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There has been a long-standing debate in the finance and economics literature on why mergers 

occur and how merger pairs are formed. At least three, not mutually exclusive, explanations have 

appeared in the literature to justify mergers. First, mergers take place because of agency issues 

and/or hubris (Jensen and Ruback (1983), Roll (1986), and Morck, Shleifer, and Vishny (1990)). 

Second, mergers take place because acquirer managers take advantage of the market’s 

overvaluation of their firms and/or there exists correlated misinformation whereby errors in 

valuing potential takeover synergies are correlated with overall market valuation error (Shleifer 

and Vishny (2003), Rhodes-Kropf and Viswanathan (2004), and Rhodes-Kropf, Robinson, and 

Viswanathan (2005)). Lastly, mergers primarily take place because of synergies (Mitchell and 

Mulherin (1996), Maksimovic and Phillips (2001), Harford (2005), and Rhodes-Kropf and 

Robinson (2008)). Despite extensive research in the area (see the surveys by Andrade, Mitchell, 

and Stafford (2001) and Betton, Eckbo, and Thorburn (2008)), identifying the source of 

synergistic gains (i.e., the selection effect) and measuring those gains (i.e., the treatment effect) 

at the firm level are quite difficult in practice (with notable exceptions of Hoberg and Phillips 

(2010) and Seru (2010)). 

In this paper, using a large unique patent-merger dataset over the period 1984-2006, we 

uncover one specific source of synergies—corporate innovation activities—that drives mergers 

and acquisitions (M&As) on an economy-wide scale. We start by examining what characteristics 

of corporate innovation activities are related to whether a firm becomes an acquirers or a target 

firm. We then explore whether the existence of technological overlaps between firm pairs leads 

to corporate acquisitions. Finally, using a sample of failed merger bids as counterfactuals, we 

estimate the treatment effect of a merger on future innovation output when there are pre-merger 

technological overlaps between merging firms. Our direct evidence on the importance of asset 

complementarities for mergers that stem from corporate innovation activities extends prior work 

by Rhodes-Kropf and Robinson (2008) and Hoberg and Phillips (2010).  
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The acquisition of Closure Medical Corporation by Johnson & Johnson (J&J) is 

illustrative of the role that synergies in the technology space play in triggering acquisitions. 

Closure Medical, a global leader in biomaterial-based medical devices, developed the 

cyanoacrylate technology that was used in J&J’s products prior to the acquisition. On March 4, 

2005, J&J announced the acquisition of Closure Medical stating that, “cyanoacrylate 

formulations offer several advantages, including speed, ease-of-use and performance [and that] 

the capabilities and experience [J&J] expects to gain from this transaction can significantly 

contribute to the company’s sustained success.”1 Similarly, Intel’s President described the 

acquisition of Chips and Technologies on July 27, 1997, “Intel and Chips and Technologies 

already share an excellent working relationship based on our joint efforts in graphics 

accelerators. Intel’s acquisition of Chips and Technologies will provide [Intel] with the ability to 

bring strong graphics solutions to the mobile market segment.” The acquisition was triggered by 

the Chips and Technologies’ industry-leading technology (HiQColor) in graphics accelerators for 

the mobile computers.2 

These examples highlight a couple of key features of merger transactions that we study. 

First, merger partners pursue related R&D activities prior to the acquisition. Second, a particular 

technology of the target firm appears to be very valuable to the acquirer, triggering the bid. To 

see whether these anecdotal examples, which are consistent with the synergy perspective of 

M&As, represent a general pattern underlying merger activities, we ask the following research 

questions: Are acquisitions driven by technologically advanced firms or by technology laggards? 

How innovative are target firms? Do merger partners possess complementary technologies prior 

to the transaction? If so, does the presence of pre-merger technological overlaps affect post-

merger innovation output?  

