may be uncertain (Gans et al., 2008). Information asymmetries can also com-

plicate the negotiation process. For instance, the downstream innovator may understate her future

profits to the less informed licensor to lower the license fee (Bessen and Maskin, 2009). Incorpo-

rating these contingencies and unknowns into a licensing contract that both sides can agree on is

costly. If these costs exceed the expected gains from licensing, an agreement between upstream and

downstream innovator may not be reached.

The need for detailed licensing contracts decreases if upstream and downstream innovators rely

on each other’s technologies. This makes room for an equilibrium where each innovator finds it

beneficial to not enforce own patents against the other innovator (Galasso, 2012). However, small

firms (with few patents as "bargaining chips") and industry outsiders likely lack the leverage for

these more implicit agreements (Lanjouw and Schankerman, 2004; Ziedonis, 2004).

The risk of bargaining failure increases with the number of parties that have patents related

to the upstream technology. Additionally, the license fees demanded by each upstream patentee

may accumulate to a "royalty stack" that makes investments into follow-on innovation unattractive

(Cockburn et al., 2010; Lemley and Shapiro, 2007). Bargaining environments of this kind are most

prevalent in complex technology fields where products are made of several components (Cohen et al.,

2000). In these fields, the patent landscape is characterized by so-called patent thickets: dense webs

of possibly overlapping patent rights (Heller and Eisenberg, 1998; Shapiro, 2001). In such fields,
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the follow-on innovator’s FTO remains restricted unless she reaches licensing agreements with all

parties holding relevant upstream patents.

2.3 Alternative freedom to operate strategies

Aside from licensing, there are other strategies how firms can create FTO for their innovation

activities. Perhaps the most important ones are patent validity challenges and inventing-around.6

The downstream innovator may gain FTO through the invalidation of the upstream patent. Chal-

lenging the validity of a patent can be done proactively through administrative proceedings, such as

EPO post-grant opposition or post-grant review at the US Patent and Trademark Office (Chien and

Helmers, 2016; Graham and Harhoff, 2014). However, firms may also wait and attack the patent

before court once the patentee alleges infringement (Cremers et al., 2016). Note that the credi-

ble threat of seeking patent invalidation may provide the follow-on innovator already with enough

leverage to obtain FTO as part of a settlement agreement with the patentee.

Alternatively, the downstream innovator may decide to invent around the conflicting upstream

patent to gain FTO for follow-on innovation (Mansfield et al., 1981). This strategy seems most

fruitful if the scope of protection of the upstream patent is narrow. Conversely, if the upstream

patent is broad, i.e., it covers many technological aspects, inventing-around becomes more costly

(Merges and Nelson, 1994; Scotchmer, 1991).

These alternative FTO strategies may be faster or less expensive than licensing approaches and

hence constitute viable substitutes. The core insight is that licensing is not the only action that a

firm may undertake to secure its FTO for follow-on innovation—a point that will become relevant

in our empirical analysis.

2.4 Patent invalidation and follow-on innovation

In the subsequent empirical analysis, we pursue two objectives. First, we seek to infer from

the effect of patent invalidation on follow-on innovation to what extent upstream patents block

cumulative innovation. Second, we want to learn about the cause of the blocking effect.

There are mainly two explanations why coordination through licensing does not take place and

follow-on innovation is blocked: bargaining failure and rent dissipation. As elaborated above, the

prevalence of bargaining failure and rent dissipation likely differs by the complexity of the technol-

ogy field, patentee size, follow-on innovator size, and their market overlap. Table 1 summarizes our

arguments. Depending on the technological and competitive environment, the relative contribution

of bargaining failure and rent dissipation to pre-invalidation frictions differs.
6There are also other FTO-related strategies, such as fencing and pre-emptive patenting. However, these strategies

are more suited to maintain rather than create FTO.
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Table 1: Strength of effects leading to the blocking of follow-on innovation

Complexity Patentee
size

Follow-on
innovator size

Market
overlap

Pre-invalidation frictions

– Bargaining failure ⇑ ⇓ ⇓ ⇓
– Rent dissipation ⇓ ⇑ ⇑ ⇑

Post-invalidation frictions

– FTO status ⇓ ⇓ ⇑ ⇓

Overall effect ? ? ? ?

Bargaining failure is more likely in complex technology fields, where the necessity for negotia-

tions with multiple patentees increases transaction costs. Conversely, bargaining failure is less likely

where patentee and follow-on innovator are both large firms and compete in the same market. Here,

the firms’ large patent portfolios and market contact reduce the risk of hold-up and enable efficient

cross-licensing arrangements. For rent dissipation, a different picture emerges. Rent dissipation

effects loom larger where the licensee cannibalizes the licensor’s profits. This is less likely in com-

plex technology fields, where the licensor is not the single stake holder of the upstream technology.

However, rent dissipation effects should increase with firm size of licensor and licensee, and where

both parties are active in the same market.

Given that bargaining failure and rent dissipation are linked to different technological and com-

petitive environments, varying increases in follow-on innovation after patent invalidation may illu-

minate the main source of the blocking effect.

However, in addition to these pre-invalidation frictions, there are also post-invalidation frictions

that moderate to what extent patent invalidation actually creates FTO for follow-on innovation ac-

tivities. For one, other upstream patents may still block follow-on innovation. Although patent

invalidation makes coordination with the focal patentee unnecessary, the need for coordination

with other upstream patentees remains unaffected. If the follow-on innovator fails to coordinate

with other upstream patentees as well, her FTO status remains de facto unchanged. This scenario

is more likely in complex technology fields. Likewise, large patentees are more likely to have com-

plementary assets that continue to serve as effective entry barriers to use the upstream technology.

Complementary assets could lie in competitive manufacturing, distribution channels, know-how

and marketing (Teece, 1986; Gans et al., 2002). Unless these complementary assets are available to

the follow-on innovator as well, the invalidation of the focal patent will hardly attract investments

into follow-on innovation. Complementary assets, however, may be less relevant if the follow-on

innovator is active in a different industry than the patentee.
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The prevalence of pre- and post-invalidation frictions alternate in their correlation depending

on the technological and competitive environment. This renders the overall effect of each aspect in

Table 1 on follow-on innovation potentially ambiguous. In our empirical analysis, we will explore the

effect of patent invalidation on follow-on innovation along these dimensions. Based on potential

differences in the effect on follow-on innovation, we can then shed light on the role of pre- and

post-invalidation frictions and on the likely causes of the blocking effects.

3 Post-Grant Opposition at the EPO
The EPO provides a harmonized application procedure for patent protection in the 38 member

states of the European Patent Convention (EPC). Within the first 9 months after the EPO’s decision

to grant the patent, third parties can challenge its validity by filing an opposition. The opposition

procedure represents the last opportunity to centrally invalidate a European patent (EP) before it

is disassembled into national patents. With total costs between 6,000 EUR and 50,000 EUR, the

opposition procedure is relatively cheap compared to—sometimes inevitably duplicative—patent

litigation proceedings before national courts (Mejer and van Pottelsberghe de la Potterie, 2012).

Opposition is therefore a relatively frequent event with a historical opposition rate of about 6%, well

exceeding litigation rates in Europe (Cremers et al., 2017) and the US (Lanjouw and Schankerman,

2004; Bessen and Meurer, 2013).

3.1 Opposition procedure

At the EPO, incoming patent applications are allocated to technical art units according to the

application’s underlying technology. Each application is then scrutinized by a technically qualified

examiner ("the granting examiner"). The granting examiner and two bysitters decide on whether

the patent fulfills all requirements of patentability and should be granted.7 The examiner’s grant

decision can be opposed by any party except the patentee herself.8 Oppositions may be filed on the

grounds that the subject-matter is not new or inventive, the invention is not sufficiently disclosed,

or the granted patent extends beyond the content of the application as filed.

The appointed opposition division consists of three technically qualified examiners. They decide

whether the raised objections compromise the maintenance of the patent. If necessary, the opposi-

tion division invites patentee and opponent to file observations on the other party’s communications.

During this exchange of communications, the patentee can propose amendments to the description,

claims and drawings of the patent.
7Note that a secondary examiner and the chairman co-sign the primary examiner’s grant decision. For details on the

examination procedure, see Appendix G.
8In case of multiple independently filed oppositions, all objections are dealt with in one combined proceeding.
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Three outcomes of the opposition procedure are possible: the patent is ruled either valid, valid

but in amended form, or invalid.9 Patentee and opponent can appeal against the decision of the op-

position division at the EPO’s Boards of Appeal. Almost half of all opposition decisions are appealed,

but the reversal rate is low (7%).

Withdrawals of oppositions may occur at any stage prior to the decision, but do not necessar-

ily terminate the opposition proceedings. The opposition division has the option to continue the

proceeding on its own motion (EPC Rule 84) and decide on the patent’s validity. Since the opposed

patent may still end up being invalidated, settlements between opponent and patentee are relatively

rare events. About 90% of all oppositions conclude in a decision by the opposition division.

3.2 Appointment of the opposition division

The opposition division consists of a first examiner, a minute writer and a chairman. The di-

rector of the respective technical art unit appoints the members of the opposition division under

consideration of the technical qualifications relevant to the patent.10 Given their technical quali-

fication, granting examiners are suitable candidates for the opposition division. Concerning their

participation in the opposition proceeding, Article 19(2) of the European Patent Convention states

the following:

“An Opposition Division shall consist of three technically qualified examiners, at least

two of whom shall not have taken part in the proceedings for grant of the patent to

which the opposition relates. An examiner who has taken part in the proceedings for

the grant of the European patent may not be the Chairman.”

Statements of interviewed EPO officials and our empirical findings show that the granting examiner

frequently participates in the opposition proceeding of the same patent. Case law has established

that the patentee and the opponent cannot object the director’s decision regarding the appointment

of a particular examiner in the opposition division. The opposition division’s decision can in principle

be appealed on the ground of suspected lack of impartiality among the division members. However,

there are only very few cases where this has occurred and these cases typically refer to different

allegations than the involvement in the previous grant decision.11

9Amended patents typically have some of their claims invalidated, which narrows their scope.
10In rare cases, the opposition division may be enlarged to a fourth member with a legal background, if there are

complex legal questions to be resolved.
11For instance in the case G 0005/91 with a decision from May 5, 1992, a patentee’s objection concerned a former

employment relationship between examiner and opponent.
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4 Data

4.1 Data sources

To construct our sample of opposed patents, we draw on several distinct patent data sources.

For each granted EP patent we first observe in the EPO PATSTAT Register whether an opposition

was filed within the statutory period of nine months after the grant date. Via the patent application

number, we gather relevant documents concerning the examination and the opposition procedure

from the EPO’s online file inspection system. We then extract the names of the examining division

and opposition division members from these documents, since this information is not available from

patent data providers.12 We rely on the procedural steps data in the EPO PATSTAT Register to deter-

mine the result and date of the opposition outcome, and the opponents’ identity. For bibliographic

data on the opposed patents, the patentees, and forward citations, we use the EPO Worldwide Patent

Statistical Database (2019 Autumn Edition).13 We complement the patent data with firm-level micro

data (firm size and industry activities) provided by Orbis Intellectual Property (April 2019).

4.2 Dependent variable

A common way to capture a technology’s dependence on a prior technology is to use citation

data. This approach assumes that a cited patent is important when determining the scope of patent

protection of the citing patent application. To measure follow-on innovation, we count the number

of forward citations the focal patent receives in the first five years after the opposition outcome. We

use the earliest filing date of the citing patent to approximate the actual date of invention.

We distinguish between citations from patents filed by the patentee (“self citations”) and cita-

tions from patents filed by everyone else (“other citations”). To analyze the effect on follow-on

innovators who are not involved in the opposition proceeding, we exclude citations of the opponent

and consider only third-party citations ("other citations w/o opponent").

Forward citations may capture more than just those follow-on innovations that could have been

blocked by the upstream patent. Although EPO citations already exhibit high technological relevance

(Breschi and Lissoni, 2004), we show the robustness of our main results to two citation subsets with

a higher standard of relevance (Criscuolo and Verspagen, 2008).14

12We elaborate on our read-out and parsing efforts in Appendix H.
13We obtain information on some further aspects of the examination process, such as the assigned technical art unit

and the examination location, from the EPO’s administrative database EPASYS (April 2015).
14Namely, citations created by examiners and those labeled by the examiner as potentially novelty destroying (XY-

citations). As these citations are fully under the control of the examiner, we minimize potential bias due to (strategic)
citation patterns of applicants (cf. Alcacer et al., 2009; Sampat, 2010). We further replicate our empirical analysis with
USPTO citations and present the results in Appendix F.
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4.3 Independent variables

The independent variables used in the empirical analysis concern the opposition outcome, the

involved parties, the focal patent and the surrounding patent landscape.

Opposition outcome Three distinct outcomes in opposition proceedings are possible: the op-

posed patent may be ruled valid, valid but in amended form, or invalid. Following GS2015, we

create a binary variable (“invalidated”) that equals 1 for the outcomes "invalid" and "valid but in

amended form", and 0 for "valid".15

Patentee and opponent variables To capture potential differences in follow-on innovation de-

pending on the vertical integration, complementary assets and market activities of the patentee and

opponent, we include variables capturing their sector (corporate entity or not), country of residence

(EU, UK, US, JP, RoW), and firm size (small, medium, large).

Patent variables We include indicators for the value, scope and technology field of each patent

to reduce asymptotic variances and to mitigate bias. We include a dummy variable for international

patent applications (PCT) and count variables for the patent family size, IPC subclasses, claims,

applicants, inventors and backward citations. We include pre-opposition self and other citations

within the first three years after filing as further proxies for patent value. Moreover, we assign each

patent to one of 34 technology areas based on the classification introduced by Schmoch (2008).16

Patent thickets measure We measure the (time variant) density of patent thickets in the focal

patent’s technology area. Following Von Graevenitz et al. (2011), we count constellations in which

three patentees can mutually block each other. We expect that the more of these triples exist in a

technology field at a given time, the likelier it is that FTO for follow-on innovation requires coordi-

nation with multiple upstream patentees. Triples are most prevalent in complex technology fields

and in more recent years. Appendix Figure A-1 illustrates the substantial variation in the number of

triples over time and between the 34 technology fields.

4.4 Instrumental variable

As our instrumental variable, we exploit variation in the participation of the granting examiner

in the opposition procedure. Oppositions are decided by a vote of all three persons in the opposition

division.17 We argue, and show empirically, that the granting examiner is generally more inclined

to be in favor of the patentee.

15The decision of the opposition division can be appealed. However, the reversal rate is very low and skewed; that
is, pro-patentee outcomes are more likely to be overruled in favor of the opponent than vice versa. Our main results are
robust to different operationalizations as presented in the Appendix.

16To facilitate the comparison of our results with those of GS2015, we further categorize our patents into the same 36
NBER technology categories (Hall et al., 2001) used in their study. Results are very similar and presented in the Appendix.

17Voting follows a simple majority. In case of parity (due to a fourth legal member), the chairman’s vote is decisive.
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One possible reason why the granting examiner has this pro-patentee inclination during oppo-

sition relates to career concerns. Although the EPO offers no explicit monetary incentives (e.g.,

performance-related pay), decisions for promotions are based on a bi-annual performance eval-

uation, which includes the quality of examination (Friebel et al., 2006). Given the evaluation’s

relevance for career progress, one can assume that an examiner prefers an opposition outcome that

confirms her earlier grant decision instead of correcting it.

There are also behavioral reasons that could explain why the granting examiner is more likely

to reaffirm the patent’s validity than an arbitrary examiner. First, the granting examiner may suffer

from confirmation bias, which makes it more difficult for the opponent to convince the granting

examiner that the focal patent should be invalidated.18 Second, the granting examiner may show a

preference for decision consistency, which makes her less willing to revise the initial positive decision

on the patent’s validity.19

Interviews with EPO officials revealed that the reasons for the participation of the examiner are

found in the temporary non-availability of other eligible examiners with expertise in the particular

technology field. If the number of examiners relative to the technical art unit’s current workload is

large, the granting examiner is less likely to participate in the opposition proceeding. The availability

of examiners depends inter alia on recent recruitment efforts, retirement, maternity leave, sick leave,

and vacations. Staff shortages at the time of opposition assignment induce the granting examiner

to become indispensable for the opposition proceeding.20

We provide evidence on the correlation between the examiner participation rate and capacity

constraints at technical art unit level in Appendix Table C-1.21 Controlling for a full set of technical

art unit and time fixed effects, concurrent capacity constraints are positively associated with the

examiner participation rate.22 We conclude that examiner participation is plausibly exogenous to

the focal patent and shows the necessary continuous variation within cohorts and technology areas

18Confirmation bias refers to psychological processes related to "seeking out, interpreting, and preferentially recalling
information or generating arguments supportive of one’s current beliefs” (Benjamin, 2019, p. 154).

19Consistency is a fallback heuristic that eases decision making. The commitment to a first opinion can lead to a
neglect of new and challenging information (Falk and Zimmermann, 2018). In professional contexts, people may also
have a preference to stick to their prior decision as inconsistent behavior may signal low levels of skill and reliability (Falk
and Zimmermann, 2017).

