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rope and applying propensity score matching estimators, we 
find that average patenting and R&D of the merged entity 
and its rivals declines substantially in post-merger periods. 
We show that this result is consistent with the predictions 
from an oligop oly mo del with heterogeneous firms, as well as 
a patent race model, when pre-merger R&D intensity is suf- 
ficiently high. Consistent with our theoretical model, we find 
that negative effects of mergers on innovation are concentrated 
in markets with high R&D intensity and in technology classes 
with overlap in pre-merger innovation activities of merging 
and rival firms. 
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1. Introduction 

Following the recent merger wave in high-tech industries, competition authorities in 

Europe and the US are becoming increasingly concerned about the effects that mergers 
in these markets can have on innovation. For example, the European Union’s competition 

commissioner, Margrethe Vestager, recently said “when we look at high-tech mergers, we 
do not just look at whether they might raise prices. We also assess whether they could be
bad for innovation. Last year, we looked at a merger between the drug company Pfizer
and its rival, Hospira. We only approved the deal after Pfizer agreed to sell the European
rights to an arthritis drug it was developing. One concern was that Hospira already had
a competing drug on the market, and we thought Pfizer might stop work on its own
drug if the deal went ahead as planned. Which would have meant less of the innovation
that we depend on as patients”. 1 Similarly, in the acquisition of GlaxoSmithKline’s on- 
cology business by Novartis, the European Commission “identified the risk that Novartis 
would likely have stopped developing two innovative drugs that showed great promise for 
the treatment of skin and ovarian cancer” ( European Commission, 2016 , p. 4). In fact,
the European Commission has intervened and, in some prominent merger cases such as 
most recently Bayer/Monsanto and Dow/DuPont, requested remedies with the explicitly 

stated goal of preserving innovation. 
Interestingly, there appears to be some degree of divergence between US and EU an-

titrust authorities, as the Federal Trade Commission (FTC) did not request similar reme- 
dies in the Pfizer/Hospira merger. However, US Horizontal Merger Guidelines indicate 
concerns ab out p otential negative effects of mergers on innovation as well. Specifically, 
section 6.4 of the guidelines specifies that “competition often spurs firms to innovate”
and that US competition authorities “may consider whether a merger is likely to diminish 

innovation competition by encouraging the merged firm to curtail its innovative efforts 
below the level that would prevail in the absence of the merger.” In this context, it should
also be noted that horizontal merger guidelines both in the US and the EU are explicitly
allowing for a so-called efficiency defense for otherwise anticompetitive mergers. These 
efficiency claims often concern research and development (R&D) efficiencies (see OECD, 
2012 ). If a firm can convincingly demonstrate that a merger results in a substantial and
timely increase in efficiencies, an otherwise anticompetitive merger can be cleared. Both 

the European commission and the FTC pursue a consumer welfare standard. Therefore, 
efficiency gains have to be sufficient to generate net benefits to consumers. While effi-
ciency gains typically take the form of cost savings, innovation incentives can also be
affected. A complete analysis of potential efficiencies from mergers should, however, not 
only analyse how the merged entity’s prices, quantities and innovation incentives change 
(i.e., the direct effects of a merger), but also how these change for rival firms (indirect
1 See Vestager, M.: “Competition: The mother of invention”, speech delivered at the Europ ean Comp etition 
and Consumer Day, 18 April 2016, https://ec.europa.eu/commission/2014-2019/vestager/announcements/ 
competition- mother- invention _ en , accessed January 12, 2017. 

https://ec.europa.eu/commission/2014-2019/vestager/announcements/competition-mother-invention_en
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ffects). While competition authorities sometimes analyse how mergers directly affect the
erged firm’s innovation incentives, especially in high-tech industries, impacts on rivals’

nnovation incentives have been rarely mentioned in merger guidelines or competition
ases. This is unfortunate since the effects of mergers on innovation in the relevant mar-
et depend on the reactions of non-merging competitors. Analysing rival firms’ responses
o mergers is also essential to understand the mechanisms underlying observed changes
n innovation. For instance, a reduction in innovation input and output of merging firms
ight not only stem from reduced competition but also from organizational integration
roblems or a rationalization of duplicated research programs. In contrast, adjustments in
ival firms’ innovation strategy are likely due to a change in the competitive environment
fter a merger. 

While there is a growing literature on the effects of mergers on the innovation of
rms directly involved (see, e.g., Ornaghi, 2009a; Guadalupe et al., 2012; Bena and Li,
014; Szücs, 2014 ), evidence on effects of mergers on outsiders’ innovation incentives is
carce. Notable exceptions include recent papers by Valentini (2016) and Uhlenbruck
t al. (2017) . We contribute to this literature in various ways. First, we improve over
ecent empirical contributions by using a more accurate definition of rival firms which
s based on industry experts involved in the evaluation of merger cases. Further, we
ake potential endogeneity of merger decisions into account by selecting a control group
f unaffected firms with similar pre-merger characteristics and innovation trends using
ropensity score matching. We also check robustness of our main results towards using
n instrumental variable method. Finally, we link our empirical results to a theoretical
odel of competition in differentiated products among heterogeneous firms. 
In our theoretical model, we analyse a three-player oligopoly market in which firms can

nvest in product innovations. While there are two firms with relatively low innovation
osts, there is also one firm which faces higher costs of innovating. We compare profits
nd innovation levels (i) for the pre-merger oligopoly and (ii) for the post-merger market
tructure in which one of the firms with higher innovation levels has purchased the less
nnovative rival firm. The key results from the model are that a merger has (i) a negative
ffect on the merged entity’s innovation efforts in an industry with high research intensity
nd (ii) a negative effect on non-merging competitors in an industry with high research
ntensity provided the target firm conducts relatively little innovation compared to other
rms before the merger. Our model also predicts that negative effects of mergers on
nnovation are more likely to occur when pre-merger competition is intense and less
ikely when an industry’s R&D intensity is low. 

Our empirical analysis is based on a sample of pharmaceutical mergers under scrutiny
y the European Commission between 1991 and 2007. The pharmaceutical industry
s an interesting case study for the relationship between mergers and innovation for
everal reasons. First, according to the EU Industrial R&D scoreboard, 2 it is among the
ndustries with the highest R&D to sales ratio (above 13%) and pharmaceutical firms
2 The R&D scoreboard is available at http://iri.jrc.ec.europa.eu/scoreboard17.html . 

http://iri.jrc.ec.europa.eu/scoreboard17.html
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account for more than 20% of total R&D spending among top 1000 firms in Europe.
Further, the industry has experienced a series of large mergers that raised policy concerns
about negative effects on innovation in the industry (e.g., Morgan, 2001; Comanor and 

Scherer, 2013 ). For instance, in a recent speech, a former president of global research and
development at Pfizer, John LaMattina, claimed that “mergers are bad for science, bad 

for patients, bad for medicine” since they had reduced drug companies’ R&D budgets 
and the number of firms engaging in innovative activity. 3 

A unique feature of our data set is that it contains expert market definitions which
we collect from merger reports by the European Commission. This enables us to identify 

competitors for each merger case. Our empirical results are mainly based on the analysis 
of patent counts as a proxy for innovative activity. We find that mergers are, on average,
associated with a large decline in innovative activity of the merged entity and among non-
merging competitors. This result is consistent with the theoretical model’s prediction for 
markets with a high research intensity—which arguably applies to most pharmaceutical 
markets. It is robust towards using a propensity score matching approach combined 

with a difference-in-differences (DiD) estimator and applying an instrumental variable 
(IV) strategy. Our empirical results are also consistent with other implications of the 
theoretical model. We find that the decline in innovation after mergers is concentrated in
markets with high pre-merger innovation intensity, while rival firms sometimes increase 
their innovation as response to mergers in markets with low research intensity. Further, 
we find that the effects for merged entities and their competitors mainly stem from
technology fields with pre-merger overlap of acquirer, target and rivals indicating that 
the results are driven by a change in competition after mergers. 

The remainder of the article is structured as follows: The next section provides an
overview of the related literature, Section 3 presents our theoretical model. The data and
empirical strategy are described in Sections 4 and 5 , respectively. Results of the empirical
analysis are presented in Section 6 . Section 7 concludes. 

2. Related literature 

The theoretical literature on the relationship between competition and innovation has 
advanced for more than 100 years now, arguably starting with Schumpeter ’s (1912) trea-
tise on the theory of economic development. The first formal model was proposed by
Arrow (1962) who showed that innovation incentives can be stronger in competitive mar- 
kets due to the so-called replacement (or profit) effect. This finding has been qualified 

later, e.g., by Gilbert (2006) for horizontally differentiated products and by Greenstein 

and Ramey (1998) for vertical product differentiation, and in particular by Gilbert and 

Newbery (1982) who pointed towards the competitive threat effect which may drive mo- 
nopolists to innovate more. This result does not hold in general either though, as has been
shown, e.g., by Boone (2001) or Vickers (1985) . Vives (2008) , Aghion et al. (2001) and
3 See, for instance, https://www.pharmaceutical-technology.com/features/featurepharma-mergers-big- 
business- bad- science- 4467897/ , accessed 16 November 2018. 

https://www.pharmaceutical-technology.com/features/featurepharma-mergers-big-business-bad-science-4467897/
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ghion et al. (2005) have used aspects of both approaches, employing an endogenous
rowth model with firms facing either “neck-to-neck competition” or one laggard being
echnologically behind the leader. As the authors show, if product substitutability is high
nd, therefore, competition intense, innovations are unattractive for laggards, but prof-
table for firms in neck-to-neck situations in order to escap e comp etition. In contrast, if
roduct substitutability is low and, therefore, competition soft, innovations are attractive
or laggards, but less interesting for firms in neck-to-neck situations. 

Schmutzler (2013) has recently presented a unified approach and identifies several
hannels by which competition affects investment. As Schmutzler concludes, “competi-
ion reduces margins, and increases the sensitivity of equilibrium output with respect to
fficiency. Adding to these ambiguities, competition can have positive or negative effects
n equilibrium output and on the sensitivity of prices with respect to marginal costs.
ogether, this explains why the effects of competition on investment are ambiguous.”
It should be noted though that while all of the cited papers deal with the relation-

hip between competition and innovation, they do not specifically address how single
ergers change innovation incentives. This question has, for instance, been addressed by
i (1999) , who explicitly analyses how an exogenous merger in a Cournot model affects

nnovation incentives. As he shows, the b enefit of a small pro cess innovation decreases
ith the number of firms, under reasonably weak conditions. Kleer (2012) uses a linear
ournot model and extends it to a number of related cases such as Stackelberg com-
etition, showing that, departing from the well known merger paradox, mergers can be
rofitable even under Cournot competition, once one accounts for R&D competition,
nd that these mergers can also be welfare enhancing. A similarly spirited model has
 een develop ed by Ishida et al. (2011) . In their asymmetric Cournot mo del with one
ow-cost firm and several high-cost firms, an increase in the number of high-cost firms
ay increase the R&D effort by the low-cost firm. Motta and Tarantino (2017) study the

ffects of mergers when firms compete in prices and cost-reducing investments. They find
hat absent efficiency gains, total investments and consumer surplus are lower after the
erger. The effects of a merger are pro comp etitive only if efficiency gains are sufficiently

arge. Bourreau et al. (2018) analyse the impact of horizontal mergers to monopoly on
rms’ incentives to invest in demand-enhancing innovation. The authors find that the
verall impact of a merger on innovation can be either positive or negative. In contrast,
ederico et al. (2017, 2018) and Denicolò and Polo (2018) analyse the effect of a merger
n product innovation in a patent-race-like setting in which the scope of R&D invest-
ents has an impact on the probability of success but not on the value of the innovation.
epending on the assumption how R&D expenditure is spread across the merging firms,
orizontal mergers can spur or reduce innovation. 4 , 5 Our approach relates to these mod-
4 Bourreau et al. (2018) show formally that given demand-enhancing innovation in an industry with sym- 
etric firms before the merger, most demand specifications considered by Federico et al. (2018) and Motta 
nd Tarantino (2017) can only lead to less innovation activity as a result of the merger. 
5 For an overview of the recent literature, see Jullien and Lefouili (2018) . 
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els, but differs as we allow firms to vary in their R&D cost function, thereby endogenising
the merger decision to some extent. 

The results of existing empirical studies on mergers and innovation in the merged 

entity have been mixed and seem to depend on b oth pro duct and technology market
characteristics (see Cassiman et al., 2005; Veugelers, 2006 ). 6 As discussed in Filson et al.
(2015) , this is also true for studies focusing on the pharmaceutical industry which are
most closely related to our article. For instance, Ornaghi (2009a) provides evidence for 
a negative asso ciation b etween mergers and innovation, measured by patents and R&D
expenditures, among big pharma firms. In contrast, Grabowski and Kyle (2008) find 

positive effects on innovation outcomes at later stages from acquisitions of mostly small 
firms. 

Szücs (2014) analyses a sample of mergers across different industries under scrutiny 

by the European Commission. He finds that mergers can reduce the R&D efforts of both
acquiring and target firms but does not analyse effects on non-merging competitors. 
At the industry level, only small effects of M&As on R&D show up in Bertrand and
Zuniga (2006) . As they define markets by standard industry classifications, they cannot 
distinguish between merging firms, competitors, suppliers and firms which compete in 

different product or geographical markets. Clougherty and Duso (2009) , Duso et al. 
(2010) and Gugler and Szücs (2016) study the effects of mergers on profitability, sales,
and firm value of competitors in well-defined product markets, but they do not analyse
innovation outcomes. Filson et al. (2015) provide evidence that increases in rivals’ stock 

market returns are a predictor for declining R&D intensity of merging firms, but the
innovation activities of competitors are not analysed. Empirical studies that investigate 
the role of innovation as a determinant of M&As often find that the level of innovative
activity as well as technological similarity between firms increase the likeliho o d of mergers
(e.g., Bena and Li, 2014; Ornaghi, 2009a; 2009b; Frey and Hussinger, 2011 ). 

To the best of our knowledge, evidence on the effects of mergers on innovation activities
of rivals is scarce. Uhlenbruck et al. (2017) find that mergers are associated with an
index of various actions of competitors which include innovation-related variables like 
new product introductions and product improvements. Valentini (2016) finds a negative 
correlation between merger activity and innovation of rivals in a sample consisting of 
63 listed companies in the pharmaceutical industry. His definition of rival firm is based
on technological proximity of firms measured from patent stocks rather than overlap 

in product markets. Further, it is unclear whether the estimated associations reflect 
correlations or a causal effect of mergers. In contrast, our article analyses a larger sample
of listed and unlisted firms and defines rivals based on exp ert pro duct market definitions
by the European Commission. We use propensity score matching to proxy counterfactual 
6 See, for instance, Bena and Li (2014) , Phillips and Zhdanov (2013) and Guadalupe et al. (2012) for recent 
contributions. Another strand of related empirical literature studies the relationship between competition 
and innovation in general. See Shu and Steinwender (2018) for an overview. 
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utcomes and show that responses of rival firms are concentrated in technological areas
hich are likely to be affected by the merger. 