                                                 
1 See J&J’s press release, “Johnson & Johnson and CLOSURE Medical Corporation Announce Acquisition 
Agreement” on March 4, 2005 at http://www.investor.jnj.com/textonly/releasedetail.cfm?ReleaseID=157299. 
2 See Intel’s press release, “Intel to Acquire Chips and Technologies, Inc.” on July 27, 1997 at 
http://www.intel.com/pressroom/archive/releases/1997/CN072797.HTM. 
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To answer these questions, we compile an economy-wide patent-merger dataset and 

develop measures that capture innovation quantity and quality, and more importantly, measures 

that capture potential synergistic gains stemming from technological overlaps between merger 

partners. It is worth noting that almost two-thirds of all public firm mergers in the US over our 

sample period 1984-2006 involve corporate innovators, as captured by patenting activities, prior 

to the transaction. Thus our paper’s findings have broad implications for M&A activities in 

general. 

We first show that companies with large quantity of innovation output as measured by 

patenting activities, are more likely to be acquirers, while companies that exhibit slow growth in 

their innovation output, are more likely to be acquired. At the same time, target firms are firms 

with high levels of R&D expenditures, suggesting that target firms are innovative as measured 

by their input into the innovation process, but they are not as successful in converting R&D into 

patents as acquirers. 

Second, we find that technological overlaps between two firms’ innovation activities as 

captured by the proximity of innovation activities, shared knowledge base, and mutual citations 

of patents have a significant effect on merger pair formation. This is our direct firm-pair level 

evidence in support of the synergy perspective of M&As. 

Finally, we show that there is a limit on the extent of synergies between a prospective 

acquirer and a prospective target firm such that either technological or product market synergies 

trigger a merger pairing, but the individual effect of each type of synergies decreases when both 

are present. By simultaneously capturing different sources of potential synergistic gains, our 

paper is the first to suggest that the link between asset complementarity and merger occurrence is 

highly nonlinear: When two firms are similar in either product lines or technologies, the asset 

complementary effect has a positive impact on the likelihood of merger pairing; in contrast, 

when two firms are similar in both product lines and technologies, the competitiveness effect is 
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outweighing the asset complementarity effect. Hoberg and Phillips (2010) find a similar 

interaction using measures of product market synergies only. 

So far, our results concern the ex-ante selection effects of corporate innovation activities 

on merger occurrence: How innovation characteristics are associated with the choices of 

acquirers, target firms, and acquirer-target firm pairs. Next, we explore the ex-post treatment 

effect of a merger on corporate innovation activities. Using a quasi-experiment involving failed 

merger bids as counterfactuals, we show that the presence of pre-merger technological overlaps 

between merging firms leads to a significant improvement in post-merger innovation output of 

merged firms. 

Our paper differs from prior work and thus contributes to the M&A literature in the 

following dimensions.3 First, using patents and patent citations data, we develop new measures 

of asset complementarities—bilateral technology-specific firm characteristics that trigger merger 

pairing, and thus provide direct evidence on the source of synergies in M&As. It is worth noting 

that all our technological overlap measures transcend the traditional industry classifications such 

as SICs or the Fama-French industries. Second, by employing measures of both innovation 

input—R&D expenditures—and innovation output—patents—in our analysis, we add to prior 

findings by showing that successful innovators with a large number of patents are acquirers, 

while active innovators with high R&D expenditures but few patents are target firms in M&As. 

Finally, by examining our technological overlap measures and Hoberg and Phillips’ (2010) 

product market synergy measure together, our paper highlights the important nonlinear relation 

between asset complementarity and merger occurrence.  

                                                 
3 In contemporaneous work, Sevilir and Tian (2011) show a positive association between M&As and ex-post 
innovation outcome of acquirers, particularly if target firms are innovative pre-merger. Further, acquiring innovative 
target firms with patents is positively related to acquirer announcement period abnormal returns and long-term stock 
price performance. Our paper differs from Sevilir and Tian (2011) in the following ways. First, we study the ex-ante 
selection effect of innovation on merger partners. Second, we develop firm-level measures of technological overlaps 
to capture merger synergies. Third, when estimating the effect of a merger on ex-post innovation outcome, we 
disentangle the selection effect from the treatment effect. 
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The paper proceeds as follows. We review the related literature and develop our 

hypotheses in the next section. We describe our sample and construction of key variables in 

Section II. We examine the ex-ante selection effects of corporate innovation activities on merger 

occurrence and pairing decisions in Section III. We explore the ex-post treatment effect of a 

merger on corporate innovation activities in Section IV. We conclude in Section V. 