20Appendix Figure C-1 provides evidence for this. The average participation rate is well above 60% before 2003, but
then declines to an average rate of about 55% with increasing variation between technology areas. This drop is caused by
a sharp increase in the number of examiners eligible to participate in opposition proceedings due to a large-scale training
and promotion effort at the EPO.

21We measure capacity constraints by the share of patent applications whose search report was not completed before
the first publication 18 months after priority filing. See Haeussler et al. (2014) for details.

22Notably, capacity constraints at the technical art unit before (and after) the appointment of the opposition division
have a considerably weaker effect on the examiner participation rate, which supports the notion that temporal staff
shortages drive the decision to appoint the granting examiner to the opposition division (see Appendix Figure C-2).
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to serve as an instrument.

A random instrument could still violate the exclusion restriction if the second stage outcome is

affected by the instrument through different paths than just the first stage. This would be the case if

the applicant can foresee examiner participation before the opposition outcome, providing her with

enough time to adjust her behavior accordingly. However, this can be ruled out as the composition

of the opposition division remains unknown to the parties until the oral hearing, which usually ends

in a decision on the case.23

5 Descriptive Statistics
We count about 54,000 opposed patents granted between 1993 and 2012.24 Two sample re-

strictions need to be mentioned. First, our sample is limited to oppositions with information on the

examiners involved in the grant and opposition decisions. This reduces our sample by about 17%

per year.25 Second, to mitigate truncation effects for more recently invalidated patents, we exclude

patents with a first decision after 2013. The main sample of analysis consists of 38,405 patents.

Since patent invalidation is ex ante uncertain and its benefits often difficult to internalize, po-

tential opponents may be reluctant to invest in a validity challenge. This public good problem is

most prevalent in complex technology fields and affects selection into post-grant opposition as well

as patent litigation (Harhoff et al., 2016; Lemley and Shapiro, 2005). This selection is visible in our

sample. Figure 1a plots the opposition rate of discrete and complex technology fields. About 8% of

all granted patents in discrete technology fields face opposition. In complex technology fields, the

opposition rate declines over time from about 6% in the early 1990s to 4%. To minimize the impact

of selection in our empirical analysis, we control for opponent characteristics and the complexity

of the respective technology field, and distinguish between follow-on innovation activities by the

opponent and those by other parties.

Figure 1b plots the distribution of the opposition outcomes over time. We find fairly equal shares

across the three possible outcomes. However, invalidations have seen a moderate increase over time,

whereas fewer patents survive opposition unscathed.

Although opposition positively correlates with patent value (Harhoff and Reitzig, 2004), our

23The applicant may also be able to foresee whether the examiner is part of the opposition proceeding if some examiners
never or always participate in the opposition proceeding. As examiner-specific participation rates are not concentrated at
zero and at one, this concern is unfounded (see Appendix Figure C-3).

24The cutoff in 1993 has pragmatic reasons. 1993 is the first year in which official documents list the members of the
opposition division, information that we need for our empirical strategy.

25The reasons for incomplete coverage of examiner information are outlined in Appendix Table I-1. We assume that
this selection has little relevance to our subsequent analysis. The fact that the excluded patents are equally distributed
over time supports this view (see Appendix Figure A-2).
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Figure 1: Time trends in oppositions
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Notes: The left-hand figure plots the share (in %) of oppositions among all granted EP patents over time and by main
technology area. The right-hand figure plots the shares (in %) of the three opposition outcomes over time in our sample.

sample shows substantial heterogeneity as measured by standard patent value indicators. For in-

stance, patent family size has a sample mean of 10.7 and a standard deviation of 11.9. Likewise,

the number of claims has a sample mean of 13.6 and a standard deviation of 10. The full set of

summary statistics of patent and opposition characteristics can be found in Appendix Table B-2.

Oppositions involve mostly corporate entities. About 94% of patentees and 97% of opponents

are for-profit firms (Appendix Table B-3).26 The distribution of the patentees’ countries of residence

mirrors the distribution among all granted patents. As EP patents affect primarily companies active

in Europe, the share of domestic opponents is higher in comparison (58% vs. 83%). We classify

patentee and opponent into different sizes based on firm-level data. The size distributions of paten-

tees and opponents are similar, with about 50% classified as large firms in each group.27 Patentees

and opponents also share a similar mean patent portfolio size (670 vs. 715).

6 Empirical Analysis

6.1 Econometric model and identification strategy

Our data on oppositions is a cross-section where the unit of observation is the unique patent p.

Our basic empirical specification is

log (Forward citationsp) = β1 Invalidatedp + β2 Triplesp + β3 Patentp + β4 Patenteep

+ β5 Opponentp + β6 Agep + β7 Yearp + β8 Techp + εp.

26On average, about 1.2 parties represent the validity challenging side. We account for cases with more than one
opponent in our subsequent empirical analysis.

27The size categories are drawn from firm-level data in ORBIS IP. They follow the division of the European Commission,
which considers the number of employees, annual turnover and total assets.

15



The coefficient β1 captures the effect of invalidation on subsequent forward citations the op-

posed patent receives. If patents have a positive or no impact on follow-on innovation, we would

expect β1 ≤ 0. Vice versa, a finding of β1 > 0 would suggest that patents block follow-on inno-

vation. The dependent variable captures the number of forward citations within the first five years

after the opposition outcome. Here, we distinguish between forward citations by patents held by the

opponent and (non-involved) third parties. We include the number of triples as a measure of com-

plexity, as well as several patent characteristics (incl. the number of claims and 3-year pre-citations).

Moreover, we add patentee and opponent characteristics as described in Section 4.3. We further add

patent age, grant year, decision year, and technology field fixed effects.

As previous studies have illustrated, our main empirical challenge is the endogeneity of the

opposition division’s decision to invalidate the patent. More valuable inventions may lead to more

forward citations, but may also induce the patentee to heavily defend the patent (cf. GS2015).

This negative correlation, biasing the OLS estimate of β1, renders this specification inappropriate

to estimate causal effects. To address this endogeneity, we need an instrument that affects the

likelihood of patent invalidation, but does not explain citations, hence creating exogenous variation

in patent invalidation.

We construct our instrument around the participation of the granting examiner in the opposition

proceeding. Following the assumption that the granting examiner is more likely to reaffirm the

patent’s validity, her participation should lower the probability of invalidation. To verify this, we

regress “Invalidated” on the “Examiner participation” dummy and all other exogenous variables x,

Prob (Invalidatedp) = Φ (γ1Examiner participationp + γxp)

→ Predicted probability of invalidationp . (6.1)

We find strong evidence that examiner participation indeed has a negative effect on the opposi-

tion outcome (p-value < 0.001). Next, we predict the probability (propensity score) of invalidation

for each observation. We then apply standard Two-Stage Least Squares (2SLS) regression analysis,

instrumenting the opposition outcome with the predicted probability, 28

Invalidatedp = α1 Predicted probabilityp +αxp + up

log (Post citationsp) = β1
ÛInvalidatedp +βxp + εp . (6.2)

In our heterogeneity analyses, we interact the endogenous "Invalidated" variable with exogenous

covariates (i.e., triples count and patentee size). These interactions need to be treated as separate

28The resulting estimator is asymptotically efficient in the class of estimators where the instrumental variables are
functions of all exogenous variables (Wooldridge, 2010, p. 939, Procedure 21.1).
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endogenous variables that require their own instrumental variable (Wooldridge, 2010). To this end,

we use the interactions between the respective exogenous covariate and the predicted probability

of invalidation as valid instruments.

In Table 2, we report the results of the probit regressions of invalidation on the examiner partic-

ipation dummy. The estimated marginal effect in column (1) indicates that examiner participation

is associated with a decrease of about 7.2 percentage points in the likelihood of invalidation. This

decrease is also found when we add a reduced set of controls29 in column (2), a wider set of controls

that was determined by a Lasso model in column (3), and the full set of control variables in column

(4). Examiner participation is associated with a highly significant decrease of about 4.6 percentage

points in the probability of invalidation with practically no difference between the three models.

The model in column (4) will be used to obtain the predicted probabilities of invalidation in the

following analysis.

While the exogeneity condition of our instrumental variable is untestable, we will briefly sum-

marize a range of tests that strongly suggest the variable’s randomness (see Appendix C for further

results and additional discussion). First, we test whether particular technology subfields or examiner

characteristics explain the correlation between examiner participation and the opposition outcome.

To this end, we run the specification in column (4), and extend the set of controls to more fine-

grained ipc4 technology subclass fixed effects (>500) in column (5) and ipc4 technology subclass ×

opposition outcome year fixed effects (>4,000). Adding these fixed effects has virtually no effect on

the coefficient of “Examiner participation” (−0.046 vs. −0.044 and −0.042). Moreover, we run the

specification in column (4) with granting examiner fixed effects (>3,000) and granting examiner

× year fixed effects (>8,000). Note that in the latter specification, identification relies solely on

variation in participation within one year and one examiner. Still, the coefficient of “Examiner par-

ticipation” on the opposition outcome remains remarkably stable (−0.044 and −0.040) with no loss

of statistical significance.30 The same holds if we exchange the examiner fixed effects with patentee

(or opponent) fixed effects (see Appendix Table C-2).

Second, we provide a conditional mean comparison of patent characteristics with respect to the

opposition outcome and examiner participation (see Appendix Tables C-3 and C-4). Invalidation

is highly correlated with several patent characteristics commonly used as value proxies.31 This

underlines the necessity of an instrumental variables approach. In contrast, patents with and without

29The reduced set of controls is similar to the one used in GS2015.
30Note that the specifications with high-dimensional fixed effects in columns (5) to (8) cannot be run efficiently with

non-linear models and are therefore not suited to predict the probability of invalidation.
31In particular, invalidated patents have larger patent families, a larger share of PCT applications, more inventors,

more claims, more references and more 3 year forward citations than non-invalidated patents.
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Table 2: Examiner participation and opposition outcome

(1) (2) (3) (4)
Dependent variable Invalidated (d) Invalidated (d) Invalidated (d) Invalidated (d)
Covariates None Reduced Lasso Full

Exam. participation (d) −0.072∗∗∗ −0.045∗∗∗ −0.046∗∗∗ −0.046∗∗∗

(0.005) (0.005) (0.005) (0.005)
Year effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Age effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗

Technology effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ Yes∗∗∗

Model degrees of freedom 1 90 113 118
χ2-statistic 237.0 1,590.1 2,134.8 2,135.2
Pseudo-R2 0.005 0.036 0.060 0.060
Observations 38,405 38,405 38,405 38,405

(5) (6) (7) (8)
Dependent variable Invalidated (d) Invalidated (d) Invalidated (d) Invalidated (d)
Covariates Full Full Full Full
Additional FEs IPC4 subclass IPC4 subclass×year Examiner Examiner×year

Exam. participation (d) −0.044∗∗∗ −0.042∗∗∗ −0.044∗∗∗ −0.040∗∗∗

(0.005) (0.005) (0.006) (0.009)
Year effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Age effects Yes∗∗ Yes∗∗ Yes∗∗∗ Yes∗

Technology effects No No Yes∗∗∗ Yes
Patent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patentee characteristics Yes∗ Yes∗ Yes∗ Yes
Opponent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Model degrees of freedom 620 4,645 2,706 8,800
Adjusted-R2 0.064 0.075 0.075 0.086
Observations 38,365 36,406 37,558 30,016

Notes: The probit regressions in columns (1) to (4) and the high-dimensional fixed effects linear regressions in columns
(5) to (8) illuminate the relevance of the “Examiner participation” dummy for the outcome of the opposition proceeding.
The specification in column (2) resembles the main specification in GS2015. The specification in column (3) is the outcome
of a penalized regression approach ("Lasso") that selects covariates by shrinking some regression coefficients to zero. The
selection of the optimal value of the Lasso regularization parameter is based on the Akaike information criterion. Appendix
Figure C-6 plots the Lasso coefficient path of "Examiner participation." The invalidation predictions of the probit regression
in column (4)—or equivalent predictions for subsamples and other citation measures—are used as the instrument in the
2SLS instrumental variables regressions throughout the paper. One is added to all citation variables before taking the loga-
rithm to include patents with no forward citations. A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

examiner participation do not differ systematically.

Third, we explore non-linear relationships between patent value indicators and examiner partici-

pation. To this end, we run nonparametric regressions with examiner participation as the dependent

variable and decile bins of the patent value indicator.32 We add controls for the patent’s technology

field and opposition outcome year. We find no significant correlation between the patent value in-

dicator bins and examiner participation despite a considerable correlation with patent invalidation.

32See Appendix Tables C-5.
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We illustrate the lack of any systematic relationship between one patent value indicator (patent

claims) and examiner participation in binned scatter plots (see Figure 2).33 The lack of correlation

with examiner participation stands in stark contrast to the visible correlation between the number

of patent claims and patent invalidation.

Figure 2: Patent claims and examiner participation / patent invalidation (binned scatter plots)
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Notes: This figure plots the means of “Examiner participation” (“Patent invalidation”) along the distribution of “Claims” in
40 bins. The disaggregated level of observation is the opposed patent. The black lines indicate the respective residualized
mean of “Examiner participation” (“Patent invalidation”). The dashed lines depict quadratic fitted curves. Controls for
technology field and opposition outcome year included.

Finally, we test whether there are systematic differences in the citation trends between patents

with examiner participation and those without. For this purpose, we convert our cross-sectional

dataset to a panel where we observe the annual citations of a patent up to 10 years before and after

the opposition decision. Event study results show that the annual forward citations in both patent

groups have a common trend before the opposition outcome.

6.2 Main result

In Table 3, we examine how patent invalidation affects follow-on innovation. Columns (1) to

(3) show OLS regressions of the log-transformed number of forward citations by patents held by

others (i.e., excluding the focal patentee) within five years after the opposition outcome on the

invalidity dummy and different sets of control variables. The estimated effect of patent invalidation

on forward citations is insignificant and close to zero.

In contrast, turning to the 2SLS instrumental variables regressions in columns (4) to (6), we

find a highly significant positive effect on forward citations. The estimated coefficient in column (6)

implies that patent invalidation increases forward citations in the five years following the opposition

33Scatter plots with other patent value indicators can be found in Appendix C.
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Table 3: Impact of invalidation on forward citations

(1) (2) (3) (4) (5) (6)
Estimation method OLS OLS OLS IV IV IV
Dep var: log(CitEPPost5. . . ) Other Other Other Other Other Other
Covariates None Reduced Full None Reduced Full

Invalidated (d) −0.001 0.001 −0.005 0.069∗∗∗ 0.254∗∗∗ 0.195∗∗∗

(0.006) (0.006) (0.006) (0.024) (0.038) (0.066)
log(No of claims) 0.080∗∗∗ 0.066∗∗∗ 0.069∗∗∗ 0.059∗∗∗

(0.004) (0.004) (0.005) (0.005)
log(CitEPPre3Other) 0.160∗∗∗ 0.130∗∗∗ 0.157∗∗∗ 0.128∗∗∗

(0.006) (0.006) (0.006) (0.006)
log(CitEPPre3Self) 0.055∗∗∗ 0.016∗∗ 0.054∗∗∗ 0.016∗∗

(0.007) (0.007) (0.007) (0.007)
log(Triples) 0.028∗∗∗ 0.028∗∗∗

(0.006) (0.006)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes Yes No Yes Yes
Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ No No Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Underidentification test 2,561.6 1,268.0 248.2
Weak identification test 3,114.4 1,488.0 497.4
Endogeneity test 9.349 46.979 8.857
p-value 0.002 0.000 0.003
Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP citations to patents held by other parties than the focal patentee in a 5-year window following the decision of
the opposition proceeding. The reduced set of covariates resembles the set in the main specification of GS2015. One
is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

outcome by about 20%. The instrument explains a sizable part of the variation in patent invalidation,

underlined by the first stage heteroskedasticity-robust F -statistic of almost 500—a value that easily

exceeds the Stock and Yogo (2005) critical values for weak identification tests.

The discrepancy between the OLS and the IV estimate is in line with the presumed endogeneity

of the opposition outcome and prior findings in the literature (GS2015). Apparently, there are omit-

ted variables that correlate with invalidation negatively, but with the number of forward citations

positively. This leads to a downward bias of the OLS estimate within our opposition sample.34 This

is supported by the results of the endogeneity test: the null-hypothesis of exogeneity can be rejected

with a p-value below 0.01.

34One example for such an unobservable would be the commercial potential of the patent. The patent’s commercial
potential is known to the patentee, but remains unobservable to the econometrician. High commercial potential may not
only enhance the patentee’s efforts during opposition, but may also increase forward citations.
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This main effect is robust to alternative operationalizations of patent invalidation and follow-on

innovation. We find similar effects on forward citations when taking into account the appeal out-

come or when defining patent invalidation by the share of invalidated claims (Appendix Table E-1).35

Moreover, the effect of invalidation remains positive and significant when limiting the dependent

variable to forward citations with a higher standard of relevance.36 We can further corroborate the

positive effect on follow-on innovation by counting the number of subsequently filed patents with a

high text similarity to the opposed patent—irrespective of whether a forward citation links the two

patents or not (Appendix Table E-4).