. A model of mergers and product innovation 

.1. Setup 

We consider a market with three firms which compete in innovations and prices. Two
f these firms are more efficient, i.e., they are better at innovating in a sense to be
ade precise below. The third firm is less efficient and finds it harder to (successfully)

nnovate. 7 As we will see, the above-mentioned clearcut outcome for symmetric firms
ith regard to lower post-merger R&D incentives can break down when some firms are
symmetric with respect to R&D costs. 8 

It is assumed that in the event of a merger, one of the efficient firms merges with the
ess efficient firm. Moreover, it is assumed that a merger leads to a (costless) technology
ransfer, i.e., the less efficient firm can use the efficient technology in case it is maintained
s part of the merged entity (see below). 9 We make use of (a combination of) recent
ontributions to analyse a scenario with non-drastic innovation and non-stochastic R&D
fforts ( Bourreau et al., 2018 ; Federico et al., 2018 ). 10 

We consider a linear demand system, generated by the following utility of a represen-
ative consumer ( Singh and Vives, 1984; Sutton, 1998; Symeonidis, 2000 ): 

U ( q, I ) = 

n ∑ 

i =1 

(
a i q i − q 2 i 

)
− σ

n ∑ 

i =1 

n ∑ 

j>i 

q i q j − I, (1)

here I = 

∑ n 
i =1 p i q i and a i = a ( γi ) = 1 + γi , with γi denoting the scope of R&D in-

estment by firm i . Hence, it is assumed that firms’ innovations increase customers’
7 Note that allowing for three different levels of efficiency does not qualitatively change our results as long 
s—in line with our data—the efficiency of the second-most efficient firm is sufficiently close to the one of 
he most efficient firm. See also the explanation of Fig. 1 where we discuss this issue in more detail. 
8 Note that we do not consider market entry here. See, for instance, Gowrisankaran (1999) for a dynamic 
odel with entry and exit decisions. As we discuss below in Section 4 , our empirical analysis focuses on 
orizontal mergers between big pharmaceutical firms which potentially raised anti-competitive concerns. 
e believe that due to entry barriers in the pharmaceutical industry, it is unlikely that there is significant 

ntry of new big firms that successfully innovate within a relatively short time frame that is captured by 
ur sample p erio d. Hence, we abstract from p ost-merger entry in the theoretical mo del as well. Further, as 
e do not consider generic drugs in our empirical analysis, these are absent from our theoretical model as 
ell. For an elaborated dynamic model on the introduction and withdrawal of patented and generic drugs, 
ee Filson (2012) . 
9 Note that our results do not change qualitatively when we assume that there is no (perfect) technology 
ransfer. See also the explanation of Fig. 1 where we discuss the impact of a lack of technology transfer. 
10 In the Appendix, we provide an additional model of a patent race with drastic and stochastic innovation 
fforts in the spirit of Federico et al. (2017, 2018) . To us, these two scenarios appear to be most relevant 
or the pharmaceuticals market. Indeed, R&D in the pharmaceutical industry can be broadly segmented 
nto innovative efforts that lead to improvements of existing drugs on the one hand and efforts to make 
reakthrough innovations which result in patent races on the other hand. 
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willingness to pay for their products. The parameter σ ∈ [0, 1] indicates the degree of
horizontal product differentiation, where products are independent for σ = 0 . 

For reasons of simplicity, we abstract from any fixed and variable cost, but assume
that product innovation is costly. Moreover, we inject some heterogeneity into our model 
by assuming that firms 1 and 2 can innovate at lower costs than firm 3. In particular,
research efforts γi by firm i lead to costs of 

C( γi ) = 

⎧ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎩ 

kγ2 
i 

2 for i ∈ { 1 , 2 } 
( b + k) γ2 

i 

2 for i = 3 , 

where k ≥ k : = (1 + σ)(2 + σ(3 − σ)) / (1 − σ)(2 + 3 σ) 2 is a measure of the R&D intensity
in the market, i.e., the industry is more (less) research-intensive for low (high) values of
k . 11 k is assumed to be sufficiently large which ensures that the inefficient firm 3 indeed
serves some customers in the pre-merger equilibrium. Moreover, b ≥ 0 measures the scope 
of heterogeneity (inefficiency). 

In the no-merger scenario and in the event of a merger, the timing of decisions is as
follows: (i) firms decide on their innovation efforts, (ii) firms set prices in the product
market, and (iii) customers make their purchase decision. 

3.2. Results 

In this part, we analyze the competitive outcome without a merger and compare it to
the situation in which one of the efficient firms merges with the inefficient firm. Hence,
we rule out a merger between the two dominant players and concentrate on the effects of
a merger between a large firm and the small firm. As we shall see later, this assumption
resembles the empirical merger pattern observed in our data. We show below that a
merger between firm 1 and 3 is profitable for the two firms involved. 

We derive the equilibrium results for R&D investments and profits for the following 
three scenarios 12 : (i) no merger, (ii) merger and the previously inefficient firm is kept as
part of the merged entity, and the acquirer coordinates both the R&D investments and
the prices for the two firms, and (iii) merger and the inefficient firm is shut down. 

With regard to merger profitability and the shutdown of the inefficient firm, we can
state the following proposition: 

Proposition 1. A merger is always profitable. There exists a threshold k ′ ′ such that for
any k ∈ [ k , k ′ ′ ], the inefficient firm is shut down, whereas it is kept for any k > k ′ ′ . 
11 Note that one could also consider total expenditures C ( γi ) spent on research as a measure for research 
intensity. It turns out that in our setup, a higher value of k leads to lower costs despite a lower R&D level. 
12 We will not present the analytical solutions in the main text but refer the reader to the Appendix. 
For simplicity and readability, we will provide the outcomes for the case in which σ = 1 / 2 . This case is 
illustrated in Fig. 1 (see also the discussion of marginal changes in σ below). 
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The results in Proposition 1 can be explained as follows. For large values of k , i.e.,
 > k ′ ′ , the standard logic of mergers in Bertrand markets with differentiated products
nd symmetric firms (see, e.g., Belleflamme & Peitz, ch. 15, 2015 ) prevails. Innovation
osts are relatively high and, as a consequence, relatively little innovation activity is
ursued. In this case, keeping both firms is optimal. Moreover, since prices are strategic
omplements, and the merged entity’s competitor sets a higher price after the merger,
rofits of the merged entity increase. 
Now if k is relatively small, i.e., k ≤ k ′ ′ , there is the additional positive effect of granting

he previously inefficient firm access to a superior research technology. This means that
hen the firm is kept, a merger is profitable. However, as the proposition highlights,

t is even more profitable to shut down the inefficient firm. This is due to the fact
hat competition puts a relatively stronger focus on R&D, and research investments are
trategic substitutes here: Because there is less return to investment (due to a lower price)
hen a competitor invests more in R&D, a firm has smaller incentives to do research. As
 result, firms invest less than a monopolist would do. Now when an additional firm in
he market can do research at a very low cost and will therefore invest quite a lot, this
as a negative effect on the return to investment for the other firms. As a consequence,
he efficient firm decides to shut down the inefficient firm. 

Next, we turn to the comparison of the merged firms’ pre- and post-merger investment
ecisions. We can state the following result: 

roposition 2. There exists a threshold k ′ < k ′ ′ such that for any k ∈ [ k , k ′ ], the merged
ntity invests less in R&D. For k ∈ [ k ′ , k ′ ′ ], there exists a threshold b γ13 ( k) such that the
erged entity reduces (increases) its R&D efforts for any b ≤ b γ13 ( k) ( b > b γ13 ( k) ). The
erged entity invests more in R&D for any k > k ′ ′ . 

Given the merged entity’s decision to shut down the inefficient firm, we find that—in
ine with the literature—the outside firm benefits from the merger due to less intense
omp etition (b oth in the price and the research dimension). With regard to the outside
rm’s pre- and post-merger research investments, we arrive at the following result: 

roposition 3. For any k ∈ [ k , k ′ ], there exists a threshold b γ2 ( k) such that the outside
rm invests less (more) in R&D after the merger for any b ≥ b γ2 ( k) ( b < b γ2 ( k) ). 

To summarise the results from the two propositions, note that for relatively small
alues of k (i.e., relatively R&D-intensive industries), the merged entity will always reduce
ts innovation efforts compared to the joint pre-merger innovation efforts of firms 1 and
. The outside firm will also reduce its innovation level when b is sufficiently large, i.e.,
hen firm 3 is relatively small and the firms are, therefore, relatively asymmetric. In case

he industry under consideration is less research-intensive (i.e., k is relatively high), the
utside firm 2 will always increase its innovation efforts after the merger, whereas the
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merged firms may increase or reduce their innovation efforts, depending on heterogeneity 

b . 
To explain these findings, recall again that R&D investments in the competitive envi- 

ronment are below those a monopolist would choose. Now when the number of firms in
the market remains unchanged after the merger (large k ), there is less competition due
to coordination by the merged entity. As a result, firms will move closer to the monopoly
solution and increase their research efforts. 

Consider next the case in which the inefficient firm is shut down in the event of a
merger. Note that without a merger, the efficient firms increase their R&D efforts as the
heterogeneity increases. Moreover, the so-called business-stealing effect is weaker in a 
duopoly market than in a three-player market. Whereas both firms’ individual quantities 
and prices are higher under a duopoly than in a three-player market, the joint pre-merger
quantity of firms 1 and 3 is always larger than the post-merger quantity of the merged
entity. Also note that innovation costs are convex so that the marginal cost of investment
in innovation is increasing. Furthermore, when comparing innovation efforts we also have 
to take into account that firm 3’s efforts are removed after the merger. 

For the merged entity, there are opposing effects: On the one hand, there is an R&D-
enhancing effect, because fewer firms in the market imply higher returns to investment. 
On the other hand, there are R&D-decreasing effects: the removal of the inefficient firm’s
innovation efforts and the reduced business-stealing effect. The convexity of the inno- 
vation cost function can have enhancing or decreasing effects, depending on the size 
of the inefficiency. Taken together, the R&D-decreasing effects dominate for sufficiently 

low heterogeneity, where pre-merger innovation efforts are particularly high due to cost 
convexity. 

With regard to the outside firm, when b is sufficiently large, i.e., the inefficient firm
is relatively small, the additional market share gained by firm 2 (the externality of the
merger) is relatively small, and the reduced business-stealing effect dominates. As a 
consequence, firm 2 actually reduces its investment. In contrast, when b is relatively 

small and, therefore, firm 3 relatively large, the additional market share gained by firm
2 suffices to increase its innovation incentive even though the business-stealing effect is 
reduced. Our results are illustrated in Fig. 1 . The four regions represent the various cases
discussed in the propositions. 13 

Let us briefly discuss how different extensions to the base model affect the four regions
depicted in the figure. As far as the impact of product substitutability is concerned, we
find that as pro ducts b ecome closer substitutes (greater values of σ), the lines defining the
13 Note that a low value of k means that for a given value of b , asymmetry is biggest. However, our results 
do not qualitatively change if we keep the relation between innovativeness and asymmetry constant. If we 
introduce a line with a slope of one in Fig. 1 , it is easy to see that moving along this line (i.e., increasing 
k [and b ]) has the same effects as those describ ed ab ove. More precisely, for low levels of k , the outside 
firm and the merged entity both decrease their R&D efforts after the merger. For medium levels of k , only 
the merged entity decreases its efforts, whereas the outside firm invests more. Finally, for large values of k , 
post-merger R&D investments are above those before the merger. 
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Fig. 1. Implications of a merger with non-drastic innovations (for σ = 1 / 2 ). Notes: Region A : The merged 
entity shuts down the inefficient firm. The merged entity and outsider invest less in R&D. Region B: The 
merged firm shuts down the inefficient firm. The merged entity invests less in R&D, whereas the outside 
firm invests more. Region C: The merged entity shuts down the inefficient firm. The merged entity and the 
outside firm invest more in R&D. Region D: The merged entity keeps the inefficient firm. The merged entity 
and the outside firm invest more in R&D. 

f  

o  

i  

o  

i  

w  

A  

m  

f
 

t  

b  

t  

c  

m  

c  

D

our regions in Fig. 1 move to the right. This means that for a given low to medium value
f k (such that both scenarios do not result in the inefficient firm serving no customers),
t is more likely (i.e., for a greater range of values for b ) that the merged entity and the
utside firm invest less in R&D after the merger. As a higher degree of substitutability
mplies more intense competition, a merger has a stronger competition-relaxing effect,
hich is mirrored in lower relative incentives to invest in R&D following the merger.
nalogously, when products become less substitutable (smaller values of σ), the lines
ove to the left, and it is more likely that firms invest more in R&D after the merger

or given small values of k . 
With regard to the possibility of transferring the superior technology from the efficient

o the inefficient firm, we point out that without a (perfect) technology transfer (i.e.,
 > 0 holds for firm 3 also after the merger), results do not change qualitatively. Indeed,
hose comparisons that lead to regions A , B, and C are unaffected, because firm 3 is
losed down in any case. However, as closing down the less efficient small firm becomes
ore profitable, regions B and C become larger (i.e., k ′ ′ moves to the right). What

hanges, though, is that the merged entity always invests less in innovation in region

now. 
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Turning to the question whether our results are robust when the two large firms also
differ in their efficiency levels, we allow for heterogeneity of firms 1 and 2 by assuming
that firm 2 is (slightly) less efficient than firm 1. 14 In particular, assume that—similarly to
the inefficiency introduced for firm 3—firm 2 can only innovate at higher marginal costs,
i.e., k is augmented by some additive factor. In this case, region A becomes smaller, i.e.,
it is less likely that the outside firm invests less as a result of the merger. As the merger
softens competition, its efficiency disadvantage is less pronounced such that investing in 

R&D becomes more attractive. At the same time, the critical lines for regions C and
D move to the right, i.e., it becomes more likely that the merged entity’s post-merger
investments are lower than those before the merger. We can thus summarise that allowing 
for various extensions to the base model does not change our results qualitatively. 

3.3. Hypotheses 

Given these theoretical findings, we can derive the following testable hypotheses: 

Hypothesis 1. In research-intensive industries (small k), a merger has negative effects 
on the merged firm’s innovation efforts. 

Hypothesis 2. In research-intensive industries (small k), a merger has negative effects on 

the outsider’s innovation efforts if the merger involves a relatively small firm (large b). 

Hypothesis 3. As products become more (less) substitutable, it is more (less) likely that
the merged entity and the outside firm invest less in R&D after the merger. 

Hypothesis 4. In less research-intensive industries (medium k), a merger has negative 
effects on the merged firm’s innovation efforts unless the merger involves a relatively 
small firm (with large b). When the research intensity is very low (large k), a merger has
positive effects on the merged firm’s innovation efforts. 

Hypothesis 5. In less research-intensive industries (medium to large k), a merger has 
positive effects on the outsider’s innovation efforts. 

4. Data and variables 

For the empirical analysis, several data sources were combined. Data on mergers 
were collected from the website of the European Commission ( http://ec.europa.eu/ 
competition) which examines all mergers in which the annual turnover of the combined 

entity exceeds certain thresholds in terms of global and European sales. We downloaded 

all reports which referred to mergers that affected the pharmaceutical industry (defined 
14 Note again that in pharmaceutical markets that we investigate empirically, the two largest firms do not 
differ greatly in their efficiency. 

http://ec.europa.eu/competition
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y NACE Rev. 2, Section 21) between 1991 and 2007. All reports include a market defi-
ition by officials of the European Commission and the names of all competitors active
n the relevant product markets. 15 This results in a much more accurate definition of
ival firms than a classification solely based on NACE or SIC codes. According to offi-
ial figures, there are several thousand European firms—and several hundred firms per
ountry—active in the pharmaceutical industry (e.g., Eurostat, 2009 ). In contrast, the
edian number of firms affected by a merger in our sample is 10. 16 It should be noted the

elected mergers are horizontal mergers among rather big pharma firms that potentially
aised anti-competitive concerns. Therefore, our analysis does not include acquisitions of
mall young biotech firms. 