I. Literature Review and Hypothesis Development 

In this section, we first review the literature on identifying and quantifying merger 

synergies. We then develop our hypotheses focusing on how asset complementarities—measured 

using acquirers’ and target firms’ technological overlaps—give firms incentives to merge. 

I.A. Prior Literature on Merger Synergies 

One of the earliest papers that try to quantify the presence of synergies in M&As is 

Bradley, Desai, and Kim (1988), who compute the value-weighted announcement period return, 

Deal CAR3, in terms of (Acquirer CAR3 × acquirer market capitalization + Target CAR3 × target 

market capitalization) / (acquirer market capitalization + target market capitalization), as a 

measure of synergistic gains associated with a merger. They show that a successful tender offer 

increases the combined value of the acquirers and target firms by an average of 7.4 percent. 

However, they fall short of identifying the source of these synergistic gains.  

Only recently, some breakthrough is made in identifying the source of synergies, 

focusing on asset complementarity. Rhodes-Kropf and Robinson (2008) use a search model to 

explain the observed pattern of market-to-book ratios of acquirers and target firms. In their 

model, a firm’s market-to-book ratio reflects expected gains from future merger synergies and 

hence depends on the probability with which the firm finds a merger partner as well as on the 

bargaining position the firm has over its merger partner. The model’s equilibrium dictates 

positive assortative matching of firms on the market-to-book ratios—their measure of asset 
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complementarity—which is supported by the data. Nonetheless, the specific form of asset 

complementarity is not explored in this paper. 

Hoberg and Phillips (2010) provide fresh new evidence on product market synergies as 

important determinants of mergers. Using a text-based analysis of firms’ product descriptions in 

their 10-K reports, Hoberg and Phillips identify product market interactions among merger 

candidates and show that acquirers merge with target firms that have complementary products 

and that such mergers achieve product range expansions. Further, merger incidence is higher for 

firms that are more broadly similar to all firms in the economy, and lower for firms that are more 

similar to their rivals. This suggests that the relation between product market similarities and 

merger occurrence may not be linear. Finally, they show that mergers between firms with similar 

product descriptions lead to higher operating profitability and sales growth. Our paper builds on 

Hoberg and Phillips (2010) by exploring another important form of asset complementarity—

technological overlaps between merger partners. 

In a different vein, Seru (2010) posits that M&As could be associated with negative 

externalities if the acquirer is a multi-segment firm. He finds that there is a significant decline in 

target firms’ innovation output after diversifying mergers, while there is no such change after 

non-diversifying mergers. Further, the decline in innovation output is bigger for target firms 

acquired by conglomerate firms that have an active internal capital market. In contrast to Seru 

(2010), we examine the treatment effect of mergers on post-merger innovation output of the 

acquirers in the presence of pre-merger technological overlaps between merging firms, while he 

focuses on the treatment effect of conglomerate mergers on post-merger innovation output of the 

target firms. Further, our focus is on the selection effects of pre-merger corporate innovation 

activities on acquirers, target firms, and merger pairs, which is not examined by Seru (2010).4 

 
I.B. Our Hypotheses  

                                                 
4 See Li and Prabhala (2007) for an overview of selection effects versus treatment effects in corporate finance. 
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The starting point for our investigation is the observation that technological shocks drive 

industry merger waves (see Harford (2005)). Further, the theory of the firm argues that 

contractual incompleteness is a necessary condition for economic activity to take place inside 

formal organizations as opposed to be run solely by market transactions (see the seminal work of 

Coase (1937) and Grossman and Hart (1986)). In particular, the allocation of ownership through 

M&As becomes important when firms interact in areas in which contracts are incomplete. Since 

innovation involves investing in human capital and R&D and produces predominantly intangible 

assets, all of which are presumably hard to contract upon, we hypothesize that:  

Hypothesis 1: Innovative firms are more likely to participate in mergers compared to non-
innovators. 