The main effect is also robust to different calculations of the standard errors. In Table E-5, we

cluster standard errors at ipc4 technology class level (567 distinct clusters) and technology field

level (34 distinct clusters). We further calculate bootstrapped standard errors.37 Robust, clustered,

and bootstrapped standard errors are quantitatively very similar, leading to identical conclusions

concerning the significance levels of the invalidation coefficient.

The timing of the invalidation effect suggests that a true change in follow-on innovation underlies

the increase in forward citations. Appendix Figure A-3 plots the IV estimate of invalidation on

forward citations for each year after the opposition outcome separately.38 Significant coefficients of

invalidation are only found starting from the third year after the opposition outcome. This time lag

supports the interpretation that the increase in forward citations is due to a change in innovation

activity rather than citation behavior, which one would expect to see setting in immediately.39

Finally, we can rule out that the increase in forward citations is driven by marginal follow-on

innovations. Marginal inventions are of little commercial value, decreasing the chance that a licens-

ing agreement would result in a positive joint-surplus given potential rent dissipation effects and

transaction costs. If this is the case, accounting for invention value in the dependent variable should

reduce the invalidation effect. We therefore weight each forward citation by the citing patent’s fam-

ily size (Appendix Table E-6). Instead of finding a smaller effect of patent invalidation, we find a

35We consider patents that lose a smaller number of claims relative to the median of all amendments are treated as
remaining valid. Using the share of invalidated claims as a non-binary treatment variable in the second-stage gives a
similar estimate.

36We exclude forward citations suggested by the patent applicant but not confirmed up by the examiner (Appendix
Table E-2). The effects are very similar and highly significant. We then limit the forward citations to XY citations, i.e., those
labeled during examination as potentially novelty destroying (Appendix Table E-3). Here, the coefficient of invalidation
remains significant, but is smaller in magnitude.

37The bootstrapping procedure includes both the probit invalidity probability prediction stage and the subsequent 2SLS
instrumental variable estimation.

38We deal with the overdispersion in the dependent variable by replacing the number of forward citations with a
dummy that indicates whether or not a patent has been cited in the respective year.

39At the same time, the time lag also attenuates the potential concern that the effect is mainly driven by the examiners’
increased attention and memory for invalidated patents when searching prior art for subsequent inventions.
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larger one: forward citations increase by about 35%. This suggests that, if anything, the additional

follow-on innovations are of higher value.40

6.3 Marginal treatment effect

We explore whether the effect of patent invalidation on follow-on innovation differs within the

sample of opposition patents. For this purpose, we estimate the marginal treatment effect (MTE) of

invalidation on forward citations for patents that are invalidated because of the instrument.41 This

applies to patents within the range of common support, which ranges from a predicted probability

of invalidation of about 0.35 to 0.95 (see Figure 3a).

In Figure 3b, we plot the estimates of the MTE (dark blue line) and the weighted MTE (light blue

line) against the predicted probability of invalidation, which can also be described as the unobserved

resistance to treatment. The estimates emerge from patents that are at the margin to get invalidated

despite their predicted probability of invalidation based on observables. The mean of the weighted

MTE (light blue dashed line) is close to our 2SLS coefficient, which indicates that the MTE curve is

well-specified.

Figure 3: Common support and marginal treatment effect
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Notes: The MTE is calculated based on the specification in Table 3, column (4). The linear IV effect estimated by 2SLS
is very similar to the average effect obtained when applying the IV weights to the MTE curve, which indicates that the
functional form of the MTE curve is well specified.

The estimated MTE curve embodies two results. First, the MTE is largest for patents with a

high unobservable resistance to treatment. The same pattern is found in GS2015, who argue that

40We can also rule out that the increase happens at the intensive margin only; i.e., the increase in forward citations is
driven by a constant number of follow-on innovators. To this end, we limit our count of forward citations to the first of
each unique follow-on innovator within the respective time frame. The results are very similar to the ones in our main
section (see Table E-7).

41Patents whose invalidation status can be changed by the instrument are also known as “complier” observations (Im-
bens and Angrist, 1994). Tables C-6 and C-7 explore the size and the characteristics of the complier patent subpopulation.
Depending on the (binary) instrument, complier patents are estimated to constitute a share of around 6% to 20% of the
patent population. The composition of the complier subpopulation is found to be very similar to the composition of the
entire sample with respect to a diverse range of characteristics.
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a high unobservable resistance may reflect certain aspects about the patent that are known to the

patentee, but not to a potential licensee, such as the legal quality of the patent. While the potential

licensee expects that the patent is of low legal quality (i.e., likely invalid), the patentee knows that

it is actually quite robust. This information asymmetry between the two parties may contribute to

bargaining failure. The invalidation of these blocking patents then increases follow-on innovation.

Second, the MTE turns negative for patents with a low resistance to invalidation (i.e., a low

predicted probability of invalidation). If we assume a uniform distribution of patents along the

predicted probability of invalidation (instead of the actual left-skewed distribution), the average

MTE turns negative. We understand this as indicative evidence that the local average treatment

effect (LATE) estimated in our opposition sample overstates the average treatment effect (ATE) in the

population of patents. This follows from the fact that most observables that predict invalidation also

predict selection into opposition (i.e., patent value indicators). Based on this result, we tentatively

argue that patents with a low predicted probability of invalidation are more representative of the

population. This argument should be taken with caution, however, as it disregards unobservable

aspects that may co-determine selection into opposition. Nonetheless, the negative MTE estimated

in the lower resistance range signals that the positive effect of invalidation on follow-on innovation

could be considerably smaller for the overall population of patents.

6.4 Heterogeneity

In this section we explore the heterogeneity of the invalidation effect. As outlined in Section

2 and particularly in the discussion of Table 1, we are guided by the view that pre- and post-

invalidation frictions produce different empirical patterns that can be studied to identify the cause

of the blocking effects.

Complexity of technology field

In Table 4, we split our opposition sample into two subsamples: patents within discrete tech-

nology fields (columns (1) to (3)) and patents within complex technology fields (columns (4) to

(6)). In columns (1) and (4), we re-estimate our main regression as used in Table 3 on the respec-

tive sample. The effect on follow-on innovation significantly differs between discrete and complex

technologies. The effect is considerably larger in discrete technologies than in complex technologies

(0.30 vs. 0.04).

In columns (2) and (5) of Table 4, we add an instrumented interaction term of the invalidation

dummy with the log number of triples in the patent’s technology field at the time of opposition. The

explanatory power of the interaction term is astounding: the coefficient is significantly negative in

23



both samples (−0.10 vs. −0.08). An increase of one standard deviation in the log-number of triples

surrounding the patent decreases the invalidation effect by about 0.16. As a result, the estimated

baseline effect of invalidation (with zero triples) increases in magnitude and becomes statistically

significant positive for not only the discrete but also the complex sample (0.70 vs. 0.40).

In columns (3) and (6) of Table 4, we modify the dependent variable and focus on forward

citations by follow-on innovators other than the opponent. As argued in Section 2, the opponent may

have initiated the validity challenge to gain FTO for her follow-on innovation activities. If the motive

to oppose a patent differs between technology fields, the inclusion of opponent forward citations may

complicate the comparability of the invalidation effects. Indeed, when excluding opponent forward

citations, the baseline estimates decrease in magnitude, especially in the discrete sample. However,

we still obtain significant positive baseline coefficients of invalidation on forward citations in each

sample (0.47 vs 0.33)—magnitudes that are statistically indistinguishable from each other. This

finding is robust to sample splits based on narrower definitions of complex technologies. Likewise,

this pattern is found in sample splits based on patent ownership concentration, and in technology

field subsamples (Appendix Table E-8). Controlling for triples eliminates differences in the baseline

invalidation effect between the samples, leading to a significant positive effect on forward citations

of similar magnitudes. This suggests that the triples count more accurately reflects the complexity

of the bargaining environment than a binary split by technology field.

Table 4: Impact of invalidation on EP citations – complexity of technology field

(1) (2) (3) (4) (5) (6)
Sample: All Discrete (N= 20,781) Complex (N= 17,624)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.298∗∗∗ 0.701∗∗∗ 0.471∗∗∗ 0.036 0.402∗∗∗ 0.329∗∗

(0.091) (0.130) (0.119) (0.111) (0.143) (0.132)
× log(Triples) −0.101∗∗∗ −0.093∗∗∗ −0.076∗∗∗ −0.073∗∗∗

(0.022) (0.020) (0.020) (0.019)

Underidentification test 166.5 160.4 160.4 74.4 75.9 75.7
Weak identification test 293.2 141.4 142.2 198.9 97.7 97.8

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the fo-
cal patentee (and the opponent, respectively). The classification of technology areas into discrete and complex follows
Von Graevenitz et al. (2013). One is added to all citation variables before taking the logarithm to include patents with
no forward citations. In each 2SLS regression the “Invalidated” dummy is instrumented with the corresponding proba-
bility predicted by a probit regression on the “Examiner participation” dummy and all other exogenous variables. The
underidentification and weak identification tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and
Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the
control variables can be found in Appendix Table B-5. Robust standard errors presented in parentheses. Significance
levels: * p<0.1, ** p<0.05, *** p<0.01.

To summarize, once we control with our triples measure for heterogeneous effects of patent in-
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validation by complexity (i.e., the likelihood of multiple upstream patentees with stakes in the tech-

nology), we find a significant positive baseline effect on follow-on innovation of at least 40%. Given

that this baseline effect reflects (counterfactual) environments where bargaining failure should be

less prevalent, rent dissipation emerges as the likely cause why upstream patentee and follow-on

innovators cannot agree on a licensing deal.

The negative effect of the triples interaction includes two opposing effects. First, the likelihood

of bargaining failure related to the focal patent becomes more likely with complexity, which should

increase the invalidation effect. Second, in addition to this pre-invalidation friction, complexity also

creates post-invalidation frictions that lower the effect on follow-on innovation. These latter frictions

imply that other upstream patents may still restrict FTO and hence block follow-on innovation.

This explains the negative net effect of the interaction without excluding bargaining failure as a

pre-invalidation friction that prevented coordination between the focal patentee and downstream

innovators in the first place.

Patentee size and follow-on innovator size

We further explore differential effects of patent invalidation by the size of the patentees and

follow-on innovators. For this purpose, we use the full sample and focus on forward citations by

other follow-on innovators excluding the opponent.

We first consider differences in the firm size of both the focal patentee and the follow-on inno-

vators. Table 5 column (1) concerns the size of the patentee. We find a considerably weaker effect

of invalidation on forward citations if the patentee is large. This result is robust to the inclusion of

the triples interaction (column (2)). We now turn to the follow-on innovators and explore poten-

tial heterogeneity in their responses to patent invalidation. To this end, we modify our dependent

variable and count forward citations by small and large follow-on innovators separately.42 Table 5

columns (3) and (4) show the effects of invalidation on follow-on innovation by large and small

inventors. The effect on forward citations is stronger for large follow-on innovators than for small

ones (0.40 vs. 0.25).43

These findings are in line with pre-invalidation frictions due to bargaining failure, as small firms

cannot rely on more implicit licensing agreements without facing the risk of hold-up situations. At

the same time, this result speaks against rent dissipation as the source of the blocking effect. Firm

size usually correlates with vertical integration and market share. Large firms hence face larger rent

42This splits the overall number of forward citations into fairly equal shares (see Appendix Table B-4).
43These results are robust different thresholds of patentee size and to categorizing the size of the patentee and the

follow-on innovators based on their patent portfolio (Appendix Tables E-9 and E-10).
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dissipation effects and should be less willing to license out. In contrast, we find that the invalidation

effect is larger if the patent is held by a small firm. However, the ordering of the invalidation effect

is also consistent with post-invalidation frictions. Large follow-on innovators are more likely to gain

sufficient FTO from an invalidated patent. This is especially true when the respective patentee is

small. In contrast, small follow-on innovators gain sufficient FTO from an invalidation only when

the follow-on innovation builds on a small firm’s patented technology.

Table 5: Impact of invalidation on EP citations – firm size and market overlap

(1) (2) (3) (4)
Sample: All (N= 38,405)

DV: log(CitEPPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: All All Large Small

Invalidated (d) 0.173∗∗∗ 0.528∗∗∗ 0.401∗∗∗ 0.249∗∗∗

(0.065) (0.090) (0.060) (0.075)
× Large patentee (d) −0.218∗∗∗ −0.197∗∗∗ −0.108∗∗∗ −0.124∗∗∗

(0.044) (0.044) (0.032) (0.036)
× log(Triples) −0.084∗∗∗ −0.064∗∗∗ −0.040∗∗∗

(0.014) (0.010) (0.012)

Underidentification test 246.4 246.9 248.1 245.3
Weak identification test 248.8 162.8 162.8 163.2

(5) (6) (7) (8)
Sample: All (N= 38,405)

DV: log(CitEPPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: Euro No Euro Same Ind Diff Ind

Invalidated (d) 0.304∗∗∗ 0.314∗∗∗ 0.086∗∗ 0.498∗∗∗

(0.075) (0.061) (0.035) (0.086)
× Large patentee (d) −0.099∗∗∗ −0.115∗∗∗ −0.044∗∗ −0.166∗∗∗

(0.037) (0.031) (0.019) (0.042)
× log(Triples) −0.052∗∗∗ −0.049∗∗∗ −0.015∗∗∗ −0.079∗∗∗

(0.012) (0.010) (0.006) (0.013)

Underidentification test 246.3 249.5 246.3 247.2
Weak identification test 163.8 163.7 163.0 162.9

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the focal
patentee and the opponent, respectively. Patentee size and follow-on innovator size based on Orbis IP firm-level data.
Industry overlap defined by patentee and follow-on innovator sharing the same 3-digit primary NACE Rev. 2 industry code.
One is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

Market overlap

We also explore whether market overlap, in terms of geography and industry, increases or de-

creases the invalidation effect. In Table 5 columns (5) and (6), we distinguish between forward
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citations by domestic (European) innovators and those by foreign innovators. For either group of

follow-on innovators, we find a significant positive effect of similar magnitude (0.30 vs. 0.31). In

Table 5 columns (7) and (8), we distinguish between forward citations by innovators from the same

industry as the focal patentee and forward citations by innovators active in a different industry.44

The increase in follow-on innovation is largely due to follow-on innovators active in a different

industry than the patentee.

These results are again hard to align with rent dissipation as the main source of the blocking

effect. If downstream markets for a given technology are fragmented, the focal patentee should have

a higher propensity to license out. However, we find mostly follow-on innovators active in other

industries were not able to coordinate with the focal patentee. This rather suggests that bargaining

failure occurred—perhaps because coordination across industries is more likely to require explicit

contractual agreements instead of implicit cross-licensing agreements.45

6.5 Origin of the blocking effect

What causes the blocking effect of patents on follow-on innovation? The blocking effect could

be due to the threat of rent dissipation, which prevented the patentee from licensing out the up-

stream technology, or it could be due to bargaining failure. In either case, patent invalidation may

rekindle downstream inventive activity. We find differences in the invalidation effect depending on

the technological and competitive environment. However, the observed patterns do not allow us to

fully rule out one source of the blocking effect as we do not observe to what extent post-invalidation

frictions contribute to these differences.

As a matter of fact, all our results combined suggest that bargaining failure as well as rent

dissipation play a role in the blocking effect of upstream patents. For one, the pattern of the marginal

treatment effect suggests that information asymmetry, which makes bargaining failure more likely,

may cause the blocking effect. Additionally, the bargaining failure explanation finds indirect support

in the negative effect of triples on the invalidation effect: with multiple upstream patentees, licensing

frictions prevail even after patent invalidation. Finally, the increase in citations is confined to patents

held by small firms and to follow-on innovators in other industries. Under these market conditions,

rent dissipation effects should be less prevalent.

44We draw on the NACE Rev. 2 industry classification included in ORBIS IP. The NACE codes are a European Industry-
standard classification system with a 4-digit hierarchy. We consider follow-on innovators and patentees to be in the same
industry if they share the same first 3-digits. This splits the overall number of forward citations into fairly equal shares.
Using the modal 3-digit NACE class of the patent portfolio provides qualitatively similar results. To this end, we used the
NACE-ipc correspondence by Dorner and Harhoff (2018).

45Even here, it cannot be ruled out that post-invalidation frictions contribute to the heterogeneity: follow-on innovators
active in the patentee’s industry may face additional FTO restrictions that outsiders do not.
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However, some other findings can be best explained by rent dissipation. The baseline invalida-

tion effect with no triples, which can be understood as the effect of patent invalidation in a perfectly

discrete technology field, is significantly positive. In this environment, where single patented inven-

tions allow innovators to protect a product and the subject matter of licensing agreements can be

more clear-cut, transaction costs should be limited. It stands to reason that at least in these discrete

environments rent dissipation contributes to the blocking effect.