We collected the names of all acquirers, targets and competitors from the reports
nd deleted a few firms that mainly operate in other sectors like financial companies,
ospitals and non-profit organizations. Our treatment group consists of 65 merger cases,
hich affected a total of 381 firms. 52 firms acquired at least one of 67 target firms, 319
rms were affected by at least one rival firm’s merger. 17 While the sample only contains
ergers that affected Europ ean pro duct markets, it includes more than 20% of firms
ith headquarters outside Europe, mostly US firms. Since limiting our sample to listed
rms would decrease our sample size substantially, we include both listed and non-listed
rms. The number of mergers in our sample is still relatively small, but our data set
as the advantage that it focuses on well defined product markets. The relatively small
umber of firms enables us to carefully account case by case for name changes and newly
ounded firms or subsidiaries after mergers, which is necessary to accurately match data
rom different sources. We believe that this construction and detailed examination of the
ata set are essential to identify the effects of mergers in the relevant market. 
We matched firms from the M&A sample with several other data sources. First, we

ollected accounting data such as sales, R&D and profits from the R&D scoreboard
nd the Amadeus database. 18 We complement the data with information from company
eports available on the internet for those firms whose names could not be matched
o these databases. The remaining pharmaceutical firms from Amadeus and the R&D
coreboard serve as our comparison group. We use Bureau van Dijk’s Zephyr database to
xclude firms that engage in other M&As during our sample p erio d. Further, we exclude
rms that have linkages to our treatment firms via corporate groups. Finally, firms with a
ean value of sales below 2 million Euros based on all available firm-years are excluded to

nsure a minimum of comparability between treatment and comparison group in terms of
15 The same data source has been used in several recent empirical studies on the effects of mergers (see, 
or instance, Duso et al., 2007; 2010; Clougherty and Duso, 2009; Gugler and Szücs, 2016 ). 
16 See, for instance, Werden (1988) for the inappropriateness of standard industry classifications for the 
efinition of antitrust markets. 

17 Some firms were both competitors and part of a merged entity during our sample p erio d. As we discuss 
n the results section, our results are robust towards excluding these firms. 
18 Amadeus is provided by Bureau van Dijk. The R&D scoreboard data is available at: http://webarchive. 
ationalarchives.gov.uk/20101208170217/ http://www.innovation.gov.uk/rd _ scoreboard/ . 

http://webarchive.nationalarchives.gov.uk/20101208170217/
http://www.innovation.gov.uk/rd_scoreboard/
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firm size. 19 For a subsample of firms, we were able to collect data from the Entrepreneurial
Studies Source provided by EBSCO Publishing. This database extracts data on the firms’ 
main competitors from company accounts and industry reports. We use this information 

to define rival firms for a subsample of our comparison group which is necessary for the
implementation of our IV strategy. 

Data on patent applications comes from the PATSTAT database, which has been de- 
veloped by the European Patent Office (EPO) and the OECD. We collected patent ap-
plications for the years 1978–2015 for all companies in our sample. From the database we
extracted application date, patent citations and technology class assigned to each patent. 
To ensure that different regulations across patent offices in different countries do not af-
fect our results, we restrict our analysis to patents filed to the EPO. We therefore exclude
most innovation activity that is unrelated to the geographical and product markets that 
have raised anti-competitive concerns. 20 Our main innovation indicator is the number of 
patents per year. We only count patents that are ultimately granted but date them back
to the application year. A firm’s patent stock is defined as: PS it = ( 1 − δ) PS i,t −1 + P it 

(see, e.g., Bloom and Van Reenen, 2002 ), where δ denotes a knowledge discount factor
which is set to 0.15 as it is common in the innovation literature. The patent stock in
the year 1978, the first p erio d we observe patent counts, is set to zero. This inaccuracy
diminishes over time due to the depreciation of knowledge and thus becomes negligible 
in our main sample p erio d (1990–2011). 

Our sample includes a few firms that do not engage in patenting at all, mainly produc-
ers of generic pharmaceuticals. We do not exclude them from the sample, because M&As
might affect the decision to engage in innovation in the first place, although including 
these firms is not crucial for our results. Our sample includes up to 30,000 firm-year
observations with information on patent applications for the years 1990–2009 for some 
1900 firms. Patent applications for the years 1978–1989 are used to construct a measure
of pre-sample innovation activity. The subsample of firms for which we can identify com-
petitors spans around 1000 firms and 12,000 firm-year observations. Data on R&D could 

only be collected for about 10,000 firm-years as this variable is mainly available from the
late 1990s and not for all firms. 

It is useful to briefly discuss the innovation process in the pharmaceutical industry to
understand what we measure by patent counts. The innovation process in pharmaceutical 
firms can be divided into a discovery and a development stage. 21 The discovery phase
19 All results are qualitatively robust to restricting the comparison group either to firms from the Amadeus 
database or the R&D scoreboard. 
20 The definition of pharmaceutical patents is based on Hall et al. (2001) (see also Ornaghi, 2009a ). It 
includes a total of 14 patent classes from the USPTO: Drugs – patent classes 424 and 514; Surgery and 
Medical Instrument – 128, 600, 601, 602, 604, 606 and 607; Biotechnology – 435 and 800; Miscellaneous Drug 
and Medicals – 351, 433 and 623. We used the USPTO website to map these technology classes into the 
European patent system (cf. http://www.uspto.gov/web/patents/classification/index.htm ). We also checked 
the robustness of the results towards using a narrower definition of pharmaceutical patents as employed by 
Harhoff and Reitzig (2004) . 
21 See Malerba and Orsenigo (2002) for a detailed description of the innovation process in the pharmaceu- 
tical industry. 

http://www.uspto.gov/web/patents/classification/index.htm
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ims at detecting promising molecules, so called new chemical entities, which form the
asis for further drug development and clinical trials. As soon as a molecule is discovered,
 firm applies for a patent to secure the exclusive exploitation of the economic returns
rom drug development ( Ornaghi, 2009a ). Hence, our patent-based indicators primarily
apture the effects of mergers on innovation in the discovery stage. 

Using patent applications as an innovation indicator is advantageous in our application
or several reasons. First, patent applications are available for a long time span which
llows us to control for the relevant history of a firm’s innovation activities. Patent
pplications are also available independent of a firm’s listing status and are less affected
y accounting manipulations and different reporting rules across countries than R&D
xpenditures. Further, as we discussed in the description of the innovation process, effects
n patent applications can arise shortly after a merger, while a much longer time series
imension would be necessary to study innovation outcomes based on final products. As
he number of patents is derived from administrative data, this indicator does not have
o rely on self-reported measures of new products and processes, which are often used
n innovation studies. Patenting is costly and a granted patent requires a certain degree
f novelty which reduces the risk of counting innovations of little relevance. For our
pplication, it is also useful that patents contain information about technology fields.
his enables to identify fields in which acquirer, target and rival firms have patented
efore and after the merger which we use to estimate heterogeneous treatment effects. We
xploit international patent classifications (IPC) at the 7-digit level which can be divided
nto 64 different pharmaceutical fields in our sample. 22 Finally, the number of patents is
 well-established indicator of innovation which has been used in several recent studies
 Aghion et al., 2009; 2013; Bena and Li, 2014; Seru, 2014 , to name a few), and patent
pplications seem to be highly correlated with other common indicators of innovative
erformance (e.g., Hagedoorn and Cloodt, 2003; Griliches, 1998 ). 23 
Table 1 shows descriptive statistics for pre-merger values of several variables sep-

rately for merging firms, their competitors and other non-merging firms. The table
hows considerable differences in innovation activities across the various groups. Acquir-
rs are characterized by the highest innovation levels—indicated by the number of patent
pplications as well as by the cumulative patent stock. The same is true if we look at
itation-weighted patents or R&D expenditures. They are, however, only slightly more
nnovative than their non-merging competitors and these differences are insignificant at
onventional levels of significance. All innovation indicators suggest that target firms are
ess innovative than their acquirers and rivals (statistically significant at the 1% level).
 similar pattern emerges when we look at innovation indicators relative to sales. For
22 An example of a 7-digit technology class is “Preparations for dentistry”. 
23 The downside of using patents as an innovation indicator is that not every innovation becomes patented, 
nd depending on firms’ innovation strategies, firms may make more or less use of formal intellectual property 
IP) rights protection (see, for instance, Jaffe and Lerner, 2004; Hall and Ziedonis, 2001; Ziedonis, 2004 ). 
owever, since pharmaceutical firms usually patent all of their discoveries, these shortcomings seem less 

mportant for our application. Nonetheless, we also provide some evidence on the effects of mergers on 
itation-weighted patents and on R&D expenditures for a subset of our data. 
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Table 1 
Summary statistics. 

Variable Acquirer Target Competitor Non-M&A All 

Patents # patents 50.10 20.86 45.70 2.71 12.81 
(121.5) (63.3) (161.5) (17.2) (78.9) 

Citations # citation-weighted patents 152.78 62.74 141.75 7.28 38.81 
(367.3) (221.3) (508.7) (52.3) (247.9) 

Patent stock Cumulative # of patents 256.84 91.85 219.16 21.92 68.35 
(15% yearly depreciation) (666.6) (248.8) (788.9) (203.4) (417.9) 

Citation stock Cumulative # citations 814.64 295.61 706.55 39.75 196.76 
(15% yearly depreciation) (1969) (891) (2444) (288) (1204) 

R&D R&D expenditures 1685.1 967.2 1551.5 574.1 712.5 
(Euro million) (1476) (1397) (1500) (1080) (1198) 

Patents / sales # patents/ 1.28 0.77 1.21 1.03 1.08 
Sales (12.62) (10.49) (18.67) (32.01) (28.35) 

Citations /sales # citation-weighted patents / 3.25 0.79 3.19 0.92 1.55 
sales (32.71) (10.13) (70.51) (24.18) (41.23) 

Patent stock / sales Cumulative # of patents / 72.71 35.87 40.01 5.48 16.94 
sales (600.29) (419.97) (1442.29) (97.80) (741.94) 

Citation stock / sales Cumulative # citations / 18.56 3.52 16.74 5.06 8.35 
sales (177.80) (33.62) (299.00) (80.51) (167.62) 

R&D / sales R&D expenditures 0.17 0.14 0.17 0.14 0.16 
(Euro million) (0.25) (0.20) (0.13) (0.18) (0.15) 

Sales Sales 5664.7 3857.6 3864.8 3093.1 3375.9 
(Euro million) (9788) (8668) (8924) (7265) (7842) 

Profitability Gross profits / sales 0.11 0.06 0.11 0.10 0.10 
(0.19) (0.19) (0.18) (0.22) (0.21) 

Tech.proximity rivals Average technological 0.29 0.30 0.31 0.05 0.17 
proximity between firm’s rivals (0.27) (0.28) (0.22) (0.14) (0.23) 

Tech.proximity(i) Technological proximity – 0.33 0.31 0.09 0.22 
to potential acquirers – (0.38) (0.35) (0.25) (0.35) 

Co-location = 1 if share of 0.44 0.43 0.79 0.29 0.39 
co-located rivals > 1 (0.50) (0.50) (0.41) (0.45) (0.49) 

Notes: Table shows mean values with standard deviations in parentheses. Statistics for acquirers, targets 
and rivals are based on pre-merger observations. R&D values are based on a reduced sample. 

 

 

 

 

 

 

most indicators, acquirers look similar to non-merging competitors before the merger 
but display higher innovation intensity than target firms. The pre-merger differences be- 
tween acquirers, targets and competitors are in line with our model setup which focuses
on a merger between an acquirer with high innovation activity and a target firm that
conducts relatively little innovation. Acquirers are the largest firms within the sample 
measured by the amount of sales. On average, acquisition targets are relatively large but
less profitable than firms in other markets and have similar values of sales compared
to non-merging competitors. However, these figures include sales and profits which are 
generated in non-pharmaceutical product markets as well. 

Table 2 shows patent-based measures of consolidated companies in the pre-merger 
year and four years after a deal. The table indicates an average decline in innovation
output in the merged entity four years after a merger compared to the pre-merger p erio d
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Table 2 
Pre- and post-merger levels of patenting activity. 

t −1 t +4 t −1 t +4 
merged entity merged entity competitor competitor 

Patents 103.40 82.63 61.95 51.60 
Citations 325.02 292.88 208.39 168.92 

Notes: Table shows mean values of patent outcomes one year before and 4 years after a merger. t refers to 
the year of the merger. For the merged entity, all patents in which either the acquirer, the target or the new 

entity appear as applicants are counted. 
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f more than 20%, while competitors experience a reduction of about 16%. The amount
f reduction is quite remarkable since there is a positive time trend for all innovation
ndicators in the data set. For instance, the average growth rate of yearly patent appli-
ations over a 5-year interval is about 17%, and M&A activity seems to b e asso ciated
ith changes in innovation activities that substantially outweigh this overall time trend.

n the next section, we describe how we analyse post-merger changes in innovation in
ore detail. 

. Empirical strategy 

Our empirical strategy aims to identify the causal effect of mergers on the merged
ntity and its rivals. For this purpose, we employ propensity score matching (to construct
he counterfactual) and combine it with a DiD estimator in order to evaluate the impact
f a merger. 24 In particular, we are interested in the average treatment effect on the
reated (ATT), s p erio ds after a treatment p erio d t , which is defined by a comparison
etween the actual post-merger outcome of firms in the relevant market and the situation
ad no merger taken place. The quantity to be estimated can be expressed as: 

ATT = E[P 

1 
t + s | X t −1 , MA t = 1] − E[P 

0 
t + s | X t −1 , MA t = 1] , (2)

here P 

1 
t + s denotes the observed innovation (patenting) outcome in case of a merger, P 

0 
t + s

tands for innovation in the absence of a merger (i.e., the counterfactual), X contains a
et of control variables and MA t is a dummy variable taking value 1 if a merger has
aken place at time t . For merging firms, P and X denote combined values of acquirer
nd target during pre- and post-merger periods. 25 

We first estimate two propensity scores from Probit models: ˆ pr ( MA it = 1 | X i,t −1 ) , the
redicted probability of conducting a merger, and ˆ pr ( Comp it = 1 | X i,t −1 ) , the predicted
robability that two of firm i ’s competitors merge at time p erio d t . This allows us to
24 Due to the absence of random assignment and reliable instruments, the M&A literature usually compares 
utcomes of merging firms to those of non-merging companies with similar characteristics (e.g., Braguinsky 
t al., 2015 ). Propensity score matching methods have been widely applied in the context of evaluating 
&As recently (see, for instance, Guadalupe et al., 2012; Javorcik and Poelhekke, 2017 ). 

25 It is common in the M&A literature to treat merging firms as a combined entity b oth b efore and after 
 merger (e.g., Gugler and Siebert, 2007; Conyon et al., 2002a; 2002b ). 
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construct separate control groups for merged entities and their rival firms based on ob-
servable characteristics. To avoid reverse causality problems, the vector X t −1 contains 
only pre-merger variables. 

Instead of comparing differences in the levels of outcomes between different groups, 
we focus on within-firm changes of outcome variables (e.g., Arnold and Javorcik, 2009; 
Chen, 2011; Guadalupe et al., 2012; Javorcik and Poelhekke, 2017 ). We can therefore
control for time-invariant unobservables through a DiD estimator, while time-constant 
and time-varying observables are controlled through the propensity score. The proce- 
dure also allows the selection into the groups of merging and rival firms to be based
on the expected impact of mergers on innovation ( Heckman et al., 1997 ). Nevertheless,
unobserved time-varying factors that influence both merger probability and patenting, as 
well as heterogeneous responses to macroeconomic shocks across treatment and control 
groups, would lead to biased estimates. This caveat has to be kept in mind when inter-
preting the results. However, as we discuss below, the fact that treatment and matched 

control groups have very similar pre-merger trends gives us confidence in the accuracy 

of our results. Another concern is that we have to assume that our comparison groups
are not affected by mergers, which could, for instance, be violated due to spillovers. We
experiment with alternative control groups to show that a violation of this assumption 

does not seem to drive our results. 
To estimate the propensity scores, we use values of patenting lagged 1–3 years relative 

to merger events as well as the pre-sample (1978–1989) average of the number of patents
and a dummy indicating non-zero innovative activity during that time p erio d. We also
control for the number of citations per patent, the value of sales, the profit to sales ratio
and the year of the merger. 26 Propensity scores are used to construct control groups of
firms with similar characteristics, including pre-merger levels and trends in patenting, 
through nearest neighbour matching. 27 We exclude merging firms’ competitors from the 
sample used to construct a control group for merged entities, and vice versa, to ensure
that control groups are not affected by mergers. Once we have constructed the two 
matched samples, we implement DiD estimators using the following specifications: 

Δln P i,t + s = ϕ s + βs MA it + ε sit 

Δln P i,t + s = φs + γs Comp it + u sit (3) 

where the coefficients β and γ are the DiD estimates of the ATT and s = 1 , . . . , 4 . To
deal with zeros, our dependent variable, Δln P i,t + s , is defined as the change in log of
(number of patents + 1) from year t − 1 to t + s . 28 We analyse the change in patenting
26 For merging firms, all pre-merger variables are measured as the combined value of acquirer and target. 
27 Given that we have a relatively large potential control group of non-merging firms, we choose to conduct 
matching without replacement. This is, however, not crucial for our results. 
28 This transformation of the dependent variable is rather arbitrary but is commonly used in empirical 
studies (e.g., Bloom et al., 2016 ). However, the majority of our treatment and matched control groups file 
patents around the time of mergers and excluding firms with zero patents did not change our results notably. 
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etween pre- and post-merger periods by estimating separate equations for each value of
 . 29 

We also extend our analysis by investigating patents by technology field. This allows
ontrolling for differential trends across patent classes which might be correlated with
erger activity. It also enables us to analyse to which extent the estimated effects of
ergers are concentrated in technology fields in which both acquirer and target were

ctive before the merger. For this purpose, we estimate the following equations. Our
aseline regression at the level of the technology field is: 

Δln P im,t + s = ϕ ms + βs MA it + ε sit 

Δln P im,t + s = φms + γs Comp it + u sit (4)

here P im,t + s denotes the number of patents firm i files in time p erio d t in technology field
 . ϕ ms and φms capture technology-field-specific trends. This representation makes the
nalysis of heterogeneous effects across merger cases straightforward using the following
stimation equations: 

Δln P im,t + s = ϕ ms + βs MA it + βs 2 MA it × overlap im,t −1 + ε sit 

Δln P im,t + s = φms + γs Comp it + γs 2 Comp it × overlap 

c 
im,t −1 + u sit (5)

here overlap im 

takes value 1 if both acquirer and target have patented in technology field
 prior to the merger, overlapc c im,t −1 is a dummy variable indicating overlap between

nnovation activity of acquirer, target and comp etitor i in field m in the pre-merger p erio d.
ntuitively, if mergers affect patenting via a reduction in competition, as predicted by our
heoretical model, the effects should be concentrated in technology fields where patenting
verlaps before the merger. 

Another prediction of our theoretical model is that negative effects are more likely to
ccur in highly innovative (low k ) industries. To test this prediction, we proxy a markets’
nnovativeness by the average pre-merger patent stock in a technology field across firms
nd estimate Eqs. (4) and (5) separately for markets above and below the median. In
n alternative specification, we interact our merger dummies with the pre-merger patent
tock at the market level. 
29 Merging firms are treated as one firm before and after mergers. In cases in which acquirer and target 
emain separate legal entities after a merger, we use the sum of acquirer and target patents after a merger. 
o avoid double counting of patents, we assign a patent to either the acquirer or the target in a few cases in 
hich both parties appear as applicants. Inventions that are filed as patents in different countries are only 
ounted when filed for the first time. We carefully checked for name changes and newly founded subsidiaries 
o make sure that we do not omit patents in post-merger periods. 
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Table 3 
Fixed effects regressions. 

(1) (2) (3) (4) (5) 
log(patents) log(citations) log(R&D) profitability log(sales) 

PostMA t −1 −0.6786 ∗∗∗ −0.8883 ∗∗∗ −0.4850 ∗∗∗ 0.0721 ∗∗∗ −0.5614 ∗∗

(0.0507) (0.1079) (0.0978) (0.0238) (0.2822) 
PostComp t −1 −0.0707 ∗∗∗ −0.1003 ∗∗∗ −0.1730 ∗∗∗ 0.0155 ∗ 0.3155 ∗∗∗

(0.0190) (0.0425) (0.0609) (0.0092) (0.0984) 

N 34,637 34,637 14,804 14,804 14,804 

Notes: Table shows the results of linear regressions. P ostMA t −1 and P ostComp t −1 are indicator variables 
which take a value of 1 in all p ost-merger p erio ds for the merged entity and non-merging competitors, 
respectively. Variables are based on consolidated companies before and after M&As. Robust standard errors 
in parentheses. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 

 

 

 

 

 

 

 

 

 

 

6. Results 

6.1. Initial estimations 

Before discussing our matching and IV results, we perform a simple DiD analysis which
ignores endogeneity and selection bias and p o ols across all post-merger years. Specifically, 
we regress several outcomes on two dummy variables, PostMA i,t −1 and PostComp i,t −1 , 

which take value 1 for all post-merger observations of merging firms and competitors, 
respectively, firm-fixed effects and year dummies. The results are depicted in Table 3 .
Estimates for patent counts confirm that within-firm (and within-market) variation in 

M&A activity is associated with a considerable decline in innovation. As column (1) 
shows, innovation output by the merged entity and its competitors decreases on average 
by more than 30 and 7% compared to other firms, respectively. 

Columns (3)–(6) of Table 3 contain results for other outcome variables. As discussed 

in Section 4 , a potential concern with the use of patents as innovation indicator is that
M&As might not only reduce innovation incentives but may also reduce the incentives 
to patent conditional on innovating. However, it is likely that firms will drop strategic 
patents, which usually receive relatively few citations (e.g., Blind et al., 2009 ), in that
case rather than stop patenting major innovations which tend to get a lot of citations.
If mergers affect incentives to patent independent of innovation, we should therefore 
see a rise in citations per patent and thus a smaller association between mergers and
citation-weighted patents compared with non-weighted patents. As column (3) shows, 
using citation-weighted patents instead of simple patent counts yields similar coefficients 
as in column (1); coefficients are even higer in absolute terms. Further, the table shows
that merger activity is correlated with declines in R&D spending for a reduced sample of
firms (column 4). As indicated by the coefficients in column (5), profitability increases in
p ost-merger p erio ds for b oth acquirers and comp etitors (p ossibly due to a reduction of
R&D spending and other investments), which may indicate that mergers in our sample 
are profitable on average. The correlation between M&As and sales depicted in column 
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Table 4 
Estimation of propensity score. 

(1) (2) 
Merged entity Rivals 

log(patents t −1 ) 0.3471 ∗∗∗ 0.1192 ∗∗∗

(0.0964) (0.0195) 
log(patents t −2 ) 0.1249 0.1129 ∗∗∗

(0.3130) (0.0424) 
log(patents t −3 ) 0.0106 0.0409 

(0.2439) (0.0413) 
Citations per patent t −1 0.0151 0.0155 

(0.0960) (0.0105) 
log(pre sample patents) 0.0869 0.1553 ∗∗∗

(0.1361) (0.0251) 
D(pre sample patents > 0) 1.9420 ∗∗∗ 1.2417 ∗∗∗

(0.3725) (0.0744) 
log(sales t −1 ) 0.2811 ∗∗ 0.0369 ∗∗∗

(0.1210) (0.0111) 
Profitability t −1 0.1493 −0.1356 

(1.2839) (0.1537) 

N 4822 7350 
Pseudo R -sq 0.587 0.170 

Notes: Table shows the result from Probit regressions. Dependent variable takes on 
value 1 in the case of a merger. Time-varying regressors are lagged one year relative 
to the merger decision. Regressions include time trends. Robust standard errors in 
parentheses. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0 . 01 . 
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6) are in line with our theoretical model. Non-merging rivals increase their sales after
 merger, while the merged entity decreases its scale of operation compared to the com-
ined pre-merger activities of acquirer and target. 30 The next section discusses whether
he correlations between mergers and innovation hold once we address endogeneity con-
erns. 31 

.2. Results from propensity score matching 

We start discussing results of the matching approach by looking at the estimation
f the propensity score which is documented in Table 4 . A high value of patenting is
 ositively asso ciated with the likeliho o d of a merger in the next p erio d, b oth from merging
nd rival firms’ p ersp ective. Most of the variables lagged further than one year are not
tatistically significant which is likely due to a high correlation of patenting within firms
cross time. Conditional on the value of patenting, firms with higher sales are more likely
o be affected by a merger. Despite large differences across group in unmatched samples
30 Regressions for accounting variables are displayed for the subsample of firm-years for which sales, profits 
nd R&D are available. 

31 The following discussion focuses on unweighted patents counts, although all our main findings hold for 
itation-weighted patents which are highly correlated with the number of patent applications. 
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Table 5 
Balancing property. 

Variable Treated Control t -test p -value 

Panel A: merged entity 
Propensity score 0 .120 0 .121 0 .0 0 .967 
log(patents t −1 ) 3 .810 4 .002 −0 .6 0 .578 
log(patents t −2 ) 3 .555 3 .791 −0 .6 0 .523 
log(patents t −3 ) 3 .657 3 .815 −0 .4 0 .662 
Citations per patent t −1 2 .531 2 .775 −0 .7 0 .481 
log(pre sample patents) 2 .131 1 .904 0 .6 0 .573 
D(pre sample patents > 0) 0 .288 0 .385 −1 .0 0 .304 
log(sales t −1 ) 7 .282 7 .943 −1 .2 0 .228 
Profitability t −1 0 .070 0 .096 −0 .7 0 .491 

Panel B: rival firms 
Propensity score 0 .133 0 .133 −0 .1 0 .961 
log(patents t −1 ) 2 .068 2 .098 −0 .2 0 .867 
log(patents t −2 ) 2 .038 2 .047 −0 .1 0 .962 
log(patents t −3 ) 1 .963 2 .011 −0 .3 0 .786 
Citations per patent t −1 2 .396 2 .346 0 .3 0 .735 
log(pre sample patents) 1 .291 1 .234 0 .4 0 .690 
D(pre sample patents > 0) 0 .384 0 .403 −0 .5 0 .627 
log(sales t −1 ) 6 .569 6 .747 −0 .8 0 .430 
Profitability t −1 0 .110 0 .089 1 .4 0 .167 

Note: Table shows mean differences between treated (merging firms in Panel A, rival firms in Panel B) and 
control observations for the matched sample based on the propensity score. 

 

 

 

 

 

 

 

 

 

 

 

 

 

shown in Table 1 , the balancing property holds after matching as documented in Table 5 .
We cannot reject equality of means across treatment and control groups for any variable
within the matched samples. Most importantly, the values of the propensity scores across 
treatment and control groups are very similar. 

Treatment effects for merging firms and rivals, based on estimating Eq. (3) on the
matched samples, are depicted in Panel A and Panel B of Table 6 . For the merged entity,
coefficients are negative in all post-merger periods but are only statistically significant 
three and four years after a merger. This indicates that it takes some time until adjust-
ments to firms’ research programs are fully realised. The estimates imply a decline in the
merged entity’s patent output of almost 35% ( exp ( −0 . 428) − 1 ) in year t + 3 and about
44% ( exp ( −0 . 579) − 1 ) in year t + 4 . For merging firms’ rivals, the coefficients indicate
almost no adjustment in innovation activity for the first two p ost-merger p erio ds but a
decline in patenting of more than 15% and 25% in the 3rd and 4th post-merger year,
respectively. 

Figs. 2 and 3 show the average trajectories of log patents for merging firms and
rivals relative to their respective control group. Before the merger, both treatment 
groups display very similar trends compared to control firms. After mergers, there is 
a drop in the merged entities’ average innovation outcome (see Fig. 2 ), while competi-
tors of merging firms ( Fig. 3 ) experience a small increase in patenting in the first two
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Table 6 
Average treatment effects on the treated from propensity score matching. 

(1) (2) (3) (4) 
Δlog(patents s ) 

s = t +1 t +2 t +3 t +4 

Panel A: Merged entity 
MA −0.0432 −0.1231 −0.4284 ∗∗ −0.5791 ∗∗

(0.1661) (0.1862) (0.2190) (0.2868) 
N 104 104 104 104 

Panel B: Competitors 
Comp −0.0000 0.0050 −0.1666 ∗∗ −0.3128 ∗∗∗

(0.0748) (0.0728) (0.0791) (0.1073) 
N 636 636 636 636 

Notes: Table shows regressions based on the matched sample after propensity score matching. Dependent 
variable is ln ( patents t + k + 1) − ln ( patents t −1 + 1) −, where t refers to the year of the merger. Robust 
standard errors in parentheses. MA ( Comp ) is an indicator variable which takes on a value of 1 if a firm 

has been affected by a merger directly (indirectly as competitor). ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 

Fig. 2. Trajectories of log patents for merged entities and control group. Notes: t denotes the time p erio d in 
which the merger takes place. Figure shows the average of log patents for merged entities (solid line) and 
control group (dashed line). 
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 ost-merger p erio ds but a substantial decline in later years. 32 The estimated negative
TT for merging firms are in line with Hypothesis 1 (negative effects on innovation in
erging firms for small values of k ) since most pharmaceutical markets are arguably

haracterised by high research levels (low k ). Given that Table 1 indicates substantial
re-merger differences between acquirers and targets (corresponding to a high value of b
n our theoretical model), estimated coefficients for competitors are in line with Hypoth-
32 We exclude patent outcomes in year t from the analysis since it is not clear whether these observations 
hould be assigned to pre- or post-merger periods. 
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Fig. 3. Trajectories of log patents for rivals of merging firms and control group. Notes: t denotes the time 
p erio d in which the merger takes place. Figure shows the average of log patents for merging firms’ rivals 
(solid line) and control group (dashed line). 

 

 

 

 

 

 

esis 2 which predicts negative effects on outsiders’ innovation for high firm heterogeneity 

(high b ) and low values of k . 
A potential concern with our matching results is that the estimates might be affected

by multiple mergers, e.g., merging firms becoming non-merging rivals in future mergers 
and vice versa. Panel A and B of Table A1 in the Appendix show that our results are
qualitatively not affected when we exclude these firms from the estimation sample. If 
anything, the coefficients become larger in absolute terms. Another potential concern is 
a violation of the stable unit treatment value assumption (SUTVA) in case our control 
groups are indirectly affected by mergers. To address this problem, we exclude firms 
matched to a control with headquarter in the same country as a robustness check ( Gugler
and Szücs, 2016; Javorcik and Poelhekke, 2017 ). This is likely to mitigate potential 
spillover effects to the control group since most pharmaceutical product markets are 
considered to be national in scope. Results of these alternative specifications, displayed 

in Panel C and D of Table A1 , confirm our main results. 
Finally, a drawback of the propensity score matching approach is that the results do

not allow for a correlation of mergers with time-variant unobserved factors. To address 
these endogeneity concerns, we employ a combination of rival effects and instrumental 
variable (IV) techniques which we discuss in detail in the Appendix. As documented in
Tables A2 and A3 , this approach confirms our main conclusion. As another approach to
mitigating endogeneity problems, we next discuss results at the firm-patent class level 
which enables us to control for differential trends across technology fields which are 
potentially correlated with mergers. 
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Table 7 
Effects at the technology field level. 