7 Replicating GS2015
GS2015 and our study share several findings: the overall positive effect of invalidation on for-

ward citations, the timing of the effect, the distribution of the MTE, and the direction of the endo-

geneity bias. However, GS2015 find that the effect is larger in complex than in discrete technology

fields. Moreover, they find that the strongest effect emerges when patents of large firms are invali-

dated.

At first sight, these heterogeneity results may seem difficult to align with our findings. Given

the commonalities between the two studies, we doubt that differences in the econometric setup, the

variable construction, or the geographical scope cause the divergences in the heterogeneity results.46

Instead, we suggest that the two studies use samples of patents which have been selected from the

population in very different ways. We first describe the selection mechanisms and then emulate

within our data a selection that provides results highly similar to those of GS2015.47

7.1 Post-grant opposition vs. patent litigation

Institutional differences

Patent litigation cases at the CAFC are overwhelmingly the consequence of infringement allega-

tions. In fact, more than 85% of all CAFC cases start with the patentee filing an infringement action

at one of the lower district courts (see Figure 4a). Hence, the underlying technology is already

commercialized in the product market. US patent litigation is notoriously expensive for both parties

(up to 5 million USD), so that most cases settle prematurely (∼ 90%). Given that CAFC cases are

appeals to prior decisions made by district courts, the litigated patents must be both particularly

valuable and particularly uncertain, to the extent that the litigants could not reach some form of

settlement beforehand despite years of legal trials and millions of dollars in litigation costs.

In contrast, opposition at the EPO is by design only possible if a third party proactively files the

case during the first 9 months after patent grant. Oppositions are predominantly understood as pre-
46In Tables US-1 to US-5, we can demonstrate that our findings are qualitatively similar when using US citations. This

largely rules out that patent office-specific citation behavior drives the effect.
47In Table D-1, we provide a detailed institutional and econometric comparison between GS2015 and our study.
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emptive validity challenges, where only a minority of patents are involved in parallel infringement

allegations. Hence, the patents do not necessarily protect technologies that have already reached

market maturity. Furthermore, institutional factors lead to a low settlement rate (∼ 10%). This

reduces selection in the opposition process, but also increases the heterogeneity of patents for which

we observe opposition outcomes. The comparatively low costs of opposition (up to 50,000 EUR

per party) work in the same direction. While some opposed patents may be considered extremely

valuable, the combination of low costs and few settlements makes the average patent in our sample

less valuable than the average patent in GS2015.48

Sample comparison

We provide empirical evidence for the differences in sample characteristics between opposition

and CAFC patents. To this end, we construct the GS2015 sample of CAFC patent litigation cases with

a decision between 1983 to 2008 based on curated information from the legal database Darts-IP.49

We compare CAFC patents and opposition patents in terms of several established proxies for

patent value and patent scope. A direct comparison is challenging given that the two samples come

from different jurisdictions (US and Europe) and differ in their age and technology composition.

We therefore compare each sample with a matched control group, where every patent is matched

to five randomly drawn granted patents that share the same jurisdiction, filing year, and technology

class (at ipc4 level). We standardize the mean differences between each sample and their respective

control group to account for dissimilar distributions.

We present the results of this comparison exercise in Figure 4b. Both opposition and CAFC

patents are more valuable than the comparison group (measured by mean differences of their fam-

ily sizes, citations, and value estimates based on abnormal returns at the time of patent grant).

However, CAFC patents stand out as even more valuable than opposition patents. Additionally,

CAFC patents are also much broader in scope and more diverse in their applications as suggested by

their considerably higher number of claims, number of ipc classes, and generality (which measures

the dispersion of citations across technology fields).50

In summary, patents in the opposition sample do not match the characteristics of patents in

the CAFC sample. The latter set consists of patents that seem to be on average significantly more

valuable and broader than opposition patents.

48For a detailed institutional comparison of US litigation and EPO oppositions, see Graham and Harhoff (2014).
49We identify 1,240 US patents with a CAFC decision on validity, which is 18 patents short of the GS2015 sample.
50The number of claims and ipc classes are often taken as a proxy for a patent’s scope (Lerner, 1994; Novelli, 2015).
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Figure 4: Characteristics of patent disputes (CAFC litigation vs. EPO opposition)

(a) Distribution of first action types (CAFC)
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Notes: The left-hand figure shows the distribution of cases by first action type and technology field (NBER technology
categories). Information on first action type collected from Darts-IP. The right-hand figure shows the relative mean dif-
ferences between EPO opposition/ CAFC patents and their matched control patents. Patents in each sample are matched
on year of (priority) filing and ipc4 technology class. Only granted patents considered. The corresponding statistics are
reported in Appendix Table D-2. 95% confidence intervals shown.

7.2 Results of emulating the GS2015 selection

To replicate the invalidation effect on forward citations in discrete and complex technologies

found in GS2015, we focus on subsets of our opposition sample that mirror the characteristics of the

CAFC sample. First, we estimate the invalidation effect based on only those opposition patents that

were also part of an infringement dispute. Second, we estimate the invalidation effect on subsets

with increasing thresholds in the number of claims.

We create the infringement sample by matching the opposition patents to infringement disputes

filed before courts in any European jurisdiction or—via their patent family—before US courts.51

Altogether, we link 2,369 patents to infringement disputes (6% of the sample). In this infringement

sample, we find a significant post-invalidation increase in forward citations (by others) in complex,

but none in discrete technology fields (Figure 5). These results mirror the ordering of the effects for

complex and discrete technology fields in GS2015.

We further examine how the effect size of invalidation in complex and discrete technology fields

varies for patents above a given percentile in the patent claims distribution. Narrowing the sam-

ple unavoidably decreases the precision of the estimates. Notwithstanding this, we find an almost

monotonic increase in the invalidation effect in complex technologies whereas the effect in discrete

technologies remains constant (Figure 5). A sample based on patents in the 95th percentile of the

claims distribution yields invalidation effects with magnitudes that are practically identical to the

ones in GS2015.

51For this purpose, we match patents with litigation data from Cremers et al. (2017) and Darts-IP.
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Figure 5: Impact of invalidation on EP citations – subsample analysis
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Notes: The figure plots the point estimates and 90% confidence intervals for the invalidation coefficient on other for-
ward citations in various subsamples. The claims samples are restricted to patents that have at least as many claims as
the respective percentile. The claims distribution is stratified by technology area and decade to account for time- and
technology-specific variation. The corresponding regression results can be found in Appendix Table D-3 (infringement
sample) and in Appendix Table D-4 (claims samples).

What explains the increase in the invalidation effect in complex technology fields for these two

subsamples? Our response needs to be speculative. However, we argue (in the spirit of our frame-

work) that the CAFC selection singles out particularly valuable and particularly broad patents where

invalidation changes the FTO status of many follow-on innovators substantially, and that this leads

to a stronger response in complex than in discrete technologies.

First, obtaining FTO through other strategies than litigation may be particularly challenging

for CAFC patents: inventing-around is difficult (i.e., costly) given their broad scope, and licensing

negotiations are more prone to fail due to the patents’ uncertain validity and scope.

Second, the invalidation of these patents creates a substantial increase in FTO. Infringement dis-

putes concern upstream technologies that are commercialized on the product market by the alleged

infringer. This suggests that coordination with other patentees is not necessary or has been success-

ful, and complementary assets are not held solely by the patentee. As a result, post-invalidation

frictions should play a smaller role in these contexts than in the context of opposition.

Third, if post-invalidation frictions are small, the invalidation of patents in complex technolo-

gies leads to a stronger response in follow-innovation than in discrete technology fields. Industries

characterized by complexity typically include a large number of downstream players that poten-

tially benefit from access to the upstream technology. Conversely, in discrete industries, where scale

economies may be particularly important, the number of beneficiaries is likely small. High-profile
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patents in complex fields may also cover inventions with multiple applications (e.g., IT-related in-

ventions). Upon invalidation of such patents, follow-on activities may be taken up by multiple

innovators in different product markets and industries.

8 Conclusion
Scholars have argued that the blocking effect of patents becomes visible to the extent that follow-

on innovation increases after patent protection on a given upstream technology is lost or weakened.

However, this empirical conclusion is contingent on an important premise: namely, that follow-on

innovators gain FTO when the patent in question is removed. Once we control for post-invalidation

frictions, we find that patent invalidation indeed increases follow-on innovation. This suggests that

patents can block cumulative innovation and that potential follow-on innovators fail to find licens-

ing agreements with upstream patentees. The reasons why licensing does not take place seem to be

caused by either bargaining failure or rent dissipation, depending on the technological and compet-

itive environment.

Our theoretical framework allows us to resolve apparent contradictions between earlier studies

on cumulative innovation. Studies with large-scale changes in the IP and competitive landscape

(Moser and Voena, 2012; Williams, 2013) find an increase in follow-on innovation, even in fields

(chemistry) where transaction costs are low. In contrast, studies that exploit the removal of individ-

ual patents—while other upstream patents and complementary assets may still restrict FTO—find

either no increase (Sampat and Williams, 2019) or locate the increase solely in distant industries

(Watzinger et al., 2020). We suggest that rent dissipation may be a likely explanation for the first,

and FTO-related arguments the key to understanding the second set of results.

The patent system serves several functions: it incentivizes innovation, facilitates knowledge

spillovers, and promotes the division of inventive labor. However, under some conditions, it may

also impede follow-on innovation. Our study does not allow us to evaluate whether the overall

patent system is conducive to cumulative innovation. However, our results may be informative

about policies raising the bar of patentability and understanding the function of post-grant review

and litigation systems. In these contexts, validity challenges have been primarily seen as a remedy

for undue market power in product markets. We argue that these institutions also create space for

follow-on innovation: they serve a valuable purpose in alleviating frictions in markets for technology.
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A Additional Figures

Figure A-1: Distribution of triples in discrete and complex technology areas

(a) 1993-2000

0

.1

.2

.3

Fr
ac

ti
on

0 2 4 6 8
log(Triples)

Complex
Discrete

(b) 2001-2013

0

.1

.2

.3

Fr
ac

ti
on

0 2 4 6 8
log(Triples)

Complex
Discrete

Notes: The left-hand figure shows... The right-hand figure shows... The level of observation is the opposition patent.
Year refers to grant year of the respective opposition patent.

Figure A-2: Annual number of opposed patents and sample rate

0

20

40

60

80

100

Sh
ar

e 
in

 s
am

pl
e 

(%
)

0

1000

2000

3000

4000

N
um

be
r 

of
 o

pp
os

it
io

ns

1995 2000 2005 2010
Year of grant

All oppositions Share in sample

Notes: This graph includes all opposition proceedings (at the patent level) with grant date between 1993 and 2011. The
low sample rate in the first year is due to the fact that the EPO introduced the grant document type that contains examiner
names only in mid of 1993. The used sample includes oppositions with outcome after 2011.
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Figure A-3: Timing of the invalidation effect
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Notes: Blue points depict the coefficients of invalidation resulting from IV regressions for each year after opposition
outcome, where as the dependent variable we use a dummy citation variable indicating whether or not a patent has been
cited in the respective time span. The usual independent citation control variables (Pre3Self and Pre3Other) are also
replaced by dummies. Error bars show the corresponding lower and upper 95% confidence limits. The significance levels
are indicated by stars below each parameter estimate.
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B Additional Tables

Table B-1: Prior empirical studies on patents and cumulative innovation

Study Dependent variable Identification Technology Patents

Patent grant
Murray and Stern (2007) Scientific citations DiD estimation Biotech 169
Huang and Murray (2009) Scientific citations DiD estimation Biotech 1,279
Sampat and Williams (2019) Scientific/patent citations IV (examiner fe) Biotech 1,545
Patent invalidation
Galasso and Schankerman (2015) Patent citations IV (judge fe) All 1,357
Compulsory licensing
Moser and Voena (2012) Patents DiD estimation Chemistry 130,000
Watzinger et al. (2020) Patent citations DiD estimation IT 4,509

Notes: DiD = difference-in-differences; fe = fixed effects (or similar).

Table B-2: Patent and opposition characteristics

Variable Mean SD Min Max

Patent characteristics
Self forward citations (3 yrs after filing) 0.39 0.98 0 19
Other forward citations (3 yrs after filing) 0.81 1.74 0 82
Other (w/o opp) forward citations (3 yrs after filing) 0.68 1.61 0 79
Self forward citations (5 yrs after decision) 0.15 0.56 0 19
Other forward citations (5 yrs after decision) 0.80 1.43 0 32
Other (w/o opp) forward citations (5 yrs after decision) 0.70 1.30 0 25
Age of patent (yr) 8.94 2.56 3 26
Docdb family size 10.73 10.94 1 269
No of applicants 1.07 0.31 1 13
No of inventors 2.64 1.79 1 21
No of claims 13.59 10.09 1 329
No of IPC classifications 2.63 2.35 1 50
Patent backward references 4.98 2.94 0 57
PCT application (d) 0.45 0.50 0 1
Year of first filing 1996.37 5.25 1978 2009
Year of grant 2002.13 5.15 1993 2012
Examined in Munich (d) 0.81 0.39 0 1
Duration filing to examination (yrs) 1.77 1.27 0 19
Duration of examination (yrs) 3.99 1.87 0 16
Accelerated examination (d) 0.12 0.32 0 1
Opposition proceeding
Number of opponents 1.22 0.62 1 18
Examiner participation (d) 0.58 0.49 0 1
Year of first outcome 2005.30 5.27 1994 2013
Outcome: valid (d) 0.29 0.45 0 1
Outcome: invalid (d) 0.71 0.45 0 1
Appeal 0.47 0.50 0 1
Outcome reversed 0.08 0.27 0 1

Observations 38,405

Notes: This table presents characteristics of the patent and opposition proceeding at the level of opposition cases.
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Table B-3: Characteristics of patentee and opponent

Patent holder Opponent
Mean SD Min Max Mean SD Min Max

Sector
Corporate (d) 0.94 0.24 0 1 0.97 0.17 0 1
Country of residence
EU (d) 0.58 0.49 0 1 0.83 0.38 0 1
GB (d) 0.04 0.20 0 1 0.04 0.20 0 1
US (d) 0.23 0.42 0 1 0.10 0.30 0 1
JP (d) 0.11 0.32 0 1 0.02 0.14 0 1
RoW (d) 0.03 0.16 0 1 0.01 0.10 0 1
Size
Small (d) 0.23 0.42 0 1 0.26 0.44 0 1
Medium (d) 0.23 0.42 0 1 0.22 0.42 0 1
Large (d) 0.54 0.50 0 1 0.51 0.50 0 1
Patent portfolio size 670.97 1574.85 0 14007 714.55 1651.78 0 14007

Observations 38,405 38,405

Notes: This table presents characteristics of the patentee and the opponent at the level of opposition cases. In case of
multiple patentees or opponents, we give preference according to the ordering of sector, country of residence, and size.
Size categories are drawn from firm-level data in ORBIS. Patent portfolio size is the total number of EP patent applications
filed during the last five years prior to the opposition decision.

Table B-4: Characteristics of forward citations

Other forward citations (5 yrs after decision)
Mean SD Min Max

Publication authority
EPO 0.60 0.49 0 1
WIPO 0.40 0.49 0 1
Citation characteristics
XY citation 0.53 0.50 0 1
Citation lag (yrs) 10.99 2.83 4 26
Patent family size 6.41 6.18 1 268
Citing applicant
Corporate (d) 0.94 0.24 0 1
Age (in yrs) 16.60 9.91 -3 38
Country of residence
EU (d) 0.59 0.49 0 1
GB (d) 0.04 0.19 0 1
US (d) 0.23 0.42 0 1
JP (d) 0.09 0.29 0 1
RoW (d) 0.05 0.22 0 1
Size
Small (d) 0.26 0.44 0 1
Medium (d) 0.20 0.40 0 1
Large (d) 0.54 0.50 0 1
Patent portfolio size 738.19 1678.52 0 17416

Observations 36,314

Notes: This table reports the characteristics of the citing EP patents. The unit of observation is the citation. In case of
multiple citing applicants, we give preference according to the ordering of sector, country of residence, and size. Size
categories are drawn from firm-level data in ORBIS. Patent portfolio size is the total number of EP patent applications
filed during the last five years prior to the opposition decision.
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Table B-5: Groups of control variables

Group name Variables in group

Year effects Dummies for grant year
Dummies for opposition outcome year

Age effects Dummies for age in years

Technology effects Dummies for technology class (34)

Patent characteristics log(Number of claims)
log(1 + 3 yr self forward citations)
log(1 + 3 yr other forward citations)
log(1 + Triples)
Dummy for PCT application
Dummy for accelerated examination
Dummy for examination in Munich
Dummies for publication language
Family size
Number of IPC classes
Number of inventors
log(1 + Number of patent literature references)
Duration of examination
Duration of wait until examination

Patentee characteristics Number of applicants
Dummies for patent holder country
Dummy for patent holder corporation
Dummies for patent holder size (Orbis):

tertiles within technology: small – medium – large
Dummies for patent holder portfolio size (alt):

tertiles within technology: small – medium – large

Opponent characteristics Number of opponents
Dummies for opponent country
Dummy for opponent corporation
Dummies for opponent size (Orbis):

tertiles within technology: small – medium – large
Dummies for opponent portfolio size (alt):

tertiles within technology: small – medium – large
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C Instrumental Variable and Complier Analysis

Figure C-1: Annual rate of examiner participation in opposition proceeding
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Notes: This graph shows the annual rate of examiner participation in opposition proceedings by technology main area.