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

Panel A: Merged entity 
MA −0.2589 ∗∗∗ −0.2589 ∗∗∗ −0.2140 ∗∗∗ −0.2218 ∗∗∗

(0.0460) (0.0463) (0.0431) (0.0441) 
MA × overlap −0.5207 ∗∗∗ −0.4304 ∗∗

(0.1577) (0.1621) 
N 4864 4864 4864 4864 

Panel B: Competitors 
Comp −0.0428 ∗∗∗ −0.0428 ∗∗∗ −0.0143 −0.0252 ∗

(0.0141) (0.0141) (0.0128) (0.0136) 
Comp × overlap c −0.4700 ∗∗∗ −0.2903 ∗∗∗

(0.0817) (0.0775) 
N 28,288 28,288 28,288 28,288 
Technology field FE Yes Yes Yes Yes 
Technology specific trends No Yes No Yes 

Notes: Table shows regressions based on the matched sample after pscore matching. Dependent variable 
is ln ( patents t +4 + 1) − ln ( patents t −1 + 1) , measured at the patent-technology-field level, where t refers to 
the year of the merger. Robust standard errors in parentheses. MA t takes value 1 if firms merge in year t . 
Comp t takes value 1 if firm’s competitors merge in year t . overlap ( overlap c ) indicates that both acquirer 
and target (acquirer, target and rival firm) have previously patented in a technology field in Panel A (Panel 
B). ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 
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For each technology field, we count the number of patents per firm and time p erio d. 33
o simplify the presentation, we focus on the change in patenting four years after the
erger relative to the pre-merger p erio d where our effects at the firm-level are most
ronounced. Column (1) in Table 7 shows baseline results, column (2) shows results con-
rolling for technology-class-specific trends. The advantage of using patent-class-specific
rends is that changes in technological opportunities across technology fields can be con-
rolled for. At the same time, if mergers affect trends across technology classes, controlling
or class-specific trends might be too much. The coefficients confirm the negative asso-
iation between mergers and innovation estimated at the firm level. They are smaller
n absolute terms since the regressions are not weighted by the number of patents and
nclude technology fields with little patenting by some firms. The fact that the results
re very similar in both columns seems reassuring and indicates that differential time
rends across product and technology markets are unlikely to affect the results. 

In columns (3) and (4) of Table 7 , we add an interaction term between our merger
ariables and indicator variables for pre-merger overlap of patenting activities between
cquirer, target and rival firms. In these specifications, MA and Comp measure the effects
f mergers in technology fields without pre-merger overlap, while the interaction terms,
A × overlap and Comp × overlap , measure differences between fields with and without

re-merger overlap. The negative effects of mergers indeed seem to be concentrated in
33 If a patent is assigned to several technology fields, it is counted for each of these fields. However, our 
esults are robust to dividing each patent by the number of technological classes, as we discuss below. 



308 J. Haucap, A. Rasch and J. Stiebale / International Journal of Industrial Organization 63 (2019) 283–325 

Table 8 
Heterogeneous effects by pre-merger research intensity. 

(1) (2) (3) (4) (5) 
Sample Pooled High R&D Low R&D High R&D Low R&D 

Panel A: Merged entity 
MA × patents j −0.0360 ∗∗∗

(0.0088) 
MA −0.1679 ∗∗∗ −0.5861 ∗∗∗ −0.1579 ∗∗∗ −0.5024 ∗∗∗ −0.1789 ∗∗∗

(0.0364) (0.1063) (0.0416) (0.1023) (0.0420) 
MA × overlap −0.6003 ∗∗∗ 0.3487 ∗

(0.2230) (0.1931) 
N 4864 2432 2432 2432 2432 

Panel B: Competitors 
Comp × patents j −0.0121 ∗∗∗

(0.0032) 
Comp −0.0033 −0.0738 ∗∗∗ 0.0595 ∗∗∗ 0.0196 0.0145 

(0.0149) (0.0219) (0.0192) (0.0178) (0.0176) 
Comp × overlap c −0.5085 ∗∗∗ 0.3179 ∗∗∗

(0.0815) (0.1108) 
N 28,288 17,344 10,944 17,344 10,944 
Technology field FE Yes Yes Yes Yes Yes 
Technology specific trends Yes Yes Yes Yes Yes 

Notes: Table shows regressions based on the matched sample after pscore matching. Dependent variable is 
ln ( patents t +4 + 1) − ln ( patents t −1 + 1) , measured at the patent technology field level, where t refers to the 
year of the merger. Robust standard errors in parentheses. MA t takes value 1 if firms merge in year t . Comp t 
takes value 1 if firm’s competitors merge in year t . patents j is the mean value of the patent stock within 
markets in the pre-merger p erio d. overlap ( overlap c ) indicates that both acquirer and target (acquirer, target 
and rival firm) have previously patented in a technology field in Panel A (Panel B). ∗p < 0.1, ∗∗p < 0.05, 
∗∗∗p < 0.01. 

 

 

 

 

 

 

 

 

 

technology fields in which competition is likely to be affected by the merger. Consistent 
with the interpretation that mergers reduce innovation due to a reduction in competition, 
there is little evidence for significant effects on non-merging competitors in technology 

fields without overlap of acquirer and target prior to the merger. This result indicates that
the reduction in post-merger patenting is likely to be due to a reduction of competition in
these fields. For the merged entity, there are significantly negative, albeit smaller, effects 
even in fields without overlap, possibly due to general downsizing or a reallocation of
economic activities. 

One might be concerned that the estimated effects are driven by a few observations
with a high number of patents. In Table A4 in the Appendix, we replace the dependent
variable with a dummy variable indicating at least one patent in a technology field.
Results from estimated linear probability models indicate that the probability of filing 
at least one patent is affected qualitatively in the same way as the number of patents. 

We provide further evidence for heterogeneous effects in Table 8 . Particularly, our 
theoretical model predicts that negative effects of mergers are more likely to occur when
a market’s innovation level is high ( k is low), while for low values of innovation (high k ),
the effects can be positive. We proxy a market’s innovation level by the average value of
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he patent stock across all firms active in the affected product market in the pre-merger
ear. In column (1), we show results adding an interaction term between our merger
ariables and this patent stock. The results indicate that negative effects of mergers on
nnovation are indeed concentrated in markets with high research intensity. We then
plit the sample into technology fields with high and low research intensity based on
he median of the pre-merger patent stock. 34 In column (2), where pre-merger research
ntensity is high, the effects are significantly negative and more pronounced than in the
 o oled sample. In contrast, in column (3), where research intensity is low, the effects
re less negative for the merged entity and even become positive for non-merging rivals.
hese results are in line with Hypothesis 5 which predicts positive effects of mergers
n innovation for non-merging rivals in markets with low R&D intensity (high k ). They
re also consistent with Hypothesis 4 in the sense that the effects on the merged entity
ecome more positive when pre-merger R&D intensity falls ( k increases). 35 As shown in
olumns (4) and (5), heterogeneity in the effects on competitors across different types of
echnology fields seems to be due to differential responses in markets where pre-merger
atenting overlaps with that of the merging firms. There is again little evidence that
ivals change their behavior in markets without overlap. Merging firms also seem to be
ore likely to decrease innovation activity in markets with overlap when R&D intensity

s high. 
A potential concern with measures at the level of the technology field is that patents

ith several IPC classes are counted twice or more per firm. As a robustness check, we
ivide every patent per firm-technology field by the total number of IPC classes of this
atent. Tables A5 and A6 in the Appendix show that this alternative definition does not
ffect our results notably. 

All in all, the empirical analysis indicates that, on average, mergers reduce innovation
f both merging firms and non-merging competitors due to a reduction in competition in
ffected technology fields. However, the effects seem to be quite heterogeneous, as there is
vidence for less negative—and in some cases even positive—effects in markets with low
nnovation intensity. Our empirical results are consistent with several predictions of our
heoretical model. In contrast to previous work that is limited to innovation outcomes of
erging firms, we can rule out that our results are completely determined by mechanisms

uch as post-merger integration problems and elimination of duplicated R&D since these
ould not apply to non-merging competitors. 
34 Note that the sample split is done at the technology-field level rather than at the firm level to have a 
ommon sample of mergers for merged entities and non-merging competitors within both subsamples. For 
his reason, the number of observations across markets with high and low research intensity is the same for 
erged entities but not for rival firms. 

35 Note that we control for technology-field-specific time trends in all columns of Table 8 to account for 
he possibility that markets with low and high levels of research intensity might also be characterised by 
ifferential trends. 
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7. Conclusion 

While merger policy in both the EU and the US increasingly discusses the effects of
mergers on innovation, the focus has, until now, almost exclusively been on the effect
on the merging parties’ innovation activities. This holds also true for the theoretical and
empirical academic literature that analyses mergers and innovations. Our article intends 
to broaden the p ersp ective and draws attention to the effects that mergers can have on
rival firms’ innovation activities. 

Our results indicate that mergers can indeed not only have a negative impact on the
merged firms’ innovation activities but can also negatively affect rivals’ R&D incentives 
and, thereby, further reduce an industry’s innovativeness. This finding is especially rele- 
vant for research-intensive industries such as pharmaceutical markets. In order to analyse 
the effects of horizontal mergers on innovation of both the merged entity and its non-
merging competitors, we develop an oligopoly model with heterogeneous firms that yields 
empirically testable predictions. The main implication of our theoretical model is that in 

research-intensive markets, a merger reduces not only innovation activities of the merged 

entity, but a merger also has negative effects on outsiders’ innovation expenditures if 
the merger involves a relatively small firm. In contrast, in markets with low levels of
pre-merger innovation activity, a merger can have positive effects on innovation of the 
merged entity and its non-merging competitors. 

Using a data set of mergers in the pharmaceutical industry that affected European 

product markets we have tested these predictions. We find that after a merger, innovation 

activity, measured by patenting, declines in the merged entity and among non-merging 
rivals. The results are robust towards alternative specifications, using an instrumental 
variable strategy and a propensity score matching approach. In line with our theoretical 
model, we also find that the negative effects of mergers on innovation are concentrated 

in markets with high pre-merger R&D intensity, while we find positive effects for a
subsample of markets with low pre-merger innovation levels. As a consequence, we suggest 
that merger policy should pay closer attention to the effects that mergers can have on
innovation incentives, not only of the merged entity, but also on rivals, particularly in
high-tech industries. Focusing only on the merged entity’s innovation activities may well 
underestimate the negative effects that mergers can have on innovation. 

Appendix A 

A.1. Theory appendix 

Analytical solutions to the base model 
Here, we report the equilibrium results for R&D investments and profits for the fol-

lowing three scenarios (for σ = 1 / 2 ): (i) no merger (marked by an asterisk), (ii) merger
and the previously inefficient firm is kept as part of the merged entity (superscript M 3),
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Table A1 
Propensity score matching: Robustness checks. 

(1) (2) (3) (4) 
Δlog(patents s ) 

s = t +1 t +2 t +3 t +4 

Panel A: Excl. MA firms affected by multiple mergers 
MA −0.2572 −0.3667 −0.6235 ∗∗ −0.9013 ∗∗

(0.1955) (0.2293) (0.2996) (0.3811) 
N 77 77 77 77 

Panel B: Excl. competitors affected by multiple mergers 
Comp −0.0164 −0.0008 −0.1787 ∗∗ −0.3367 ∗∗∗

(0.0838) (0.0807) (0.0876) (0.1128) 
N 548 548 548 548 

Panel C: MA firms and controls in different countries 
MA −0.2153 −0.3748 ∗ −0.6482 ∗∗ −0.9121 ∗∗∗

(0.1745) (0.2062) (0.2601) (0.3120) 
N 104 104 104 104 

Panel D: Competitors and controls in different countries 
Comp 0.1240 0.0270 −0.3162 ∗∗∗ −0.5423 ∗∗∗

(0.1181) (0.1022) (0.0996) (0.1361) 
N 467 467 467 467 

Notes: Table shows regressions based on the matched sample after pscore matching. Dependent variable is 
ln ( patents t + k + 1) − ln ( patents t −1 + 1) , where t refers to the year of the merger. Robust standard errors 
in parentheses. MA t takes value 1 if firms merge in year t . Comp t takes value 1 if firm’s competitors merge 
in year t . ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 
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nd the acquirer coordinates both the R&D investments and the prices for the two firms
nd (iii) merger and the inefficient firm is shut down (superscript M 2). 

In the first scenario in which all three firms compete with each other, equilibrium
esearch efforts amount to 

γ∗
1 = γ∗

2 = 

39(49( b + k) − 39) 
(49 k − 39)(112 k − 39) + 14 b (392 k − 195) (6)

nd 

γ∗
3 = 

39(49 k − 39) 
(49 k − 39)(112 k − 39) + 14 b (392 k − 195) . (7)

quilibrium profits are given as 

π∗
1 = π∗

2 = 

3 k(784 k − 507)(49( b + k) − 39) 2 

2((49 k − 39)(112 k − 39) + 14 b (392 k − 195)) 2 (8)

nd 

π∗
3 = 

3( b + k)(784( b + k) − 507)(49 k − 39) 2 

2((49 k − 39)(112 k − 39) + 14 b (392 k − 195)) 2 . (9)
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Table A2 
IV first stage and reduced form regressions. 

(1) (2) (3) (4) 
First stage Reduced form Reduced form First stage 

Sample p erio d: 1990–2011 1990–2011 1982–1989 1990–2011 
Dependent variable: Comp t −1 /t −4 log(patents) log(patents) Comp t −1 /t −4 

Tech.proximity rivals t −5 0.4955 ∗∗∗ −0.1315 ∗∗ 0.0970 0.4895 ∗∗∗

(0.0272) (0.0644) (0.1219) (0.0276) 
Co-location t −5 0.0178 ∗∗

(0.0080) 
Tech.proximity i,t −5 −0.0291 0.1199 ∗∗ −0.1742 −0.0294 

(0.0195) (0.0551) (0.1166) (0.0195) 
log(patents t −5 ) 0.0168 ∗∗∗ 0.6359 ∗∗∗ 0.4545 ∗∗∗ 0.0169 ∗∗∗

(0.0021) (0.0073) (0.0269) (0.0022) 
D(patents t −5 > 0) −0.0876 ∗∗∗ −0.2362 ∗∗∗ 0.4161 ∗∗∗ −0.0877 ∗∗∗

(0.0075) (0.0267) (0.0708) (0.0075) 
log(pre sample patents) −0.0101 ∗∗∗ 0.1076 ∗∗∗ 0.4508 ∗∗∗ −0.0101 ∗∗∗

(0.0030) (0.0100) (0.0228) (0.0030) 
D(pre sample patents > 0) −0.0466 ∗∗∗ −0.3759 ∗∗∗ 0.0347 −0.0467 ∗∗∗

(0.0111) (0.0338) (0.0270) (0.0110) 
Number of firms t −5 −0.0051 ∗∗∗ −0.0001 −0.0005 −0.0055 ∗∗∗

(0.0003) (0.0009) (0.0011) (0.0004) 
log(sales t −5 ) 0.0014 0.0266 ∗∗∗ 0.0163 ∗∗∗ 0.0012 

(0.0009) (0.0028) (0.0033) (0.0009) 

N 12,374 12,374 5843 12,374 
F -test 1st stage 227.08 1619.16 1597.32 211.64 
Kleinbergen–Paap rk Wald F 298.32 – – 120.83 
R squared 0.342 0.778 0.804 0.354 

Notes: Table shows the results of OLS regressions. All regressions include time dummies and indicator 
variables for firms which ever merge or are affected by a merger during the sample p erio d. Robust standard 
errors in parentheses. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 

 
In the merger scenario in which the previously inefficient firm is not shut down, equi-
librium R&D intensities are given as 

γM3 
1 = 

10( b + k − 1)(77 k − 60) 
2( k − 1)(11 k(121 k − 125) + 300) + b (11 k(242 k − 321) + 1125) , (10) 

γM3 
2 = 

15(2( k − 1)(33 k − 20) + b (66 k − 53)) 
b (11 k(242 k − 321) + 1125) + 2( k − 1)(11 k(121 k − 125) + 300) , (11) 

and 

γM3 
3 = 

10( k − 1)(77 k − 60) 
b (11 k(242 k − 321) + 1125) + 2( k − 1)(11 k(121 k − 125) + 300) . (12) 

Equilibrium profits in this case are given as 

πM3 
13 = 

(2 k( k − 1) + b (2 k − 1))(77 k − 60) 2 

(2( b (11 k(242 k − 321) + 1125) + 2( k − 1)(11 k(121 k − 125) + 300))) 2 (13) 
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Table A3 
IV second stage estimates. 

(1) (2) (3) (4) 
GMM GMM Linear IV Linear IV 

(2nd stage) (2nd stage) 

Comp t −1 /t −4 −0.6221 ∗∗∗ −0.8461 ∗∗∗ −0.2655 ∗∗ −0.2766 ∗∗

(0.2321) (0.1375) (0.1309) (0.1299) 
log(patents t −5 ) 0.8130 ∗∗∗ 0.8031 ∗∗∗ 0.6403 ∗∗∗ 0.6404 ∗∗∗

(0.0175) (0.0155) (0.0072) (0.0072) 
D(patents t −5 > 0) 0.5953 ∗∗∗ 0.5889 ∗∗∗ −0.2595 ∗∗∗ −0.2605 ∗∗∗

(0.0866) (0.0868) (0.0290) (0.0289) 
log(pre sample patents) 0.0238 ∗∗ 0.0275 ∗∗∗ 0.1049 ∗∗∗ 0.1047 ∗∗∗

(0.0101) (0.0103) (0.0102) (0.0102) 
D(pre sample patents > 0) −0.8958 ∗∗∗ −0.9425 ∗∗∗ −0.3882 ∗∗∗ −0.3885 ∗∗∗

(0.0924) (0.0826) (0.0339) (0.0339) 
Number of firms t −5 −0.0016 −0.0008 −0.0014 −0.0014 

(0.0015) (0.0014) (0.0012) (0.0012) 
Technological proximity i,t −5 −0.1134 ∗∗∗ −0.0876 ∗∗ 0.1121 ∗∗ 0.1145 ∗∗

(0.0410) (0.0371) (0.0527) (0.0527) 
log(sales t −5 ) 0.0893 ∗∗∗ 0.1061 ∗∗∗ 0.0317 ∗∗∗ 0.0317 ∗∗∗

(0.0195) (0.0135) (0.0028) (0.0028) 

N 12,374 12,374 12,374 12,374 
Hansen ( p -value) − 1.224 (0.265) − 0.631 (0.427) 

Notes: Dependent variable is the number of patent applications per year in columns (1) and (2) and the 
log of (the number of patent applications plus 1) in columns (3) and (4). Comp t −1 /t −4 takes a value of 
1 if a firm has been affected by a merger among its competitors between time period t − 1 and t − 4 . All 
regressions include time dummies and indicator variables for firms which ever merge or are affected by a 
merger during the sample p erio d. Robust standard errors in parentheses. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 
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πM3 
2 = 

(77 k − 66)(11 k( k − 1) + b (11 k − 8)) 
b (11 k(242 k − 321) + 1125) + 2( k − 1)(11 k(121 k − 125) + 300) . (14)

In case the inefficient firm is shut down, we arrive at the following duopoly equilibrium
&D intensities and profits: 

γM2 = 

56 
135 k − 56 (15)

nd 

πM2 = 

4 k(675 k − 392) 
(135 k − 56) 2 . (16)

In this case, k = 39 / 49 ≈ 0 . 7959 , k ′ = 936 / 1007 ≈ 0 . 9295 and k ′ ′ ≈ 1.12919. 

rastic and stochastic innovation 

This part combines Federico et al. (2017) and Federico et al. (2018) to set up a model
ith drastic and stochastic innovations. In line with Federico et al. (2018) , it is assumed

hat firms engage in a patent race, but we only allow for a single successful innovator to
enefit from the drastic innovation and become a monopolist (instead of two successful
nnovators in the original contribution). Following Federico et al. (2018) , in case no firm
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Table A4 
Effects on probability of patenting. 

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

Panel A: Merged entity 
MA −0.0572 ∗∗∗ −0.0572 ∗∗∗ −0.0489 ∗∗∗ −0.0505 ∗∗∗

(0.0114) (0.0114) (0.0111) (0.0113) 
MA × overlap −0.0962 ∗∗ −0.0773 ∗

(0.0375) (0.0387) 
N 4864 4864 4864 4864 

Panel B: Competitors 
Comp −0.0151 ∗∗∗ −0.0209 ∗∗∗ −0.0094 ∗∗ −0.0119 ∗∗∗

(0.0041) (0.0048) (0.0038) (0.0040) 
Comp × overlap c −0.0942 ∗∗∗ −0.0516 ∗∗

(0.0212) (0.0196) 
N 28,288 28,288 28,288 28,288 
Technology field FE Yes Yes Yes Yes 
Technology specific trends No Yes No Yes 

Notes: Table shows regressions based on the matched sample after pscore matching. Dependent variable is 
D( patents t +4 ) − D( patents t −1 ) , indicating at least one patent at the technology-field level, where t refers 
to the year of the merger. Robust standard errors in parentheses. MA t takes value 1 if firms merge in year 
t . Comp t takes value 1 if firm’s competitors merge in year t . overlap ( overlap c ) indicates that both acquirer 
and target (acquirer, target and rival firm) have previously patented in a technology field in Panel A (Panel 
B). ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 

Table A5 
Effects at the technology-field level – patents divided by number of IPC classes. 

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

Panel A: Merged entity 
MA −0.1446 ∗∗∗ −0.1446 ∗∗∗ −0.1067 ∗∗∗ −0.1113 ∗∗∗

(0.0297) (0.0299) (0.0263) (0.0269) 
MA × overlap −0.4399 ∗∗∗ −0.3861 ∗∗∗

(0.1198) (0.1231) 
N 4864 4864 4864 4864 

Panel B: Competitors 
Comp −0.0258 ∗∗ −0.0258 ∗∗ −0.0072 −0.0141 

(0.0100) (0.0100) (0.0097) (0.0100) 
Comp × overlap −0.3071 ∗∗∗ −0.1930 ∗∗∗

(0.0626) (0.0590) 
N 28,288 28,288 28,288 28,288 
Technology field FE Yes Yes Yes Yes 
Technology specific trends No Yes No Yes 

Notes: Table shows regressions based on the matched sample after pscore matching. Dependent variable 
is ln ( patents t +4 + 1) − ln ( patents t −1 + 1) , measured at the patent-technology-field level, where t refers to 
the year of the merger. Robust standard errors in parentheses. MA t takes value 1 if firms merge in year t . 
Comp t takes value 1 if firm’s competitors merge in year t . overlap ( overlap c ) indicates that both acquirer 
and target (acquirer, target and rival firm) have previously patented in a technology field in Panel A (Panel 
B). ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. 
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Table A6 
Heterogeneous effects by pre-merger research intensity – patents divided by number of IPC classes. 

Sample (1) (2) (3) (4) (5) 
Pooled High R&D Low R&D High R&D Low R&D 

Panel A: Merged entity 
MA × patents j −0.0730 ∗∗∗

(0.0186) 
MA −0.0897 ∗∗∗ −0.3439 ∗∗∗ −0.0931 ∗∗∗ −0.2661 ∗∗∗ −0.1020 ∗∗∗

(0.0235) (0.0690) (0.0257) (0.0601) (0.0257) 
MA × overlap −0.5579 ∗∗∗ 0.1472 

(0.1943) (0.1161) 
N 4864 2432 2432 2432 2432 

Panel B: Competitors 
Comp × patents j −0.0285 ∗∗∗

(0.0082) 
Comp 0.0018 −0.0354 ∗∗ 0.0282 ∗∗ 0.0128 0.0031 

(0.0115) (0.0157) (0.0137) (0.0129) (0.0112) 
Comp × overlap −0.2923 ∗∗∗ 0.1976 ∗∗

(0.0617) (0.0891) 
N 28,288 17,344 10,944 17,344 10,944 
Technology field FE Yes Yes Yes Yes Yes 
Technology specific trends Yes Yes Yes Yes Yes 

Notes: Table shows regressions based on the matched sample after pscore matching. Dependent variable 
is ln ( patents t +4 + 1) − ln ( patents t −1 + 1) , measured at the patent-technology-field level, where t refers to 
the year of the merger. Robust standard errors in parentheses. MA t takes value 1 if firms merge in year 
t . Comp t takes value 1 if firm’s competitors merge in year t . patents j is the mean value of the patent 
stock within markets in the pre-merger p erio d. overlap ( overlap c ) indicates that b oth acquirer and target 
(acquirer, target and rival firm) have previously patented in a technology field in Panel A (Panel B). ∗p < 0.1, 
∗∗p < 0.05, ∗∗∗p < 0.01. 
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nnovates successfully, firms engage in a standard price competition with differentiated
roducts. 36 
As Federico et al. (2018) point out, it is not possible to derive closed-form solutions,

hich is why we follow the authors and resort to numerical simulations. As in the base
odel of the main section, we assume that there is a perfect technology transfer from

he efficient to the inefficient firm in the event of a merger. Also, we assume that firms 1
nd 2 are equally efficient, whereas firm 3 is less efficient. 

Let the representative consumer’s utility equal 

U ( q, I ) = 

n ∑ 

i =1 
αi 

(
q i −

q 2 i 
ρi 

)
− σ

n ∑ 

i =1 

n ∑ 

j>i 

q i q j − I, (17)

here αi = 2 − max { ρj , ρm 

} ( j , m � = i , j � = m ), σ = (2 − max { ρ1 , ρ2 , ρ3 } ) / 2 and I =
 n 

αi p i q i . 
i =1 

36 Let us stress that we also depart from the analysis in Federico et al. (2018) in that we analyze a merger 
etween asymmetric firms, whereas the authors consider a four-to-three merger between symmetric firms. 
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Moreover, in order to implement the two different market environments depending on 

the innovation successes, we assume 37 that 

ρi = 

{ 

1 if none of the innovations is successful 
2 if innovation is successful, and patent is awarded. 

Hence, in case none of the firms innovates successfully, a representative consumer’s 
utility is given as 

U ( q, I ) = 

n ∑ 

i =1 

(
q i − q 2 i 

)
− 1 

2 

n ∑ 

i =1 

n ∑ 

j>i 

q i q j − I, (18) 

where I = 

∑ n 
i =1 p i q i . 

For the case in which firm i innovates successfully and is awarded the patent, the
respective utility is written as 

U ( q i , p i ) = q i −
q 2 i 
2 − p i q i . (19) 

An innovation depends on the scope of research activity γi and is successful with 

probability x ( γi ) = 1 − e −
√ 

γi . It is assumed that a successful innovator can apply for a
patent. In case more than one successful innovator applies, each innovator is awarded the
patent with equal probability, which means that, in particular, the winning probability 

in this lottery is independent of the research effort and/or the cost. With regard to these
costs, firms are again assumed to differ in the expenses conditional on innovating: 

C( γi ) = 

⎧ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎩ 

kγi 
100 for i ∈ { 1 , 2 } 

( b + k) γi 
100 for i = 3 . 

Following Federico et al. (2018) , we find an equilibrium by an iterative Newton search
method. 38 We obtain interior equilibria for the pre- and post-merger cases. 

Based on our simulations, we report the following observations: 

Observation 1. A merger between an efficient and the inefficient firm is always profitable. 
The previously inefficient firm is never shut down. 

Keeping the previously inefficient firm only has positive effects for the merged entity. 
There is an increase in the probability for the merged entity to win the lottery in case of
37 Note that this formulation implies a demand-enhancing effect for the monopolist, which is not qualita- 
tively crucial for the results. 
38 Note that—in line with Federico et al. (2018) —we ran the search algorithm with different starting values 
to check for consistency in the convergence to the equilibrium effort vector, which is why we are confident 
with respect to equilibrium uniqueness. Moreover, we also checked that the Rosen (1965) condition for 
stability is satisfied in equilibrium. Just like in the original study by Federico et al. (2018) , we cannot 
conclude that the equilibrium is globally stable, but it is at least locally stable. 
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Fig. 4. Impact of a merger (for k = 1 ). 

s  

i  

s

O  

(

 

l  

I  

m

O  

l

O  

s

 

a  

t  

r  

p
 

Δ  

m  
uccessful innovations, and there are cost savings from the technology transfer. Moreover,
n the event that no firm innovates successfully, we are back in the standard Bertrand
cenario. 

bservation 2. There exists a critical threshold b γM3 such that the merged entity reduces
increases) its R&D efforts for any b ≤ b γM3 ( b > b γM3 ). 

Similar to the case with non-drastic innovations, the inefficient firm only does very
ittle research when its costs are much higher than those for the efficient firms (large b ).
n this case, the technology transfer and the higher returns to investment increase the
erged entity’s incentives to invest in R&D. 

bservation 3. There exists a critical threshold for b such that the outside firm makes
ower profits after the merger when b is greater than this threshold. 

bservation 4. There exists a critical threshold b γ2 (with b γ2 < b γM3 ) such that the out-
ide firm reduces (increases) its R&D efforts for any b ≥ b γ2 ( b < b γ2 ). 

For large values of b , the previously inefficient firm does not innovate very much absent
ny merger. However, it will innovate (a lot) more due to the technology transfer after
he merger. As R&D investments are strategic substitutes, the outside firm reduces its
esearch efforts. At the same time, this has negative consequences for the outside firm’s
rofit. 
Fig. 4 illustrates our simulation results for different values of b given k = 1 (where
γ and Δπ denote the difference in innovation and profits in the post- and pre-merger
arket). Similar results are obtained for k > 1. We can thus summarize that the main
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Fig. 5. Change in innovation incentives due to the merger (for b = 4 ). 

 

 

 

 

 

 

results from the model with respect to the comparison of pre- and post-merger innovation 

incentives are robust. In particular, an increase in k results in a higher threshold for b
above which firms 2 invests less after the merger or a lower discrepancy between pre- and
post-merger innovation activity for a given value of b (see Fig. 5 ). This observation is in
line with our findings for the base model in the main text. 