Figure C-2: Capacity constraints and examiner participation
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Notes: The graph depicts depicts the effects of quarterly capacity constraints on examiner participation at technical art
unit level (see Table C-1, column (3)). Error bars show the corresponding lower and upper 90% confidence limits.
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Figure C-3: Examiner-specific participation rates
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Notes: The graph shows the densities of participation rates at examiner level (simple and weighted). Examiners with
fewer than 10 observations excluded.

Figure C-4: Citation trends by examiner participation – event study
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Notes: This graph plots the point estimates of the interaction of examiner participation with binned year dummies from 10
years before to 10 years after the opposition outcome. The annual forward citations of patents with and without examiner
participation have a common trend up to the year of opposition outcome. The divergence in annual forward citations after
the opposition outcome is consistent with the relevance of examiner participation on invalidation: examiner participation
makes invalidation less likely, which in turn leads to relatively fewer forward citations in the years afterwards.
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Figure C-5: Patent characteristics by examiner participation and by patent invalidation
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Notes: This figure plots the mean of “Examiner participation” (“Patent invalidation”) and the mean of "Patent family size",
"EP patent citations (3yrs)" and "IPC classes" for 40 bins each. The black lines indicate the respective residualized mean
of “Examiner participation” (“Patent invalidation”). The dashed lines depict quadratic fitted curves. The disaggregated
level of observation is the opposed patent. Controls for technology field and opposition outcome year included.
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Figure C-6: Lasso coefficient paths for selected variables (DV: patent invalidation)
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Notes: This figure depicts the Lasso coefficient paths for several independent variables with the dependent variable
"Invalidated". Coefficient path plots show the path of the coefficients over the search grid for the Lasso penalty parameter.
"Examiner participation" enters as second variable overall and the coefficient size remains constant over the remaining
search grid.
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Table C-1: Examiner participation rate and technical art unit capacity constraints

(1) (2) (3) (4)
Dependent variable Exam. part. rate Exam. part. rate Exam. part. rate Exam. part. rate

Capacity constraint −0.042 0.584∗∗∗ 0.525∗∗∗ 0.427∗∗

(0.060) (0.091) (0.111) (0.214)
– 4 quarter lag 0.095

(0.170)
– 3 quarter lag −0.068

(0.191)
– 2 quarter lag −0.001

(0.213)
– 1 quarter lag 0.047

(0.204)
– 1 quarter lead −0.042

(0.224)
– 2 quarter lead 0.208

(0.229)
– 3 quarter lead −0.199

(0.233)
– 4 quarter lead 0.006

(0.240)
– 5 quarter lead 0.126

(0.202)
Tech unit effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Time effects No No Yes∗∗∗ Yes∗∗∗

Model degrees of freedom 1 32 81 90
Adjusted R2 0.000 0.197 0.288 0.286
Observations 1,481 1,481 1,481 1,481

Notes: This table explores the relationship between concurrent capacity constraints and examiner participation at the
technical art unit level. The level of observation is the technical art unit (32 in total) over time (calendar year quarters).
Capacity constraints are captured by the share of patent applications whose search report was not completed before the
first publication 18 months after priority filing (see Haeussler et al. (2014) for details). We link the measure of capacity
constraints to the quarter one year prior to the oral proceeding and opposition decision—the time when the technical art
unit’s director typically allocates the opposition file to the opposition division (see p. 26 of the EPO’s Quality Report 2016).
Columns (1) to (3) show the effect of the concurrent capacity constraints on the examiner participation rate. Column
(4) shows the effect of the capacity constraints variable with a set of lags/leads. Robust standard errors presented in
parentheses. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table C-2: Examiner participation and opposition outcome (patentee and opponent fixed effects)

(1) (2) (3) (4)
Dependent variable Invalidated (d) Invalidated (d) Invalidated (d) Invalidated (d)
Additional FEs Patentee Opponent Patentee×year Opponent×year

Exam. participation (d) −0.039∗∗∗ −0.041∗∗∗ −0.039∗∗∗ −0.041∗∗∗

(0.006) (0.006) (0.008) (0.007)
Year effects Yes∗∗∗ Yes∗∗∗ Yes Yes∗

Age effects Yes Yes∗ Yes Yes∗∗∗

Technology effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patent characteristics Yes∗∗ Yes∗∗ Yes∗ Yes∗∗

Patentee characteristics Yes∗ Yes No Yes
Opponent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ No

Model degrees of freedom 3,922 3,255 5,192 5,155
Adjusted-R2 0.087 0.094 0.101 0.090
Observations 30,266 31,727 20,336 23,853

Notes: The high-dimensional fixed effects linear regressions in columns (1) to (4) illuminate the relevance of the
“Examiner participation” dummy for the outcome of the opposition proceeding. One is added to all citation vari-
ables before taking the logarithm to include patents with no forward citations. A comprehensive list of the control
variables can be found in Appendix Table B-5. Robust standard errors presented in parentheses. Significance lev-
els: * p<0.1, ** p<0.05, *** p<0.01.

Table C-3: Differences between patents by opposition outcome

Dependent variable β(Invalidated) Std Err t p

Docdb family size 0.682∗∗∗ 0.103 6.601 0.000

PCT application (d) 0.024∗∗∗ 0.005 4.508 0.000

No of applicants −0.001 0.003 −0.359 0.719

No of inventors 0.096∗∗∗ 0.019 5.032 0.000

No of claims 1.267∗∗∗ 0.102 12.358 0.000

No of IPC classes 0.036 0.024 1.511 0.131

No of PL refs 0.161∗∗∗ 0.032 5.070 0.000

log(CitEPPre3Other) 0.036∗∗∗ 0.006 6.148 0.000

log(CitEPPre3Self) 0.013∗∗∗ 0.005 2.915 0.004

Notes: Results from OLS regressions of different patent characteristics on first opposition outcome and sets of indicator
variables for technology area, grant year and opposition outcome year. Each row shows the coefficient, the robust standard
error, the t-statistic, and the p-value of the indicator for invalidation. The two groups of patents differ significantly,
indicating the necessity of the instrumental variable approach. One is added to all citation variables before taking the
logarithm to include patents with no citations. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table C-4: Differences between patents by examiner participation

Dependent variable β(Ex. part.) Std Err t p

Docdb family size 0.009 0.121 0.079 0.937

PCT application (d) 0.008 0.005 1.428 0.153

No of applicants 0.002 0.004 0.616 0.538

No of inventors 0.044∗∗ 0.019 2.273 0.023

No of claims −0.079 0.114 −0.693 0.488

No of IPC classes −0.019 0.025 −0.768 0.442

No of PL refs −0.005 0.033 −0.157 0.875

log(CitEPPre3Other) 0.001 0.006 0.104 0.918

log(CitEPPre3Self) 0.004 0.005 0.919 0.358

Notes: Results from OLS regressions of different patent characteristics on the instrumental participation variable and sets
of indicator variables for technology area, grant year and opposition outcome year. Each row shows the coefficient, the
robust standard error, the t-statistic, and the p-value of the “Examiner participation” indicator. Patents with and without
participation of the granting examiner in opposition do not differ significantly. One is added to all citation variables before
taking the logarithm to include patents with no citations. Robust standard errors presented in parentheses. Significance
levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table C-5: Patent value indicators and examiner participation (non-parametric relationship)

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

Dependent variable Exam. part. (d) Invalidated (d) Exam. part. (d) Invalidated (d)

Independent variable Family size Family size Claims Claims

1.decile 0.000 0.000 0.000 0.000

(.) (.) (.) (.)
2.decile 0.007 −0.005 −0.001 0.015

(0.012) (0.012) (0.011) (0.011)
3.decile 0.017 0.003 0.001 0.030∗∗

(0.011) (0.011) (0.013) (0.013)
4.decile −0.007 0.008 0.006 0.031∗∗∗

(0.011) (0.011) (0.010) (0.010)
5.decile 0.015 0.021∗ 0.010 0.051∗∗∗

(0.012) (0.012) (0.011) (0.011)
6.decile 0.016 0.020∗ 0.009 0.059∗∗∗

(0.011) (0.011) (0.011) (0.011)
7.decile 0.019 0.017 −0.011 0.073∗∗∗

(0.013) (0.013) (0.011) (0.011)
8.decile 0.009 0.043∗∗∗ −0.009 0.077∗∗∗

(0.011) (0.011) (0.010) (0.010)
9.decile 0.014 0.037∗∗∗ −0.005 0.086∗∗∗

(0.012) (0.011) (0.011) (0.011)
10.decile 0.011 0.049∗∗∗ −0.001 0.102∗∗∗

(0.012) (0.011) (0.011) (0.010)

Model degrees of freedom 62 62 62 62

Adjusted-R2 0.096 0.026 0.096 0.029

Observations 38,405 38,405 38,405 38,405

Notes: The linear regressions in columns (1) and (3) illuminate the non-linear relationship between patent value in-
dicators and examiner participation in the opposition proceeding. The linear regressions in columns (2) and (4) illu-
minate the non-linear relationship of patent value indicators on the opposition outcome. Technology area (34) and
opposition outcome year fixed effects included. Robust standard errors presented in parentheses. Significance lev-
els: * p<0.1, ** p<0.05, *** p<0.01.
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Table C-6: LATE discussion – Complier shares

Binary instrument

Exam. part. p̂(Inv)< q(.25) p̂(Inv)< q(.5) p̂(Inv)< q(.75)

P(Invalidated) 0.7144 0.7144 0.7144 0.7144

P(Instrument = 1) 0.5800 0.2500 0.5000 0.7500

P(Complier) 0.0717 0.2058 0.1919 0.2010

P(Complier | Invalidated) 0.0422 0.2160 0.1343 0.0704

P(Complier | Not Inv.) 0.1457 0.1801 0.3358 0.5278

Notes: This table shows the share of complier patents in the full sample, P(Complier), the share among invalidated
patents, P(Complier | Invalidated), and the share among non-invalidated patents, P(Complier | Not Inv.), with respect to
different binary instruments. The first column uses the examiner participation indicator variable, the remaining columns
transform the probit-predicted invalidation probability instrument p̂ of Eq. (6.2) into binary instruments by splitting at the
25th, 50th, and 75th percentile, respectively. For the examiner participation instrument, the population share of compliers
lies at around 7.2%, which is comprised of a share of 4.2% for invalidated patents and 14.6% for non-invalidated patents.
Following the notation of Angrist and Pischke (2009, Section 4.4.4), we can write a patent i’s potential treatment status as
D1i when the instrument is Z = 1 and as D0i when Z = 0. “Complier” patents are then defined as those whose treatment
status is sensitive to the instrument, i.e., D1i = 0 (no invalidation) and D0i = 1 (invalidation) in the above context. In
a potential outcomes framework, the Wald estimand can be interpreted as a local average treatment effect (LATE) on
the subpopulation of compliers (Imbens and Angrist, 1994). They have to be distinguished from “always-takers” with
D1i = D0i = 1, and “never-takers” with D1i = D0i = 0. The calculations of this table rely, inter alia, on the monotonicity
assumption D0i ≥ D1i∀i, i.e., on excluding the existence of “defiers” with D1i = 1 and D0i = 0.

Table C-7: LATE discussion – Complier characteristics

Binary characteristic x E[x] E[x|complier] E[x|complier] / E[x] p(Ratio = 1)

DOCDB family size > 8 0.471 0.488 1.037 (0.069) 0.591

PCT application (d) 0.455 0.443 0.973 (0.069) 0.695

No of applicants > 1 0.060 0.027 0.448 (0.265) 0.037

No of inventors > 2 0.427 0.398 0.932 (0.075) 0.367

No of claims > 11 0.473 0.478 1.011 (0.067) 0.867

No of IPCs > 2 0.368 0.342 0.928 (0.087) 0.407

No of PL lit refs > 4 0.492 0.497 1.011 (0.067) 0.871

CitEPPre3Other > 0 0.390 0.390 0.999 (0.080) 0.988

CitEPPre3Self > 0 0.229 0.161 0.704 (0.119) 0.013

Notes: This table explores in how far the complier subpopulation differs from the full sample of opposed patents with
respect to a series of patent characteristics. Since the underlying calculation relies on characteristics being binary, count
variables are split at their indicated median. The first column indicates the share E[x] = P(x = 1) of patents with x = 1
in the entire population, the second column indicates the corresponding share E[x | complier] among complier patents.
The third column shows the relative likelihood that complier patents have the binary characteristic x indicated on the
left. The corresponding robust standard errors shown in parentheses are derived using seemingly unrelated estimation.
Most characteristics occur among complier patents with similar rates as in the full sample. Exceptions are the share of
patents with more than one applicant and the share of patents with self citations, both of which are lower among complier
patents with p-values below the 5% level. Compliers are defined as in the notes of Table C-6.
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Further discussion of instrumental variable

We discuss the instrument’s randomness and its adherence to the exclusion restriction. In Table

C-8, we show that common patent value indicators as well as characteristics of the patentee and

opponent do not show any systematic effect on examiner participation in the opposition proceeding.

This supports the view of EPO officials and patent attorneys that the participation or absence of the

granting examiner is independent of the opposed patent and beyond the influence of the patentee

or the opponent.

However, one legitimate concern is that the duration of examination or opposition may affect

the likelihood of examiner participation as well as follow-on citations. Examiner participation may

become less likely over time due to retirement, promotion, or career change events. Additionally,

accelerated examination requests release the examiner from further duties and provide her with a

free schedule to participate in the opposition proceeding.

In Tables C-9 and C-10, we present the main result based on samples that exclude particular

cases related to examination and opposition characteristics. We remove cases with accelerated ex-

amination, cases with particularly early/late examinations (relative to filing date) and cases with

particularly slow/fast examination. Moreover, we remove patents that were not examined at the

headquarter in Munich. Likewise, we exclude different quintiles of the overall sample based on the

length of opposition. All estimates are statistically indistinguishable from our main estimate.
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Table C-8: Probit regressions of instrumental dummy variable “Examiner participation” on patent,
patentee and opponent characteristics

(1) (2) (3) (4)
Dependent variable Exam. part. Exam. part. Exam. part. Exam. part.

log(No of claims) −0.032∗∗∗ −0.021∗∗∗ −0.004 −0.004
(0.004) (0.004) (0.004) (0.004)

log(CitEPPre3Other) −0.009∗ −0.009∗ 0.000 0.000
(0.005) (0.005) (0.005) (0.005)

log(CitEPPre3Self) 0.009 0.013∗∗ 0.010 0.011
(0.006) (0.006) (0.007) (0.007)

PCT application (d) −0.037∗∗∗ −0.001 −0.001
(0.006) (0.006) (0.007)

Docdb family size 0.000 0.000 0.000
(0.000) (0.000) (0.000)

log(Patent backward references) 0.001 −0.005 −0.006
(0.005) (0.006) (0.006)

log(No of inventors) 0.007∗ 0.009∗∗ 0.010∗∗
(0.004) (0.004) (0.005)

No of IPC classifications 0.007∗∗∗ 0.001 0.001
(0.001) (0.001) (0.001)

Accelerated examination (d) −0.016∗ 0.019∗∗ 0.019∗∗
(0.008) (0.008) (0.008)

Examined in Munich (d) 0.193∗∗∗ 0.089∗∗∗ 0.089∗∗∗
(0.007) (0.008) (0.008)

Publication language: German (d) 0.010 0.005 0.005
(0.010) (0.011) (0.011)

Publication language: English (d) 0.038∗∗∗ 0.017∗ 0.010
(0.010) (0.010) (0.011)

Duration of examination (yr) −0.014∗∗∗ 0.013∗∗ 0.013∗∗
(0.001) (0.006) (0.006)

Duration of wait (yr) −0.012∗∗∗ 0.018∗∗∗ 0.018∗∗∗
(0.002) (0.007) (0.007)

No of applicants −0.002
(0.009)

Applicant EU (d) −0.003
(0.014)

Applicant US (d) 0.008
(0.014)

Applicant JP (d) 0.017
(0.016)

Applicant RoW (d) 0.022
(0.020)

Corporate applicant (d) −0.016
(0.011)

Small applicant (d) −0.002
(0.008)

Large applicant (d) −0.006
(0.007)

No of opponents −0.003
(0.004)

Opponent EU (d) 0.016
(0.025)

Opponent GB (d) 0.008
(0.028)

Opponent US (d) 0.006
(0.026)

Opponent JP (d) −0.015
(0.032)

Corporate opponent (d) 0.012
(0.016)

Small opponent (d) −0.001
(0.008)

Large opponent (d) −0.004
(0.007)

Year effects No No Yes∗∗∗ Yes∗∗∗
Age effects No No Yes∗∗∗ Yes∗∗∗
Technology effects No No Yes∗∗∗ Yes∗∗∗

Model degrees of freedom 3 14 100 117
χ2-statistic 80.1 1,253.0 3,964.8 3,982.2
Pseudo-R2 0.002 0.025 0.083 0.084
Observations 38,405 38,405 38,405 38,405

Notes: This table shows probit regressions of the “Examiner participation” dummy on exogenous variables. One is added
to all citation variables before taking the logarithm to include patents with no citations. Robust standard errors presented
in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table C-9: Impact of invalidation on EP citations – exclusion of cases by examination characteristics

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

Dep var: log(CitEPPost5. . . ) Other Other Other Other Other Other

Excluded examinations Accelerated 40% earliest 40% latest 40% slowest 40% fastest not in Muc

Invalidated (d) 0.183∗∗ 0.192∗∗ 0.155∗ 0.258∗∗∗ 0.206∗∗ 0.200∗∗∗

(0.077) (0.085) (0.094) (0.083) (0.089) (0.077)
log(No of claims) 0.057∗∗∗ 0.057∗∗∗ 0.061∗∗∗ 0.052∗∗∗ 0.065∗∗∗ 0.060∗∗∗

(0.005) (0.007) (0.007) (0.006) (0.007) (0.006)
log(CitEPPre3Other) 0.125∗∗∗ 0.122∗∗∗ 0.135∗∗∗ 0.109∗∗∗ 0.154∗∗∗ 0.126∗∗∗

(0.006) (0.007) (0.008) (0.007) (0.008) (0.007)
log(CitEPPre3Self) 0.015∗ 0.011 0.024∗∗ −0.002 0.022∗∗ 0.020∗∗

(0.008) (0.009) (0.010) (0.009) (0.010) (0.009)
log(Triples) 0.029∗∗∗ 0.021∗∗∗ 0.029∗∗∗ 0.020∗∗∗ 0.032∗∗∗ 0.021∗∗∗

(0.006) (0.008) (0.007) (0.007) (0.008) (0.007)
Year effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Age effects Yes Yes Yes Yes Yes Yes

Technology effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patentee characteristics Yes∗∗ Yes∗∗∗ Yes∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗

Opponent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗ Yes∗∗∗

Underidentification test 165.3 210.5 98.8 157.0 153.8 182.4

Weak identification test 390.2 306.2 277.8 352.2 262.8 408.3

Observations 33,889 24,155 23,011 23,045 22,985 31,011

Notes: Columns (1) to (6) correspond to the 2SLS regression specification in Table 3, column (4). One is added to
all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS regression
the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on the
“Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table C-10: Impact of invalidation on EP citations – exclusion of cases by opposition duration

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

Dep var: log(CitEPPost5. . . ) Other Other Other Other Other

Excluded oppositions by length 1st quintile 2nd quintile 3rd quintile 4th quintile 5th quintile

Invalidated (d) 0.228∗∗∗ 0.200∗∗ 0.193∗∗∗ 0.200∗∗∗ 0.158∗∗

(0.079) (0.078) (0.070) (0.073) (0.072)
log(No of claims) 0.059∗∗∗ 0.057∗∗∗ 0.057∗∗∗ 0.058∗∗∗ 0.062∗∗∗

(0.006) (0.006) (0.005) (0.006) (0.006)
log(CitEPPre3Other) 0.119∗∗∗ 0.123∗∗∗ 0.128∗∗∗ 0.131∗∗∗ 0.141∗∗∗

(0.006) (0.006) (0.006) (0.007) (0.007)
log(CitEPPre3Self) 0.011 0.010 0.018∗∗ 0.025∗∗∗ 0.018∗∗

(0.008) (0.008) (0.008) (0.008) (0.008)
log(Triples) 0.023∗∗∗ 0.025∗∗∗ 0.028∗∗∗ 0.034∗∗∗ 0.030∗∗∗

(0.007) (0.007) (0.006) (0.006) (0.006)
Year effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Age effects Yes Yes Yes Yes Yes∗∗

Technology effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patentee characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗ Yes∗∗∗ Yes∗∗

Opponent characteristics Yes∗∗∗ Yes∗∗ Yes∗∗∗ Yes∗∗ Yes∗∗∗

Underidentification test 192.5 232.1 206.0 193.3 160.9

Weak identification test 342.3 368.7 431.8 411.4 415.1

Observations 30,746 30,715 30,738 30,704 30,712

Notes: Columns (1) to (5) correspond to the 2SLS regression specification in Table 3, column (4). One is added to
all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS regression
the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on the
“Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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D Replication Results

Table D-1: Institutional and econometric comparison with GS2015

GS2015 This study

Institutional context
Institution Court of Appeals for the Federal Circuit

(CAFC)
European Patent Office

(EPO)
Geographical jurisdiction United States EPC member states (Europe)
Patents Granted by USPTO Granted by EPO
Type of proceeding Civil proceeding Administrative proceeding
Timing of action No restriction Within first 9 months after patent grant
Initiator Patentee (82%)§ Third party (100%)§

First action Infringement action (85%)§ Validity challenge (100%)§

Prior decision Yes (District court/USPTO) Yes (EPO)
Decision made by Three judges Three patent examiners

(+ one legally qualified examiner)
Appeal possible Yes Yes
Litigation costs 650,000 to 5.5 million USD† 6,000 to 50,000 EUR‡

Settlement rate ∼ 90% (lower court)†† / ∼ 20% (CAFC)‡‡ ∼ 12%§

Sample
Patents 1,258 38,405
Share of granted patents ∼ 0.05% ∼ 6%§

Court decisions 1982-2008 1993-2013
Case to patent relationship m:n 1:1

Econometric model
Model Two-stage least squares estimation Two-stage least squares estimation
Instrumental variable Predicted probability of invalidation Predicted probability of invalidation
Exclusion restriction Judge invalidity propensity Participation of granting examiner

Citation measure
Citation source USPTO EPO/WIPO
Citation origin Applicant / examiner Applicant / examiner
Citing patents Granted patents

and applications (post AIPA)
Granted patents
and applications

Citing patent applicants Domestic applicants All applicants
Citation date Filing year (Priority) filing year
Pre-decision citation window From grant to decision First three years from (priority) filing
Post-decision citation window First five years from decision First five years from decision

Invalidation measure
Operationalization At least one claim invalidated At least one claim invalidated
Invalidation rate 39% 71%

Control variables
Patent characteristics Claims, pre-cites, age Claims, pre-cites, age, + various
Patentee characteristics No Various
Other party characteristics No Various
Technology fields 6 categories (Hall et al., 2001)

or 36 subcategories (Hall et al., 2001)
34 categories (Schmoch, 2008)

Complexity definition Electronics, computers, medical instruments See Von Graevenitz et al. (2013)
Time fixed effects Outcome year Grant year, outcome year

Notes: AIPA: American Inventor’s Protection Act of 1999. EPC: European Patent Convention. USPTO: United States
Patent and Trademark Office. WIPO: World Intellectual Property Office. Sources: §own data, †AIPLA (2009), ‡Mejer and
van Pottelsberghe de la Potterie (2012), ††Galasso and Schankerman (2010); Moore (2001), ‡‡CAFC Year Statistics.
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Table D-2: Comparison of characteristics between EPO opposition (CAFC litigation) patents and
matched controls

Opposed (N= 36, 661) Controls (N= 183,305)

Mean Median Std. Error Mean Median Std. Error Diff. p-value

Family size (DOCDB) 10.76 8.00 11.10 8.92 7.00 8.05 −1.84 0.000∗∗∗

EP cites (3yrs) 1.50 1.00 2.79 0.95 0.00 1.87 −0.55 0.000∗∗∗

US cites (3yrs) 3.04 1.00 6.90 2.32 1.00 5.11 −0.71 0.000∗∗∗

Inventors 2.64 2.00 1.78 2.57 2.00 1.79 −0.06 0.000∗∗∗

Patent value (Kogan et al.) 24.36 6.22 56.16 18.79 4.68 46.68 −5.56 0.000∗∗∗

Claims 13.59 11.00 10.14 12.14 10.00 8.67 −1.45 0.000∗∗∗

IPC classes 2.61 2.00 2.35 2.60 2.00 2.30 −0.01 0.437
Generality 0.37 0.40 0.25 0.36 0.40 0.26 −0.01 0.000∗∗∗

CAFC (N= 1, 240) Controls (N= 6,200)

Mean Median Std. Error Mean Median Std. Error Diff. p-value

Family size (DOCDB) 7.31 3.00 16.26 4.53 2.00 7.47 −2.79 0.000∗∗∗

EP cites (3yrs) 0.82 0.00 2.22 0.42 0.00 1.31 −0.40 0.000∗∗∗

US cites (3yrs) 5.88 2.00 16.53 2.26 1.00 5.95 −3.62 0.000∗∗∗

Inventors 2.00 1.00 1.79 1.97 1.00 1.46 −0.03 0.475
Patent value (Kogan et al.) 19.60 6.00 52.02 13.09 4.72 34.03 −6.51 0.002∗∗∗

Claims 21.20 14.00 32.55 13.48 10.00 12.39 −7.72 0.000∗∗∗

IPC classes 3.04 2.00 3.01 2.41 2.00 2.35 −0.62 0.000∗∗∗

Generality 0.42 0.46 0.24 0.38 0.42 0.25 −0.04 0.000∗∗∗

Notes: This table presents summary statistics of patent characteristics of EPO opposition (CAFC litigation) patents and
matched control patents. Patents are matched on year of (priority) filing and ipc4 technology class. Only granted patents
considered. Claims information for US patents before 1976 not available. Patents with fewer than five controls in the
respective strata excluded. The unit of observation is at the patent level. Reported p-values based on an unpaired t-test.
Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

57



Table D-3: Impact of invalidation on EP citations – infringement dispute subsample

(1) (2) (3) (4) (5) (6)
Sample: Infringement Discrete (N= 1,108) Complex (N= 1,261)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) −0.092 0.604∗ 0.546∗ 0.665∗ 0.829 0.618
(0.202) (0.309) (0.297) (0.346) (0.556) (0.520)

× log(Triples) −0.165∗∗∗ −0.159∗∗∗ −0.032 −0.018
(0.055) (0.053) (0.067) (0.064)

Underidentification test 56.5 56.2 55.2 21.1 21.1 21.7
Weak identification test 63.7 31.4 30.6 21.8 10.9 11.3

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the focal
patentee (and the opponent, respectively). The sample is restricted to patents that are linked to an infringement dispute.
The classification of technology areas into discrete and complex follows Von Graevenitz et al. (2013). One is added to
all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS regression
the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on the
“Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table D-4: Impact of invalidation on EP citations – subsamples by number of patent claims

(1) (2) (3) (4) (5) (6)
Sample: Claims ≥ p20 Discrete (N= 17,377) Complex (N= 14,329)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.304∗∗∗ 0.726∗∗∗ 0.506∗∗∗ 0.100 0.548∗∗∗ 0.402∗∗

(0.103) (0.139) (0.129) (0.122) (0.169) (0.157)
× log(Triples) −0.110∗∗∗ −0.106∗∗∗ −0.092∗∗∗ −0.080∗∗∗

(0.026) (0.024) (0.023) (0.022)

Underidentification test 148.4 131.4 131.6 64.9 66.3 66.1
Weak identification test 225.1 97.6 97.9 166.6 83.1 83.2

(7) (8) (9) (10) (11) (12)
Sample: Claims ≥ p40 Discrete (N= 13,513) Complex (N= 10,705)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.270∗∗ 0.724∗∗∗ 0.530∗∗∗ 0.124 0.717∗∗∗ 0.522∗∗∗

(0.115) (0.155) (0.143) (0.131) (0.208) (0.193)
× log(Triples) −0.118∗∗∗ −0.119∗∗∗ −0.118∗∗∗ −0.100∗∗∗

(0.031) (0.029) (0.030) (0.028)

Underidentification test 125.7 105.8 106.1 58.4 58.9 58.7
Weak identification test 187.5 76.1 76.5 137.4 69.2 69.3

(13) (14) (15) (16) (17) (18)
Sample: Claims ≥ p60 Discrete (N= 9,345) Complex (N= 7,136)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.288∗∗ 0.933∗∗∗ 0.674∗∗∗ 0.205 0.832∗∗∗ 0.667∗∗∗

(0.141) (0.193) (0.178) (0.157) (0.253) (0.237)
× log(Triples) −0.164∗∗∗ −0.143∗∗∗ −0.129∗∗∗ −0.120∗∗∗

(0.037) (0.035) (0.038) (0.036)

Underidentification test 90.7 79.9 80.5 71.2 72.1 72.2
Weak identification test 126.4 54.8 55.3 93.2 47.2 47.3

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the focal
patentee (and the opponent, respectively). The samples are restricted to patents that have at least as many claims as
the respective percentile. The claims distribution is stratified by technology area and decade to account for time- and
technology-specific variation. The classification of technology areas into discrete and complex follows Von Graevenitz
et al. (2013). One is added to all citation variables before taking the logarithm to include patents with no forward ci-
tations. In each 2SLS regression the “Invalidated” dummy is instrumented with the corresponding probability predicted
by a probit regression on the “Examiner participation” dummy and all other exogenous variables. The underidentifi-
cation and weak identification tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F
statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the con-
trol variables can be found in Appendix Table B-5. Robust standard errors presented in parentheses. Significance lev-
els: * p<0.1, ** p<0.05, *** p<0.01.
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Table D-4: Impact of invalidation on EP citations – subsamples by number of patent claims (contin-
ued)

(19) (20) (21) (22) (23) (24)
Sample: Claims ≥ p80 Discrete (N= 4,684) Complex (N= 3,486)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.200 1.075∗∗∗ 0.673∗∗ 0.452∗∗ 1.108∗∗∗ 0.999∗∗∗

(0.216) (0.331) (0.301) (0.221) (0.339) (0.319)
× log(Triples) −0.219∗∗∗ −0.143∗∗∗ −0.144∗∗∗ −0.153∗∗∗

(0.060) (0.055) (0.055) (0.052)

Underidentification test 44.9 39.7 40.0 43.8 43.3 43.3
Weak identification test 56.3 25.1 25.3 53.3 25.5 25.4

(25) (26) (27) (28) (29) (30)
Sample: Claims ≥ p90 Discrete (N= 2,390) Complex (N= 1,711)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.449 1.402∗∗∗ 0.917∗∗ 0.562∗ 1.691∗∗∗ 1.790∗∗∗

(0.304) (0.496) (0.446) (0.296) (0.581) (0.578)
× log(Triples) −0.230∗∗∗ −0.151∗∗ −0.246∗∗ −0.293∗∗∗

(0.081) (0.073) (0.097) (0.098)

Underidentification test 25.7 25.9 26.1 25.4 26.2 26.0
Weak identification test 30.7 15.8 16.0 29.5 15.0 14.8

(31) (32) (33) (34) (35) (36)
Sample: Claims ≥ p95 Discrete (N= 1,189) Complex (N= 821)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.377 1.431 0.817 0.761 1.810∗∗ 2.069∗∗

(0.682) (0.894) (0.827) (0.506) (0.789) (0.808)
× log(Triples) −0.309∗ −0.189 −0.226 −0.310∗∗

(0.165) (0.152) (0.140) (0.142)

Underidentification test 6.2 5.6 5.6 12.9 11.5 11.6
Weak identification test 6.1 2.8 2.8 12.0 5.2 5.2

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the focal
patentee (and the opponent, respectively). The samples are restricted to patents that have at least as many claims as
the respective percentile. The claims distribution is stratified by technology area and decade to account for time- and
technology-specific variation. The classification of technology areas into discrete and complex follows Von Graevenitz
et al. (2013). One is added to all citation variables before taking the logarithm to include patents with no forward ci-
tations. In each 2SLS regression the “Invalidated” dummy is instrumented with the corresponding probability predicted
by a probit regression on the “Examiner participation” dummy and all other exogenous variables. The underidentifi-
cation and weak identification tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F
statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the con-
trol variables can be found in Appendix Table B-5. Robust standard errors presented in parentheses. Significance lev-
els: * p<0.1, ** p<0.05, *** p<0.01.
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E Robustness Checks

Table E-1: Impact of invalidation on EP citation variables – alternative operationalizations of "Inval-
idated"

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

Dep var: log(CitEPPost5. . . ) Other Other Other Other

Invalidated (appeal) (d) 0.251∗∗∗

(0.067)
Invalidated (no reversal) (d) 0.236∗∗∗

(0.064)
Invalidated claims>p(50) (d) 0.144∗∗

(0.063)
Invalidated claims (share) 0.228∗∗∗

(0.077)
log(No of claims) 0.057∗∗∗ 0.058∗∗∗ 0.069∗∗∗ 0.072∗∗∗

(0.005) (0.005) (0.005) (0.005)
log(CitEPPre3Other) 0.129∗∗∗ 0.129∗∗∗ 0.130∗∗∗ 0.131∗∗∗