A.2. Additional empirical analyses 

A drawback of the matching estimators is that they do not allow for time-varying 
unobservables to be correlated with mergers. We therefore use an IV estimator as an
alternative approach. To implement the estimator, merging firms are excluded from the 
estimation sample, and the analysis is restricted to the responses of non-merging rivals 
and firms unaffected by mergers as in several other empirical studies (see, for instance, 
Dafny, 2008; Eckbo, 2007; Hastings, 2004 ). The advantage of excluding merging firms 
is that IVs affecting the propensity of a merger are much more likely to be exogenous
to competitors’ innovation activities than to outcomes of merging parties ( Dafny, 2008 ). 
An obvious drawback of this approach is that it only allows to identify the causal effect
on non-merging competitors and not on the merged entity. However, in our theoretical 
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odel, a negative effect of mergers on rival firms’ innovation is a sufficient condition
or a negative effect on the merged entity. Hence, rivals’ innovation outcomes can be
nformative about changes in innovation in the market as a whole. 

We build our empirical model on a framework for analysing innovative activity devel-
ped by Blundell et al. (1995, 2002) . To account for the fact that innovation is measured
s a count variable, the model is specified as: 

P it = exp ( Comp i,t −1 /t −4 + F ( P i,t −5 ) + Z 

′ 

it ω + c i ) + εit . (20)

 it denotes the number of patent applications by firm i in year t . The dummy vari-
ble Comp i,t −1 /t −4 takes the value of 1 if a firm was affected by a merger of com-
 etitors b etween t − 4 and t − 1 . F ( P i,t −5 ) accounts for pre-merger innovation activ-
ty, measured as a lagged value of patent counts. Specifically, we follow the sugges-
ions by Crépon and Duguet (1997) and Windmeijer (2008) and define: F ( P i,t −5 ) =
1 ln ( P i,t −5 + D ( P i,t −5 = 0 ) ) + ρ2 D ( P i,t −5 > 0 ) , where D ( P i,t −5 = 0 ) is a dummy vari-
ble that takes the value of 1 if P i,t −5 equals 0. In this specification, ln ( P i,t −5 ) enters the
egression model for positive values of P i,t −5 , while 0 values of lagged patent applications
ave a separate effect on current innovation output. 39 Accounting for previous patent ac-
ivity ensures that we measure the effect of M&As on changes in innovative activity. Z
enotes a vector of further control variables, including time dummies. It also includes
ime-invariant dummy variables for merging firms and their competitors to control for
ermanent differences in innovation activities between the different groups of firms. c i
ccounts for unobserved time-invariant firm heterogeneity that might affect the growth
ath of innovation activity. Following Blundell et al. (1995, 2002) , pre-sample informa-
ion on firms’ patent applications is used to control for unobserved firm heterogeneity.
o be more specific, we use the log of the average number of patent applications per year
adjusted in the same way as F ( P i,t −5 ) ) and a dummy variable that takes the value of 1
f a firm filed at least one patent during the pre-sample p erio d. 40 

Despite controlling for unobserved heterogeneity and feedback from innovation to fu-
ure decisions about mergers, there might be unobserved time-varying factors such as
echnology shocks which—if not sufficiently accounted for by control variables—affect
he profitability of both M&As and innovation. To asses this endogeneity problem, we
39 Introducing lagged dependent variables in a count data model is non-trivial. Simply including the number 
f previous patent applications in the exponential function can lead to a rapidly exploding series (e.g., 
indmeijer, 2008 ). Further, this would imply that an increase in the number of previous patent counts by 

ne unit induces a percentage change on the number of current patent applications. 
40 Compared to other panel data techniques for count data models, this specification has the advantage that 
t does not assume strict exogeneity of the regressors. In contrast to the estimation techniques proposed by 
ooldridge (1997) and Chamberlain (1992) , this procedure does not rely on the validity of lagged values of 

redetermined variables as instruments. It is particularly advantageous if the regressors are characterised by 
igh persistence, since lagged values of the regressors can be weak instruments for quasi differenced equations 
n this case. Blundell et al. (2002) derive the formal conditions for consistency of count data models which 
se pre-sample information as a proxy for unobserved firm heterogeneity. Although the estimator is formally 
onsistent for a large number of time p erio ds only, Blundell et al. (2002) show that this estimator outperforms 
lternative estimation techniques even when there are only four pre-sample p erio ds available. 
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use a non-linear IV approach estimated by generalised method of moments (GMM). Fol- 
lowing Windmeijer and Santos Silva (1997) , this GMM estimator is based on the moment
condition: E 

[ 
P it − exp ( Comp i,t −1 /t −4 + F ( P i,t −5 ) + Z 

′ 

it ω + c i ) | w it 

] 
= 0 . 

w it includes all exogenous factors from Eq. (20) , F ( P i,t −5 ), Z it and c i , and at least
one exclusion restriction that is assumed to affect the propensity of a merger but has no
direct effect on innovation output and is also uncorrelated with unobservables affecting 
innovation. To check the robustness of our results, we also implement a linear IV esti-
mator in which we use the outcome variable ln ( P it + 1) to maintain an approximately
exponential relationship between regressors and patents. 

Our first IV measures the average technological proximity among firm i ’s competitors. 
Target firms with high technological proximity to a potential acquirer can be attrac- 
tive for several reasons. For instance, knowledge spillovers might be higher within than 

across technological fields. Further, target firms with a similar technology portfolio might 
be easier to integrate into a new entity and allow for duplicated R&D activities to be
cut ( Veugelers, 2006 ). Previous empirical research has found that acquirers indeed pre-
fer target firms with high technological proximity (e.g., Bena and Li, 2014; Frey and
Hussinger, 2011 ), particularly in the pharmaceutical industry ( Ornaghi, 2009a; 2009b ). 
If technological proximity to a potential acquirer increases the probability of being a 
target, technological proximity among rivals of firm i should also affect the probability 

that firms i ’s competitors merge. The key identifying assumption is that technological 
distance between two firms is uncorrelated with the growth of patent applications of its
rival firms. 41 Note that since our model is dynamic, it is only required that the excluded
instrument is uncorrelated with the change and not with the level of innovation activ- 
ity. To make the identifying assumption more likely to hold, the average technological 
distance of firm i to its rival firms is controlled for. 

To measure technological proximity between two firms, we follow Jaffe (1986) and 

describe a firm’s technological activity by the vector S it = ( S i 1 t . . . S iMt ) , where S imt 
denotes the fraction of firm i ’s patent stock in technology class m at time t . We define
technology classes at the 3-digit IPC level. 42 Technological proximity between two firms 
i and k is defined as: T P ikt = S it S 

′ 

kt / 
√ (

S it S 

′ 
it 

)(
S kt S 

′ 
kt 

)
. This measure takes values be-

tween 0 and 1 and increases with the similarity of two firms’ technological specialisation. 
As a robustness check, we use an additional IV which measures geographical proximity 

among firm i ’s rivals. The rationale behind this variable is that costs of monitoring and
transmitting tacit knowledge increase with distance ( Blanc and Sierra, 1999; Degryse and 

Ongena, 2005 ) and thus geographical proximity should reduce the costs of undertaking 
a merger (in a broad sense). Specifically, we calculate the share of rivals within a market
(excluding firm i ) for which at least one other firm’s headquarter is located in the same
41 In contrast, technological distance between two firms can be correlated with the growth of patenting of 
these two firms as found, for instance, by Bena and Li (2014) and Bloom et al. (2013) . 
42 The 3-digit level divides patents into technology fields such as “medical or veterinary science” and 
“organic chemistry”. It comprises 122 technology classes in our sample. 
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ountry. We then define co-location as a dummy variable that takes value if this share
s above 0.5. Since the probability of geographical overlap may vary with the number of
rms in a market, we control for the pre-merger number of firms in IV regressions. 43 
Table A2 shows (pseudo) first-stage estimates of the IV approach. 44 Column (1) of

able A2 shows a significantly positive association between technological proximity in
he market and the incidence of a merger. The Kleinbergen–Paap statistic yields a value
f almost 300 which is a multiple of the critical value of the weak identification test
roposed by Stock and Yogo (2005) for a maximum IV bias of 10%. 45 The overall F
tatistic of the first stage is highly significant as well. 

Although the validity of the instrument cannot formally be tested, results of reduced-
orm regressions displayed in Table A2 can indicate whether technological distance be-
ween two firms is correlated with competitors’ innovation activities in the absence of
 merger. Column (2) shows that (without controlling for M&As) the instrument is
egatively correlated with innovation activity during the sample p erio d of interest, pre-
umably because it positively affects the likeliho o d of a merger and mergers in turn have
 negative effect on innovation. For comparison, the reduced form is estimated for the
re-sample p erio d 1982–1989 in which no M&As take place among firms in our estimation
ample. Results in column (3) show that the estimated coefficient becomes statistically
nsignificant and even changes its sign. This indicates that technological distance only
ffects innovation activities through its effect on the likeliho o d of mergers. 46 In an alter-
ative specification, we additionally use a dummy variable for a high share of co-located
ivals as an excluded instrument as discussed in section 5.2. The (pseudo) first-stage
egression in column (4) of Table A2 shows that this variable is positively correlated
ith the likeliho o d of a merger as expected. Note that the regressions control for the
re-merger number of firms (in first and second stage) to ensure that this IV does not
apture the size of a market. 

Table A3 shows results from non-linear GMM-IV estimation in columns (1) and (2).
he results show even higher effects for competitors than the previous matching esti-
ates. The coefficient in column (1) indicates a decrease in the growth of patent appli-

ations of about 0.62 log points or 46% ( ≈ exp ( −0 . 62) − 1) . If anything, not accounting
or endogeneity of M&As seems to lead to an underestimation of the effects of mergers.
he results of the innovation outcome equation applying GMM and using both excluded

Vs, depicted in column (2) of Table A3 , confirms the negative effect of M&As on in-
ovation outcomes. The estimated coefficient is in absolute terms even larger than in
olumn (1). The use of two different exclusion restrictions allows the application of over-
43 Our identifying assumptions are similar to those used by Dafny (2008) who instruments mergers among 
 firm’s competitors by a measure of their geographical location. 

44 The label pseudo first stage is used because the GMM approach does not use predicted values from this 
egression in a second stage as a linear IV estimator. 
45 The Kleinbergen–Paap test statistic can be regarded as an approximation of the distribution of the 
eak-instrument test statistic with non-iid errors. 

46 In this regression, there are only four p erio ds to calculate the average number of pre-sample patents, 
he proxy for unobserved firm heterogeneity. However, this result holds with and without controlling for 
nobserved heterogeneity. 
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identification tests. Results of the Hansen test statistics, depicted in Table A3 , show
that the null hypothesis of orthogonality between the residuals and the IVs cannot be
rejected at conventional levels of significance. Hence, once we accept co-location as a 
valid instrument, the test indicates exogeneity of technological proximity of rivals and 

vice versa. 
Although consistency of GMM estimates does not hinge on distributional assumptions 

about the error term, it relies on a correct specification of the exponential mean function
and an additive residual. As a robustness check, we estimated linear IV models corre-
sponding to the first-stage equations in Table A2 . Results depicted in columns (3) and
(4) of Table A3 confirm the negative effect of mergers on rivals’ innovation outcomes. The
estimated coefficients lie between the matching estimates for year t + 3 and year t + 4
and indicate a reduction in innovation output of about 23%. 47 While the coefficients 
are smaller compared to the GMM estimates, they qualitatively confirm the results of 
previous specifications. 

It is possible that mergers induced by technological proximity have a particularly large 
impact on innovation outcomes, because an overlap of R&D activities might be associated 

with higher potential for elimination of duplicate research efforts or a larger reduction 

of competition in technology markets. A similar reasoning can be applied to instruments 
that measure geographical proximity ( Dafny, 2008 ). If this is the case, IV estimates
capture a local average treatment effect that might be quite different from the average 
effect of a merger in the pharmaceutical industry. This might explain why GMM-IV 

coefficients indicate larger effects than matching estimates. Nonetheless, our instruments 
capture important motives for M&As and the results indicate that endogeneity of mergers 
is unlikely to be the only explanation for the negative association between M&As and
post-merger innovation outcomes. 

References 

Aghion, P. , Bloom, N. , Blundell, R. , Griffith, R. , Howitt, P. , 2005. Competition and innovation: an
inverted u relationship. Quarterly Journal of Economics 120 (2), 701–728 . 

Aghion, P. , Blundell, R. , Griffith, R. , Howitt, P. , Prantl, S. , 2009. The effects of entry on incumbent
innovation and productivity. Review of Economics and Statistics 91 (1), 20–32 . 

Aghion, P. , Harris, C. , Howitt, P. , Vickers, J. , 2001. Competition, imitation and growth with step-by-step
innovation. Review of Economic Studies 68 (3), 467–492 . 

Aghion, P. , Van Reenen, J. , Zingales, L. , 2013. Innovation and institutional ownership. American Eco-
nomic Review 103 (1), 277–304 . 

Arnold, J.M. , Javorcik, B.S. , 2009. Gifted kids or pushy parents? foreign direct investment and plant
productivity in indonesia. Journal of International Economics 79 (1), 42–53 . 

Arrow, K. , 1962. Economic welfare and the allocation of resources for invention. In: The Rate and
Direction of Inventive Activity: Economic and Social Factors. Princeton University Press, pp. 609–626 . 

Belleflamme, P. , Peitz, M. , 2015. Industrial Organization: Markets and Strategies, 2nd edition Cambridge 
University Press . 

Bena, J. , Li, K. , 2014. Corporate innovations and mergers and acquisitions. Journal of Finance 69 (5),

1923–1960 . 

47 In the case of one excluded instrument, the second-stage coefficient for the endogenous variable equals 
the ratio of the reduced form and the first-stage coefficient ( −0 . 1315 / 0 . 4955 ≈ −0 . 2655 ). 

http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0002
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0002
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0002
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0002
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0002
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0002
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0003
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0003
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0003
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0003
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0003
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0004
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0004
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0004
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0004
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0005
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0005
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0005
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0006
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0006
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001s
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001s
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001s
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0007
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0007
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0007


J. Haucap, A. Rasch and J. Stiebale / International Journal of Industrial Organization 63 (2019) 283–325 323 

B  

B  

B  

B  

B  

B  

B  

B  

B  

B  

B  

 

C  

 

C  

C  

C  

C  

C  

C  

C  

D  

D  

D  

D  

 

D  

E  

E  

E  
ertrand, O. , Zuniga, P. , 2006. R&D and M&A: are cross-border M&A different? An investigation on
OECD countries. International Journal of Industrial Organization 24 (2), 401–423 . 

lanc, H. , Sierra, C. , 1999. The internationalisation of r&d by multinationals: a trade-off between external
and internal proximity. Cambridge Journal of Economics 23 (2), 187–206 . 

lind, K. , Cremers, K. , Mueller, E. , 2009. The influence of strategic patenting on companies’ patent
portfolios. Research Policy 38 (2), 428–436 . 

loom, N. , Draca, M. , van Reenen, J. , 2016. Trade induced technical change? The impact of chinese
imports on innovation, it and productivity. Review of Economic Studies 83 (1), 87–117 . 

loom, N. , Schankerman, M. , Van Reenen, J. , 2013. Identifying technology spillovers and product market
rivalry. Econometrica 81 (4), 1347–1393 . 

loom, N. , Van Reenen, J. , 2002. Patents, real options and firm performance. Economic Journal 112 (3),
97–116 . 

lundell, R. , Griffith, R. , van Reenen, J. , 1995. Dynamic count data models of technological innovation.
Economic Journal 429 (105), 333–344 . 

lundell, R. , Griffith, R. , Windmeijer, F. , 2002. Individual effects and dynamics in count data models.
Journal of Econometrics 1 (108), 113–131 . 

oone, J. , 2001. Intensity of competition and the incentive to innovate. International Journal of Industrial
Organization 19 (5), 705–726 . 

ourreau, M. , Jullien, B. , Lefouili, Y. , 2018. Mergers and demand? Enhancing innovation. Toulouse
School of Economics Working Papers No 18-907 . 

raguinsky, S. , Ohyama, A. , Okazaki, T. , Syverson, C. , 2015. Acquisitions, productivity, and prof-
itability: evidence from the Japanese cotton spinning industry. American Economic Review 105 (7),
2086–2119 . 

assiman, B. , Colombo, M.G. , Garrone, P. , Veugelers, R. , 2005. The impact of M&A on the R&D
process: an empirical analysis of the role of technological- and market-relatedness. Research Policy
34 (2), 195–220 . 

hamberlain, G. , 1992. Comment: sequential moment restrictions in panel data. Journal of Business &
Economic Statistics 10 (1), 20–26 . 

hen, W. , 2011. The effect of investor origin on firm performance: domestic and foreign direct investment
in the united states. Journal of International Economics 83 (2), 219–228 . 

lougherty, J.A. , Duso, T. , 2009. The impact of horizontal mergers on rivals: gains to being left outside
a merger. Journal of Management Studies 46 (8), 1365–1395 . 

omanor, W.S. , Scherer, F.M. , 2013. Mergers and innovation in the pharmaceutical industry. Journal of
Health Economics 32 (1), 106–113 . 

onyon, M.J. , Girma, S. , Thompson, S. , Wright, P.W. , 2002. The impact of mergers and acqui-
sitions on company employment in the United Kingdom. European Economic Review 46 (1), 
31–49 . 

onyon, M.J. , Girma, S. , Thompson, S. , Wright, P.W. , 2002. The productivity and wage effects of foreign
acquisition in the United Kingdom. Journal of Industrial Economics 50 (1), 85–102 . 

répon, B. , Duguet, E. , 1997. Estimating the innovation function from patent numbers: GMM on count
panel data. Journal of Applied Econometrics 12 (3), 243–263 . 

afny, L.S. , 2008. Estimation and identification of merger effects: an application to hospital mergers.
Journal of Law and Economics 52 (3), 523–550 . 

egryse, H. , Ongena, S. , 2005. Distance, lending relationships, and competition. Journal of Finance 60
(1), 231–266 . 

enicolò, V. , Polo, M. , 2018. Duplicative research, mergers and innovation. Economics Letters 166 (C),
56–59 . 

uso, T. , Gugler, K. , Yurtoglu, B.B. , 2010. Is the event study methodology useful for merger analysis?
A comparison of stock market and accounting data. International Review of Law and Economics 30
(2), 186–192 . 

uso, T. , Neven, D.J. , Röller, L.-H. , 2007. The political economy of european merger control: evidence
using stock market data. Journal of Law and Economics 50 (3), 455–489 . 

ckbo, B.E. , 2007. Horizontal mergers, collusion, and stockholder wealth. Journal of Financial Economics
11 (1–4), 241–273 . 

uropean Commission, E. , 2016. EU Merger Control and Innovation. Competition Policy Brief, 2016-01 .
urostat , 2009. European Business- Facts and Figures. Eurostat Statistical, European Commission,

Luxembourg . 

http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0008
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0008
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0008
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0009
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0009
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0009
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0010
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0010
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0010
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0010
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0011
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0011
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0011
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0011
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0012
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0012
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0012
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0012
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0013
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0013
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0013
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0014
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0014
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0014
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0014
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0015
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0015
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0015
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0015
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0016
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0016
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0006a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0006a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0006a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0006a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0017
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0017
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0017
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0017
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0017
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0018
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0018
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0018
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0018
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0018
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0019
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0019
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0020
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0020
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0021
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0021
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0021
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0022
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0022
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0022
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0023
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0023
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0023
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0023
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0023
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0024
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0024
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0024
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0024
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0024
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0025
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0025
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0025
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0026
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0026
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0027
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0027
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0027
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0028
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0028
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0028
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0029
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0029
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0029
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0029
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0030
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0030
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0030
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0030
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0031
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0031
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0032
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0032
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0033
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0033


324 J. Haucap, A. Rasch and J. Stiebale / International Journal of Industrial Organization 63 (2019) 283–325 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Federico, G. , Langus, G. , Valletti, T. , 2017. A simple model of mergers and innovation. Economics Letters
157, 136–140 . 

Federico, G. , Langus, G. , Valletti, T. , 2018. Horizontal mergers and product innovation. International
Journal of Industrial Organization 59, 1–23 . 

Filson, D. , 2012. A Markov-p erfect equilibrium mo del of the impacts of price controls on the performance
of the pharmaceutical industry. RAND Journal of Economics 43 (1), 110–138 . 

Filson, D. , Olfati, S. , Radoniqi, F. , 2015. Evaluating mergers in the presence of dynamic competition
using impacts on rivals. Journal of Law and Economics 58 (4), 915–934 . 

Frey, R. , Hussinger, K. , 2011. European market integration through technology driven M&As. Applied 
Economics 43 (17), 2143–2153 . 

Gilbert, R. , 2006. Looking for Mr. Schumpeter: where are we in the competition-innovation debate? In:
Innovation Policy and the Economy, 6. MIT Press, pp. 159–215 . 

Gilb ert, R.J. , Newb ery, D.M. , 1982. Preemptive patenting and the persistence of monopoly. American
Economic Review 72 (3), 514–526 . 

Gowrisankaran, G. , 1999. A dynamic model of endogenous horizontal mergers. RAND Journal of Eco-
nomics 30 (1), 56–83 . 

Grabowski, H. , Kyle, M. , 2008. Mergers and alliances in pharmaceuticals: effects on innovation and R&D
productivity. In: The Economics of Corporate Governance and Mergers. Edward Elgar, pp. 262–284 . 

Greenstein, S. , Ramey, G. , 1998. Market structure, innovation and vertical product differentiation. In-
ternational Journal of Industrial Organization 16 (3), 285–311 . 

Griliches, Z. , 1998. Patent statistics as economic indicators: a survey. In: R&D and Productivity: The
Econometric Evidence. University of Chicago Press, pp. 287–343 . 

Guadalupe, M. , Kuzmina, O. , Thomas, C. , 2012. Innovation and foreign ownership. American Economic
Review 102 (7), 3594 . 

Gugler, K. , Siebert, R. , 2007. Market power versus efficiency effects of mergers and research joint ventures:
evidence from the semiconductor industry. Review of Economics and Statistics 89 (4), 645–659 . 

Gugler, K. , Szücs, F. , 2016. Merger externalities in oligopolistic markets. International Journal of Indus-
trial Organization 47, 230–254 . 

Hagedo orn, J. , Clo o dt, M. , 2003. Measuring innovative performance: is there an advantage in using
multiple indicators? Research Policy 32 (8), 1365–1379 . 

Hall, B.H. , Jaffe, A.B. , Tra jtenb erg, M. , 2001. The NBER Patent Citation Data File: Lessons, Insights
and Methodological Tools. Technical Report . 

Hall, B.H. , Ziedonis, R.H. , 2001. The patent paradox revisited: an empirical study of patenting in the
us semiconductor industry, 1979–1995. RAND Journal of Economics 32 (1), 101–128 . 

Harhoff, D. , Reitzig, M. , 2004. Determinants of opposition against EPO patent grants the case of biotech-
nology and pharmaceuticals. International Journal of Industrial Organization 22 (4), 443–480 . 

Hastings, J.S. , 2004. Vertical relationships and competition in retail gasoline markets: empirical evidence 
from contract changes in Southern California. American Economic Review 94 (1), 317–328 . 

Heckman, J.J. , Ichimura, H. , Todd, P.E. , 1997. Matching as an econometric evaluation estimator: evi-
dence from evaluating a job training programme. Review of Economic Studies 64 (4), 605–654 . 

Ishida, J. , Matsumura, T. , Matsushima, N. , 2011. Market competition, R&D and firm profits in asym-
metric oligopoly. Journal of Industrial Economics 59 (3), 484–505 . 

Jaffe, A.B. , 1986. Technological opportunity and spillovers of R&D: evidence from firms’ patents, profits,
and market value. American Economic Review 76 (5), 984–1001 . 

Jaffe, A.B. , Lerner, J. , 2004. Innovation and Its Discontents: How Our Broken Patent System is Endan-
gering Innovation and Progress, and What to Do About It. Princeton University Press, Princeton, 
NJ . 

Javorcik, B. , Poelhekke, S. , 2017. Former foreign affiliates: cast out and outperformed? Journal of the
European Economic Association 15 (3), 501–539 . 

Jullien, B. , Lefouili, Y. , 2018. Horizontal mergers and innovation. Toulouse School of Economics Working
Papers No 18-892 . 

Kleer, R. , 2012. The effect of mergers on the incentive to invest in cost-reducing innovations. Economics
of Innovation and New Technology 21 (3), 287–322 . 

Malerba, F. , Orsenigo, L. , 2002. Innovation and market structure in the dynamics of the pharmaceutical
industry and biotechnology: towards a history-friendly model. Industrial and Corporate Change 11 
(4), 667–703 . 

Morgan, E.J. , 2001. Innovation and merger decisions in the pharmaceutical industry. Review of Industrial
Organization 19 (2), 181–197 . 

http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0034
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0034
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0034
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0034
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0035
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0035
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0035
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0035
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0036
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0036
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0037
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0037
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0037
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0037
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0038
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0038
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0038
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0039
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0039
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0040
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0040
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0040
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0041
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0041
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0042
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0042
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0042
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0043
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0043
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0043
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0044
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0044
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0045
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0045
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0045
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0045
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0046
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0046
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0046
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0047
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0047
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0047
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0048
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0048
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0048
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0049
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0049
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0049
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0049
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0050
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0050
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0050
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0051
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0051
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0051
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0052
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0052
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0053
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0053
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0053
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0053
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0054
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0054
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0054
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0054
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0055
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0055
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0056
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0056
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0056
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0057
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0057
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0057
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0056a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0056a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0056a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0058
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0058
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0059
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0059
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0059
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0060
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0060


J. Haucap, A. Rasch and J. Stiebale / International Journal of Industrial Organization 63 (2019) 283–325 325 

M  

O  

O  

O  

P  

R  

S  

S
S  

S  

S  

S  

 

S
S  

S  

U  

V  

V  

V  

V
W  

W  

 

W  

W  

Y  

Z  
otta, M. , Tarantino, E. , 2017. The effect of horizontal mergers, when firms compete in prices and
investments. University of Mannheim/Department of Economics Working Paper 17-01 . 

ECD , 2012. The Role of Efficiency Claims in Antitrust Proceedings. OECD Policy Roundtables. OECD .
rnaghi, C. , 2009. Mergers and innovation in big pharma. International Journal of Industrial Organiza-
tion 27 (2), 70–79 . 

rnaghi, C. , 2009. Positive assortive merging. Journal of Economics & Management Strategy 18 (2),
323–346 . 

hillips, G.M. , Zhdanov, A. , 2013. R&D and the incentives from merger and acquisition activity. Review
of Financial Studies 26 (1), 34–78 . 

osen, J.B. , 1965. Existence and uniqueness of equilibrium points for concave N-person games. Econo-
metrica 33 (3), 520–534 . 

chmutzler, A. , 2013. Competition and investment—a unified approach. International Journal of Indus-
trial Organization 31 (5), 477–487 . 

chumpeter, J. , 1912. Theorie der wirtschaftlichen Entwicklung. Duncker & Humblot . 
eru, A. , 2014. Firm boundaries matter: evidence from conglomerates and R&D activity. Journal of

Financial Economics 111 (2), 381–405 . 
ingh, N. , Vives, X. , 1984. Price and quantity competition in a differentiated duopoly. RAND Journal

of Economics 15 (4), 546–554 . 
hu, P. , Steinwender, C. , 2018. The Impact of Trade Liberalization on Firm Productivity and Innovation.

Technical Report . 
tock, J.H. , Yogo, M. , 2005. Testing for weak instruments in linear IV regression. In: Andrews, D.,

Stock, J.H. (Eds.), Identification and Inference for Econometric Models: Essays in Honor of Thomas
Rothenberg. Cambridge University Press, pp. 80–108 . 

utton, J. , 1998. Technology and Market Structure: Theory and History. MIT Press . 
ymeonidis, G. , 2000. Price and non-price competition with endogenous market structure. Journal of

Economics & Management Strategy 9 (1), 53–83 . 
zücs, F. , 2014. M&a and R&D: asymmetric effects on acquirers and targets? Research Policy 43 (7),

1264–1273 . 
hlenbruck, K. , Hughes-Morgan, M. , Hitt, M.A. , Ferrier, W.J. , Brymer, R. , 2017. Rivals reactions to
mergers and acquisitions. Strategic Organization 15 (1), 40–66 . 

alentini, G. , 2016. The impact of M&A on rivals’ innovation strategy. Long Range Planning 49 (2),
241–249 . 

eugelers, R. , 2006. Literature review on M&A and R&D.. In: Cassiman, B., Colombo, M. (Eds.),
Mergers and Acquisitions – The Innovation Impact. Edward Elgar, pp. 37–62 . 

ickers, J. , 1985. Pre-emptive patenting, joint ventures, and the persistence of oligopoly. International
Journal of Industrial Organization 3 (3), 261–273 . 

ives, X. , 2008. Innovation and competitive pressure. Journal of Industrial Economics 56 (3), 419–469 . 
erden, G.J. , 1988. The divergence of sic industries from antitrust markets: some evidence from price
fixing cases. Economics Letters 28 (2), 193–197 . 

indmeijer, F. , 2008. GMM for panel count data models. In: Laszlo, M., Sevestre, P. (Eds.), The Econo-
metrics of Panel Data: Fundamentals and Recent Developments in Theory and Practice. Springer,
pp. 603–624 . 

indmeijer, F.A. , Santos Silva, J.M. , 1997. Endogeneity in count data models: an application to demand
for health care. Journal of Applied Econometrics 12 (3), 281–294 . 

ooldridge, J. , 1997. Multiplicative panel data models without the strict exogeneity assumption. Econo-
metric Theory 13 (5), 667–678 . 

i, S.-S. , 1999. Market structure and incentives to innovate: the case of Cournot oligopoly. Economics
Letters 65 (3), 379–388 . 

iedonis, R.H. , 2004. Don’t fence me in: fragmented markets for technology and the patent acquisition
strategies of firms. Management Science 50 (6), 804–820 . 

http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0061a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0061a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0061a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0061
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0061
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0062
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0062
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0063
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0063
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0064
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0064
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0064
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001a
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0065
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0065
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0066
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0066
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0067
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0067
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001b
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001b
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001b
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0068
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0068
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0068
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0069
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0069
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0069
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001c
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001c
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001g
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0001g
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0070
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0070
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0071
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0071
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0071
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0071
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0071
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0071
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0072
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0072
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0073
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0073
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0074
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0074
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0075
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0075
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0076
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0076
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0077
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0077
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0078
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0078
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0078
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0079
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0079
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0080
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0080
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0081
http://refhub.elsevier.com/S0167-7187(17)30368-5/sbref0081

	How mergers affect innovation: Theory and evidence
	1 Introduction
	2 Related literature
	3 A model of mergers and product innovation
	3.1 Setup
	3.2 Results
	3.3 Hypotheses

	4 Data and variables
	5 Empirical strategy
	6 Results
	6.1 Initial estimations
	6.2 Results from propensity score matching

	7 Conclusion
	Appendix A
	A.1 Theory appendix
	Analytical solutions to the base model
	Drastic and stochastic innovation

	A.2 Additional empirical analyses

	References