(0.006) (0.006) (0.006) (0.006)
log(CitEPPre3Self) 0.015∗∗ 0.016∗∗ 0.016∗∗ 0.017∗∗

(0.008) (0.007) (0.007) (0.008)
log(Triples) 0.029∗∗∗ 0.029∗∗∗ 0.030∗∗∗ 0.031∗∗∗

(0.006) (0.006) (0.006) (0.006)
Year effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Age effects Yes Yes Yes Yes

Technology effects Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patentee characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗

Opponent characteristics Yes∗∗∗ Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Underidentification test 259.8 289.2 102.1 116.4

Weak identification test 605.5 659.3 500.0 248.2

Observations 38,405 38,405 38,405 38,405

Notes: Columns (1) to (4) correspond to the 2SLS regression specification in Table 3, column (4). "Invalidated (appeal)"
is based on the latest (i.e., appeal) outcome. "Invalidated (no reversal)" is based on invalidation outcomes irrespective
of first outcome or appeal outcome. "Invalidated claims>p(50)" splits amendments at the median of the share of lost
claims. "Invalidated claims (share)" is a linear variable. One is added to all citation variables before taking the logarithm
to include patents with no forward citations. In each 2SLS regression the “Invalidated” dummy is instrumented with
the corresponding probability predicted by a probit regression on the “Examiner participation” dummy and all other
exogenous variables. The underidentification and weak identification tests are the heteroskedasticity-robust Kleibergen
and Paap (2006) rk LM and Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010).
A comprehensive list of the control variables can be found in Appendix Table B-5. Robust standard errors presented in
parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-2: Impact of invalidation on EP citations (examiner citations)

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

Estimation method OLS OLS OLS IV IV IV

Dep var: log(CitEPExaPost5. . . ) Other Other Other Other Other Other

Covariates None Reduced Full None Reduced Full

Invalidated (d) −0.002 0.001 −0.005 0.056∗∗ 0.252∗∗∗ 0.217∗∗∗

(0.006) (0.006) (0.006) (0.024) (0.038) (0.066)
log(No of claims) 0.079∗∗∗ 0.066∗∗∗ 0.068∗∗∗ 0.058∗∗∗

(0.004) (0.004) (0.005) (0.005)
log(CitEPExaPre3Other) 0.159∗∗∗ 0.128∗∗∗ 0.155∗∗∗ 0.127∗∗∗

(0.006) (0.006) (0.006) (0.006)
log(CitEPExaPre3Self) 0.054∗∗∗ 0.015∗∗ 0.053∗∗∗ 0.016∗∗

(0.007) (0.007) (0.007) (0.007)
log(Triples) 0.028∗∗∗ 0.028∗∗∗

(0.006) (0.006)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes Yes No Yes Yes

Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ No No Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Underidentification test 2,561.6 1,268.0 248.2

Weak identification test 3,114.4 1,488.0 497.4

Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP examiner citations to patents held by other parties than the focal patentee in a 5-year window following the decision
of the opposition proceeding. The reduced set of covariates resembles the set in the main specification of GS2015. One
is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-3: Impact of invalidation on EP citations (XY citations)

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

Estimation method OLS OLS OLS IV IV IV

Dep var: log(CitEPXYPost5. . . ) Other Other Other Other Other Other

Covariates None Reduced Full None Reduced Full

Invalidated (d) 0.014∗∗∗ 0.007 0.003 0.169∗∗∗ 0.154∗∗∗ 0.124∗∗

(0.005) (0.005) (0.005) (0.018) (0.030) (0.051)
log(No of claims) 0.061∗∗∗ 0.050∗∗∗ 0.055∗∗∗ 0.045∗∗∗

(0.003) (0.003) (0.004) (0.004)
log(CitEPXYPre3Other) 0.123∗∗∗ 0.093∗∗∗ 0.121∗∗∗ 0.093∗∗∗

(0.006) (0.006) (0.006) (0.006)
log(CitEPXYPre3Self) 0.045∗∗∗ 0.008 0.043∗∗∗ 0.007

(0.008) (0.008) (0.009) (0.009)
log(Triples) 0.025∗∗∗ 0.025∗∗∗

(0.004) (0.004)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes Yes No Yes Yes

Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗ No No Yes∗∗

Opponent characteristics No No Yes∗∗ No No Yes∗

Underidentification test 2,562.0 1,272.2 248.2

Weak identification test 3,114.0 1,494.1 499.3

Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP XY citations to patents held by other parties than the focal patentee in a 5-year window following the decision of
the opposition proceeding. The reduced set of covariates resembles the set in the main specification of GS2015. One
is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-4: Impact of invalidation on the filing of patents with high text similarity

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

Estimation method OLS OLS OLS IV IV IV

Dep var: log(SimPost5. . . ) Other Other Other Other Other Other

Covariates None Reduced Full None Reduced Full

Invalidated (d) −0.025∗∗∗ 0.000 −0.001 −0.364∗∗∗ 0.035 0.083∗∗

(0.005) (0.004) (0.004) (0.019) (0.025) (0.040)
log(No of claims) −0.020∗∗∗ −0.017∗∗∗ −0.022∗∗∗ −0.020∗∗∗

(0.003) (0.003) (0.003) (0.003)
log(SimAllPre3Other) 0.475∗∗∗ 0.475∗∗∗ 0.475∗∗∗ 0.474∗∗∗

(0.012) (0.011) (0.011) (0.011)
log(SimAllPre3Self) 0.070∗∗∗ 0.072∗∗∗ 0.070∗∗∗ 0.072∗∗∗

(0.004) (0.004) (0.004) (0.004)
log(Triples) −0.033∗∗∗ −0.033∗∗∗

(0.004) (0.004)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes∗∗∗ Yes No Yes∗∗∗ Yes

Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ No No Yes∗∗∗

Opponent characteristics No No Yes No No Yes

Underidentification test 2,562.5 1,279.0 247.6

Weak identification test 3,115.4 1,505.1 501.0

Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP patents with a text similarity to the focal patent held by other parties than the focal patentee in a 5-year win-
dow following the decision of the opposition proceeding. The reduced set of covariates resembles the set in the main
specification of GS2015. One is added to all citation variables before taking the logarithm to include patents with no
forward citations. In each 2SLS regression the “Invalidated” dummy is instrumented with the corresponding probability
predicted by a probit regression on the “Examiner participation” dummy and all other exogenous variables. The un-
deridentification and weak identification tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and
Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the
control variables can be found in Appendix Table B-5. Robust standard errors presented in parentheses. Significance
levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-5: Impact of invalidation on EP citations (clustered and bootstrapped standard errors)

(1) (2) (3) (4)
Estimation method OLS OLS IV IV
Dep var: log(CitEPPost5. . . ) Other Other Other Other
Covariates Reduced Full Reduced Full
SEs clustered at IPC4 level

Invalidated (d) 0.001 −0.005 0.254∗∗∗ 0.196∗∗∗

(0.007) (0.007) (0.044) (0.073)

Underidentification test 89.4 49.7
Weak identification test 1,177.2 472.3
Observations 38,397 38,397 38,397 38,397

(5) (6) (7) (8)
Estimation method OLS OLS IV IV
Dep var: log(CitEPPost5. . . ) Other Other Other Other
Covariates Reduced Full Reduced Full
SEs clustered at technology field level

Invalidated (d) 0.001 −0.005 0.253∗∗∗ 0.195∗∗∗

(0.007) (0.007) (0.047) (0.068)

Underidentification test 23.1 18.9
Weak identification test 1,084.9 345.1
Observations 38,405 38,405 38,405 38,405

(9) (10) (11) (12)
Estimation method OLS OLS IV IV
Dep var: log(CitEPPost5. . . ) Other Other Other Other
Covariates Reduced Full Reduced Full
SEs Bootstrapped

Invalidated (d) 0.001 −0.005 −0.026 0.195∗∗∗

(0.006) (0.006) (0.133) (0.073)

Observations 38,405 38,405 38,405 38,405

Notes: Columns (1) to (12) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP citations to patents held by other parties than the focal patentee in a 5-year window following the decision of the
opposition proceeding. The reduced set of covariates resembles the set in the main specification of GS2015. The top part
shows the results with standard errors clustered at IPC4 level (>500 clusters). The middle part shows the results with
standard errors clustered at technology field level (34 clusters). The bottom part shows the results with bootstrapped
standard errors (500 iterations). One is added to all citation variables before taking the logarithm to include patents
with no forward citations. In each 2SLS regression the “Invalidated” dummy is instrumented with the corresponding
probability predicted by a probit regression on the “Examiner participation” dummy and all other exogenous variables.
The underidentification and weak identification tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM
and Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of
the control variables can be found in Appendix Table B-5. Robust standard errors presented in parentheses. Significance
levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-6: Impact of invalidation on forward citations (weighted by family size)

(1) (2) (3) (4) (5) (6)
Estimation method OLS OLS OLS IV IV IV
Dep var: log(CitEPfamPost5. . . ) Other Other Other Other Other Other
Covariates None Reduced Full None Reduced Full

Invalidated (d) 0.000 0.002 −0.014 0.211∗∗∗ 0.605∗∗∗ 0.378∗∗∗

(0.014) (0.013) (0.013) (0.053) (0.083) (0.147)
log(No of claims) 0.170∗∗∗ 0.139∗∗∗ 0.144∗∗∗ 0.125∗∗∗

(0.009) (0.009) (0.010) (0.011)
log(CitEPfamPre3Other) 0.135∗∗∗ 0.109∗∗∗ 0.131∗∗∗ 0.108∗∗∗

(0.005) (0.005) (0.005) (0.005)
log(CitEPfamPre3Self) 0.051∗∗∗ 0.013∗∗ 0.051∗∗∗ 0.014∗∗

(0.006) (0.006) (0.006) (0.006)
log(Triples) 0.069∗∗∗ 0.069∗∗∗

(0.013) (0.013)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes Yes No Yes Yes
Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ No No Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Underidentification test 2,562.3 1,265.4 247.2
Weak identification test 3,115.8 1,484.4 495.6
Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP citations to patents held by other parties than the focal patentee in a 5-year window following the decision of
the opposition proceeding. Each citation is weighted by the citing patent’s family size. The reduced set of covariates
resembles the set in the main specification of GS2015. One is added to all citation variables before taking the logarithm
to include patents with no forward citations. In each 2SLS regression the “Invalidated” dummy is instrumented with
the corresponding probability predicted by a probit regression on the “Examiner participation” dummy and all other
exogenous variables. The underidentification and weak identification tests are the heteroskedasticity-robust Kleibergen
and Paap (2006) rk LM and Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010).
A comprehensive list of the control variables can be found in Appendix Table B-5. Robust standard errors presented in
parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-7: Impact of invalidation on EP citations (extensive margin – unique follow-on innovators)

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

Estimation method OLS OLS OLS IV IV IV

Dep var: log(CitEPfamPost5. . . ) Other Other Other Other Other Other

Covariates None Reduced Full None Reduced Full

Invalidated (d) −0.001 0.001 −0.004 0.048∗∗ 0.222∗∗∗ 0.172∗∗∗

(0.006) (0.006) (0.006) (0.022) (0.035) (0.060)
log(No of claims) 0.074∗∗∗ 0.061∗∗∗ 0.065∗∗∗ 0.055∗∗∗

(0.004) (0.004) (0.004) (0.005)
log(CitEPfamPre3Other) 0.167∗∗∗ 0.136∗∗∗ 0.164∗∗∗ 0.134∗∗∗

(0.006) (0.006) (0.006) (0.006)
log(CitEPfamPre3Self) 0.062∗∗∗ 0.020∗∗ 0.062∗∗∗ 0.021∗∗

(0.009) (0.009) (0.009) (0.009)
log(Triples) 0.025∗∗∗ 0.025∗∗∗

(0.005) (0.005)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes Yes No Yes Yes

Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ No No Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Underidentification test 2,561.6 1,268.3 248.1

Weak identification test 3,114.3 1,487.8 497.3

Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP citations to patents held by other parties than the focal patentee in a 5-year window following the decision of
the opposition proceeding. Only one (i.e., the earliest) citation per follow-on innovator considered. The reduced set of
covariates resembles the set in the main specification of GS2015. One is added to all citation variables before taking the
logarithm to include patents with no forward citations. In each 2SLS regression the “Invalidated” dummy is instrumented
with the corresponding probability predicted by a probit regression on the “Examiner participation” dummy and all other
exogenous variables. The underidentification and weak identification tests are the heteroskedasticity-robust Kleibergen
and Paap (2006) rk LM and Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum et al., 2010).
A comprehensive list of the control variables can be found in Appendix Table B-5. Robust standard errors presented in
parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-8: Impact of invalidation on EP citations – complexity of technology field (alternative clas-
sification and technology subsamples)

(1) (2) (3) (4) (5) (6)
Sample: All Discrete (NBER) (N= 25,263) Complex (NBER) (N= 13,142)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.263∗∗∗ 0.677∗∗∗ 0.501∗∗∗ 0.063 0.400∗∗ 0.335∗∗

(0.080) (0.111) (0.103) (0.119) (0.173) (0.162)
× log(Triples) −0.104∗∗∗ −0.099∗∗∗ −0.067∗∗∗ −0.067∗∗∗

(0.018) (0.017) (0.025) (0.024)

Underidentification test 194.3 188.3 188.4 60.0 61.7 61.2
Weak identification test 333.4 161.1 161.8 176.3 87.6 87.8

(7) (8) (9) (10) (11) (12)
Sample: All Discrete (GS2015) (N= 29,611) Complex (GS2015) (N= 8,794)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.208∗∗∗ 0.590∗∗∗ 0.439∗∗∗ 0.200 0.467∗∗ 0.436∗∗

(0.075) (0.103) (0.096) (0.127) (0.222) (0.209)
× log(Triples) −0.097∗∗∗ −0.091∗∗∗ −0.047 −0.059∗

(0.017) (0.016) (0.033) (0.031)

Underidentification test 216.9 209.8 209.9 51.3 52.7 52.2
Weak identification test 367.2 175.7 176.4 152.4 75.5 75.7

(13) (14) (15) (16) (17) (18)
Sample: All Chemistry (N= 15,163) Elec Eng / Instruments (N= 8,926)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.245∗∗ 0.816∗∗∗ 0.577∗∗∗ 0.157 0.707∗∗∗ 0.649∗∗∗

(0.103) (0.178) (0.164) (0.132) (0.226) (0.212)
× log(Triples) −0.124∗∗∗ −0.118∗∗∗ −0.093∗∗∗ −0.101∗∗∗

(0.029) (0.026) (0.031) (0.030)

Underidentification test 136.0 137.9 138.0 54.4 55.1 54.9
Weak identification test 222.6 114.0 114.8 129.4 64.7 65.2

(19) (20) (21) (22) (23) (24)
Sample: All Concentrated (N= 19,194) Fragmented (N= 19,211)

DV: log(CitEPPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.145 0.547∗∗ 0.445∗∗ 0.186∗∗ 0.625∗∗∗ 0.468∗∗∗

(0.133) (0.227) (0.208) (0.075) (0.111) (0.105)
× log(Triples) −0.072∗∗ −0.079∗∗∗ −0.121∗∗∗ −0.104∗∗∗

(0.029) (0.027) (0.021) (0.020)

Underidentification test 101.7 102.4 102.2 188.4 190.7 189.8
Weak identification test 149.7 75.4 75.5 340.3 167.1 167.7

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the
focal patentee (and the opponent, respectively). The classification of technology areas into discrete and complex follows
Cohen et al. (2000) (NBER) and GS2015, respectively. The patent ownership concentration measure follows GS2015.
One is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-9: Impact of invalidation on EP citations – firm size and market overlap (alternative size
thresholds)

(1) (2) (3) (4)
Sample: All (N= 38,405)

DV: log(CitEPPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: All All Large Small

Invalidated (d) 0.157∗∗ 0.570∗∗∗ 0.367∗∗∗ 0.313∗∗∗

(0.076) (0.102) (0.069) (0.085)
× Large/medium patentee (d) −0.107∗∗ −0.130∗∗ −0.005 −0.127∗∗∗

(0.053) (0.054) (0.037) (0.044)
× log(Triples) −0.091∗∗∗ −0.067∗∗∗ −0.045∗∗∗

(0.014) (0.010) (0.012)

Underidentification test 245.5 246.5 247.7 245.2
Weak identification test 248.3 163.0 163.1 163.6

(5) (6) (7) (8)
Sample: All (N= 38,405)

DV: log(CitEPPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: Euro No Euro Same Ind Diff Ind

Invalidated (d) 0.311∗∗∗ 0.344∗∗∗ 0.106∗∗ 0.522∗∗∗

(0.084) (0.070) (0.042) (0.097)
× Large/medium patentee (d) −0.049 −0.082∗∗ −0.042∗ −0.097∗

(0.043) (0.038) (0.023) (0.051)
× log(Triples) −0.055∗∗∗ −0.053∗∗∗ −0.017∗∗∗ −0.085∗∗∗

(0.012) (0.010) (0.006) (0.013)

Underidentification test 246.0 248.8 245.9 246.7
Weak identification test 164.1 163.8 163.2 163.1

(9) (10) (11) (12)
Sample: All (N= 38,405)

DV: log(Post5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Large/medi Small Old Young

Invalidated (d) 0.486∗∗∗ 0.172∗∗ 0.349∗∗∗ 0.324∗∗∗

(0.087) (0.068) (0.076) (0.079)
× Large/medium patentee (d) −0.103∗∗ −0.035 −0.093∗∗ −0.058

(0.046) (0.035) (0.040) (0.041)
× log(Triples) −0.082∗∗∗ −0.025∗∗∗ −0.060∗∗∗ −0.050∗∗∗

(0.012) (0.009) (0.011) (0.011)

Underidentification test 247.1 245.0 246.6 246.3
Weak identification test 163.2 162.7 163.4 163.4

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the focal
patentee and the opponent, respectively. Patentee size and follow-on innovator size based on Orbis IP firm-level data.
Industry overlap defined by patentee and follow-on innovator sharing the same 3-digit primary NACE Rev. 2 industry code.
One is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-10: Impact of invalidation on EP citations – firm size and market overlap (with patent
portfolio as firm size proxy)

(1) (2) (3) (4)
Sample: All (N= 38,405)

DV: log(CitEPPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: All All Large Small

Invalidated (d) 0.152∗∗ 0.495∗∗∗ 0.385∗∗∗ 0.227∗∗∗

(0.063) (0.089) (0.060) (0.074)
× Large patentee (d) −0.252∗∗∗ −0.220∗∗∗ −0.201∗∗∗ −0.066∗

(0.047) (0.048) (0.036) (0.037)
× log(Triples) −0.081∗∗∗ −0.059∗∗∗ −0.042∗∗∗

(0.014) (0.010) (0.012)

Underidentification test 246.8 247.3 248.7 246.1
Weak identification test 248.7 162.7 162.9 163.3

(5) (6) (7) (8)
Sample: All (N= 38,405)

DV: log(CitEPPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: Euro No Euro Same Ind Diff Ind

Invalidated (d) 0.283∗∗∗ 0.304∗∗∗ 0.087∗∗ 0.465∗∗∗

(0.074) (0.060) (0.035) (0.084)
× Large patentee (d) −0.067∗ −0.188∗∗∗ −0.071∗∗∗ −0.177∗∗∗

(0.039) (0.034) (0.020) (0.045)
× log(Triples) −0.052∗∗∗ −0.046∗∗∗ −0.015∗∗ −0.077∗∗∗

(0.012) (0.010) (0.006) (0.013)

Underidentification test 246.7 249.9 246.7 247.7
Weak identification test 163.7 163.6 162.9 162.8

Notes: This table shows the effect of invalidation on EP forward citations by patents held by parties other than the
focal patentee and the opponent, respectively. Patentee size and follow-on innovator size based on patent portfolio size.
Industry overlap defined by patentee and follow-on innovator sharing the same 3-digit primary NACE Rev. 2 industry code.
One is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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F US Citations

Table US-1: Characteristics of forward citations (US)

Other citations (5 yrs after decision)

Mean SD Min Max

Publication authority

USPTO 1.00 0.00 1 1

Citation characteristics

Citation lag (yrs) 11.98 3.18 3 29

Patent family size 6.65 7.66 1 268

Citing applicant

Corporate (d) 0.87 0.34 0 1

Age (in yrs) 15.71 10.19 −5 37

Country of residence

EU (d) 0.20 0.40 0 1

GB (d) 0.02 0.13 0 1

US (d) 0.63 0.48 0 1

JP (d) 0.08 0.27 0 1

RoW (d) 0.07 0.25 0 1

Size

Patent portfolio size 858.49 2484.69 0 33544

Observations 212,486

Notes: This table reports the characteristics of the citing US patents. The unit of observation is the citation. In case of
multiple citing applicants, we give preference according to the ordering of sector, country of residence, and size. Patent
portfolio size is the total number of EP patent applications filed during the last five years prior to the opposition decision.
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Table US-2: Examiner participation and opposition outcome (US citations)

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

Dependent variable Invalidated (d) Invalidated (d) Invalidated (d) Invalidated (d)

Covariates None Reduced Lasso Full

Exam. participation (d) −0.072∗∗∗ −0.045∗∗∗ −0.046∗∗∗ −0.046∗∗∗

(0.005) (0.005) (0.005) (0.005)
Year effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Age effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗

Technology effects No Yes∗∗∗ Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ Yes∗∗∗

Examination characteristics No No Yes∗∗∗ Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ Yes∗∗∗

Model degrees of freedom 1 90 110 118

χ2-statistic 237.0 1,617.1 2,148.0 2,152.7

Pseudo-R2 0.005 0.037 0.060 0.060

Observations 38,405 38,405 38,405 38,405

Notes: The probit regressions in columns (1) to (4) illuminate the relevance of the “Examiner participation” dummy for
the outcome of the opposition proceeding. The specification in column (2) resembles the main specification in GS2015.
The specification in column (3) is the outcome of a penalized regression approach ("Lasso") that selects covariates by
shrinking some regression coefficients to zero. The invalidation predictions of the probit regression in column (4)—or
equivalent predictions for subsamples and other citation measures—are used as the instrument in the 2SLS instrumental
variables regressions throughout this section. One is added to all citation variables before taking the logarithm to include
patents with no forward citations. A comprehensive list of the control variables can be found in Appendix Table B-5.
Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01. Robust standard
errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table US-3: Impact of invalidation on US forward citations

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

Estimation method OLS OLS OLS IV IV IV

Dep var: log(CitUSPost5. . . ) Other Other Other Other Other Other

Covariates None Reduced Full None Reduced Full

Invalidated (d) 0.082∗∗∗ 0.001 −0.014 1.428∗∗∗ 0.554∗∗∗ 0.124

(0.012) (0.010) (0.009) (0.051) (0.060) (0.109)
log(No of claims) 0.146∗∗∗ 0.114∗∗∗ 0.123∗∗∗ 0.109∗∗∗

(0.007) (0.007) (0.007) (0.008)
log(CitUSPre3Other) 0.527∗∗∗ 0.471∗∗∗ 0.517∗∗∗ 0.469∗∗∗

(0.006) (0.007) (0.007) (0.007)
log(CitUSPre3Self) 0.242∗∗∗ 0.162∗∗∗ 0.245∗∗∗ 0.164∗∗∗

(0.009) (0.009) (0.009) (0.009)
log(Triples) 0.051∗∗∗ 0.050∗∗∗

(0.009) (0.009)
Year effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Age effects No Yes∗∗∗ Yes No Yes∗∗∗ Yes

Technology effects No Yes∗∗∗ Yes∗∗∗ No Yes∗∗∗ Yes∗∗∗

Patent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Patentee characteristics No No Yes∗∗∗ No No Yes∗∗∗

Opponent characteristics No No Yes∗∗∗ No No Yes∗∗∗

Underidentification test 2,573.8 1,254.5 248.0

Weak identification test 3,132.2 1,470.1 498.6

Observations 38,405 38,405 38,405 38,405 38,405 38,405

Notes: Columns (1) to (6) provide a comparison between the OLS and the 2SLS regressions for the effect of invalidation
on EP citations to patents held by other parties than the focal patentee in a 5-year window following the decision of
the opposition proceeding. The reduced set of covariates resembles the set in the main specification of GS2015. One
is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table US-4: Impact of invalidation on US citations – complexity of technology field

(1) (2) (3) (4) (5) (6)
Sample: All Discrete (NBER) (N= 25,263) Complex (NBER) (N= 13,142)

DV: log(CitUSPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.147 0.933∗∗∗ 0.886∗∗∗ 0.084 0.533∗∗ 0.482∗

(0.138) (0.180) (0.176) (0.173) (0.252) (0.249)
× log(Triples) −0.199∗∗∗ −0.197∗∗∗ −0.089∗∗ −0.092∗∗

(0.029) (0.029) (0.038) (0.037)

Underidentification test 194.6 187.9 188.5 59.9 61.6 61.2
Weak identification test 335.0 161.1 161.4 176.9 88.0 88.1

(7) (8) (9) (10) (11) (12)
Sample: All Concentrated (N= 19,194) Fragmented (N= 19,211)

DV: log(CitUSPost5. . . ) Other Other Other
w/o opp Other Other Other

w/o opp

Invalidated (d) 0.186 0.793∗∗ 0.831∗∗ 0.047 0.634∗∗∗ 0.634∗∗∗

(0.205) (0.340) (0.336) (0.125) (0.179) (0.176)
× log(Triples) −0.108∗∗ −0.117∗∗∗ −0.163∗∗∗ −0.177∗∗∗

(0.045) (0.044) (0.034) (0.034)

Underidentification test 103.9 104.7 104.3 186.4 188.6 188.8
Weak identification test 150.7 75.9 76.2 340.0 166.7 167.4

Notes: This table shows the effect of invalidation on US forward citations by patents held by parties other than the focal
patentee (and the opponent, respectively). The classification of technology areas into discrete and complex follows Cohen
et al. (2000). The patent ownership concentration measure follows GS2015. One is added to all citation variables before
taking the logarithm to include patents with no forward citations. In each 2SLS regression the “Invalidated” dummy is
instrumented with the corresponding probability predicted by a probit regression on the “Examiner participation” dummy
and all other exogenous variables. The underidentification and weak identification tests are the heteroskedasticity-robust
Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported by Stata’s ivreg2 command (Baum
et al., 2010). A comprehensive list of the control variables can be found in Appendix Table B-5. Robust standard errors
presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table US-5: Impact of invalidation on US citations – firm size and market overlap

(1) (2) (3) (4)
Sample: All (N= 38,405)

DV: log(CitUSPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: All All Large Small

Invalidated (d) 0.293∗∗∗ 0.895∗∗∗ 0.648∗∗∗ 0.525∗∗∗

(0.112) (0.151) (0.124) (0.135)
× Large patentee (d) −0.471∗∗∗ −0.437∗∗∗ −0.440∗∗∗ −0.195∗∗∗

(0.073) (0.074) (0.063) (0.064)
× log(Triples) −0.142∗∗∗ −0.108∗∗∗ −0.096∗∗∗

(0.023) (0.019) (0.020)

Underidentification test 246.5 246.9 249.4 245.7
Weak identification test 249.0 162.9 163.2 162.8

(5) (6) (7) (8)
Sample: All (N= 38,405)

DV: log(CitUSPost5. . . ) Other
w/o opp

Other
w/o opp

Other
w/o opp

Other
w/o opp

Follow-on innovators: Euro No Euro Same Ind Diff Ind

Invalidated (d) 0.202∗∗ 0.902∗∗∗ 0.414∗∗∗ 0.821∗∗∗

(0.100) (0.147) (0.127) (0.132)
× Large patentee (d) −0.123∗∗ −0.428∗∗∗ −0.254∗∗∗ −0.287∗∗∗

(0.048) (0.072) (0.061) (0.065)
× log(Triples) −0.056∗∗∗ −0.131∗∗∗ −0.090∗∗∗ −0.110∗∗∗

(0.015) (0.023) (0.019) (0.021)

Underidentification test 248.2 247.8 248.2 246.2
Weak identification test 164.5 162.9 163.5 162.5

Notes: This table shows the effect of invalidation on US forward citations by patents held by parties other than the focal
patentee and the opponent, respectively. Patentee size and follow-on innovator size based on Orbis IP firm-level data.
Industry overlap defined by patentee and follow-on innovator sharing the same 3-digit primary NACE Rev. 2 industry code.
One is added to all citation variables before taking the logarithm to include patents with no forward citations. In each 2SLS
regression the “Invalidated” dummy is instrumented with the corresponding probability predicted by a probit regression on
the “Examiner participation” dummy and all other exogenous variables. The underidentification and weak identification
tests are the heteroskedasticity-robust Kleibergen and Paap (2006) rk LM and Wald F statistics, respectively, as reported
by Stata’s ivreg2 command (Baum et al., 2010). A comprehensive list of the control variables can be found in Appendix
Table B-5. Robust standard errors presented in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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G Institutional Details – Examination Procedure
The majority of patent applications at the EPO are based on national first filings or international

PCT filings (see Harhoff and Wagner (2009) for a detailed description). Only a small share of

filings takes the EPO as its priority office. Publication of patent applications occurs at the EPO (as

in many other patent authorities) exactly 18 months after the priority date; the publication of the

patent document is acccompanied by the EPO Search Report. In the case of PCT filings, which are

published by the World Intellectual Property Organization (WIPO), an International Search Report is

generated by an International Search Authority (ISA). Most International Search Reports are actually

generated by the EPO. While the original patent application may contain many references to prior art

inserted by the applicant, only the prior art listed in the search report is relevant for the examination

process. The examiner has full control over the selection of prior art references already listed by

the applicant for inclusion into the search report, while also generating references via own search

efforts.

Within six months after the publication of the search report compiled by the patent office, the

patent applicant has to request the examination of the patent application.

If the applicant fails to do so, the application is deemed to be withdrawn. With the end of the

search procedure, the responsibility for examining the application passes internally from the receiv-

ing section to an appointed examining division, which consists of a primary examiner, a secondary

examiner, and the chairman. The primary examiner assesses whether the application and the in-

vention meet the requirements of the European Patent Convention and whether the invention is

patentable based on the search report. The primary examiner then either grants the patent directly,

contingent on the approval by the other two members of the division, or requests a reply from the

applicant that addresses the objections raised in the search report. If the objections are successfully

overcome by the applicant, the primary examiner sends the version in which he intends to grant

the patent, including his own amendments, to the applicant. After the applicant’s approval and the

completion of formalities (e.g., fee payments, the provision of translations), the grant of the patent

is published. The publication date of the B1 document is the official grant date of the patent.

Currently, it takes on average more than four years from the filing of the application to the final

decision on the grant of the patent (Harhoff and Wagner, 2009). Since the grant comes along with

validation fees and costly translations into national languages, some applicants deliberately delay the

examination process. However, to make complementary investment decisions or to claim injunctive

relief before court, some applicants are interested in fast resolution of the patent examination and

file a request for accelerated examination.
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H Construction of the Examiner Participation Indicator Variable
As explained in section 6, we use the presence or absence of the primary examiner in the oppo-

sition division as an instrument to allow for causal inference concerning follow-on innovation for

the sample of all opposed EP patents between 1993 and 2013. For this purpose, we first identify

the relevant set of patents by the EPO PATSTAT Register – 2015 Autumn Edition. Second, to deter-

mine the names of the examination and opposition division’s members, we download three types of

(scanned) pdf-documents from the European Patent Register for each of the identified patents: the

grant decision for the examination division and the minutes of the oral proceedings as well as the

opposition outcome decision for the opposition division.52 We use two types of documents for the

latter to reduce the likelihood of errors. Third, we extract and pre-process the image files included

in the pdf-files and read the contained information to txt-files using optical character recognition

(OCR) software. Fourth, using a keyword search specific to each document type and language, we

identify and parse the names of the respective division’s members to a standardized format with first

and last names separated. Fifth, we check whether one person is a member of both the examination

and the opposition division by comparing the names of both divisions with different string similarity

measures.

Two aspects are worth noting. First, the use of both the minutes of the oral proceedings and

the opposition decision document to identify the opposition division is legitimate, since the division

holding the oral proceedings must be the same as the opposition division rendering the decision in

writing, otherwise the decision is deemed to be void.53 Second, in some cases we are unable to

identify all relevant members, for example because the EPO database holds the wrong document

under the specific link, and in some cases we might erroneously identify the substantive examiner

as being present or absent, for example because the scanned document and thus the OCR is of poor

quality. However, the read-out quality and success do not depend on the outcome of the opposition,

since the corresponding decision document has the same format across all three outcomes, and thus

does not affect identification.

52The European Patent Register provides access to digital documents in the public part of a patent file (also known
as online file inspection or “file wrapper”). The documents are grouped by procedural stage and include the full written
correspondence between the EPO, the applicant, and the opponent. Outgoing communications become available online
on the day after the date of dispatch. Incoming communications become available once the filed document has been
coded by the EPO.

53See for instance T 390/86 with a decision from 17 November 1987.
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Table I-1: Overview and definition of subsamples

Sample definition N %

All patents with filed opposition and grant date 1993-2012 54,023 100.00%

− destroyed files 8 0.01%

− unavailable files 150 0.28%

⇒ available in online file inspection register 53,865 99.71%

− no readable examiner information 1,203 2.23%

⇒ with examiner information 52,662 97.48%

− patent holder requests revocation 2,221 4.11%

− patent holder withdraws patent 514 0.95%

− opponent withdraws opposition 4,057 7.51%

− no readable opposition information 362 0.67%

− opposition proceeding still pending 1,130 2.09%

⇒ with opposition division information 44,378 82.15%

− first decision after 2013 5,913 10.95%

⇒ sample of analysis 38,405 71.09%
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