 

How acquirers identify prospective target firms? We conjecture that inter-firm linkages in 

innovation may lead to merger-pairing decisions through the following channels. First, according 

to the property rights theory of Hart and Moore (1990), when ex-ante contracts are incomplete, 

innovative firms should own other firms when their innovation-related assets are complementary. 

Furthermore, firms with the highest degree of complementarity have the strongest incentive to 

merge as, for them, the opportunity cost of lost synergistic gains is the highest. The search-and-

matching model and evidence in Rhodes-Kropf and Robinson (2008) and the product market 

evidence in Hoberg and Phillips (2010) further establish that asset complementarity leads to 

mergers.  

Second, technological overlaps can help overcome information asymmetry in 

acquisitions. Intellectual property and technological knowhow, by nature, are more difficult to 

evaluate than tangible assets. One of the concerns for an acquirer is its ability to accurately value 

the target firm. If the acquirer and the target firm are familiar with each other’s technologies, 

then information asymmetry between merger partners is mitigated (Higgins and Rodriguez 

(2006) and Zhang (2011)). Higgins and Rodriguez (2006) use prior alliance, and sharing sales 

and research experience within the same therapeutic category with prospective target firms to 
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capture pre-merger information-gathering activities. Zhang (2011) instead employs pre-merger 

cross-citations between prospective acquirers and target firms. 

Finally, as highlighted in the two motivating examples in the introduction, the target 

firm’s technology may fill particular gaps in the acquirer’s R&D portfolio so that the innovation 

prowess or the competitive position of the combined firm is strengthened (Higgins and 

Rodriguez (2006)). 

As such, we expect that acquirers pursue target firms with which they have technological 

overlaps or target firms with similar technological competency: 

Hypothesis 2: Mergers are more likely to take place between firms with overlapping innovation 
activities. 

  

In our empirical investigation, we test these hypotheses and also attempt to control for 

some of the alternative explanations for why and how mergers take place. In next section, we 

describe our data, define key innovation variables, and present summary statistics. 

 

II. Sample Formation and Key Variable Definitions 

II.A. Our Sample 

To form our M&A samples, we begin with all announced and completed US M&As with 

announcement dates between January 1, 1984 and December 31, 2006 covered by the Mergers 

and Acquisitions database of the Thomson Financial’s SDC Database.5 We identify all deals 

where the form of deal was coded as a merger, an acquisition of majority interest, or an 

acquisition of assets. Then we only retain an acquisition if the acquirer owns less than 50 percent 

of the target firm prior to the bid, is seeking to own greater than 50 percent of the target firm, and 

owns greater than 90 percent of the target firm after the deal completion. We require that: 1) both 

                                                 
5 Our sample period begins in 1984 because the information in SDC is less reliable before 1984 and ends in 2006 
because the patent data available in the NBER Patent Data Project ends in 2006.  
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the acquirer and the target firm be bigger than $1 million or that the transaction value be no less 

than $1 million (all in 1984 constant dollars) to get rid of many small deals; 2) neither the 

acquirer nor the target firm be from the financial sector (SIC 6000-6999); and 3) for different 

analyses, either the acquirer or both the acquirer and the target firm be covered by 

Compustat/CRSP. These filters yield 2,621 deals—the Acquirer SDC Sample, where information 

on acquirers is available; and 1,762 deals—the Acquirer-Target SDC Sample, where information 

on both acquirers and target firms is available.  

We then retrieve patent related information from the NBER Patent Data Project database 

(January 2011) and the worldwide Patent Statistical Database (PATSTAT, April 2008) of the 

European Patent Office (EPO).6 The key advantage of using these two databases together is that 

it allows us to track patenting output and patent citation activity over time by firms and firm-

pairs.  

To examine the role of technological synergies in merger decisions, we form samples of 

pseudo deals in two ways.  

The Random Control Sample 

For each deal in the Acquirer SDC Sample (the Acquirer-Target SDC Sample), we take 

the acquirer (the acquirer and the target firm) and randomly draw five firms for each acquirer 

(for each acquirer as well as for each target firm) from Compustat/CRSP that were neither an 

acquirer nor a target firm in the three-year period prior to a deal. For deals in the Acquirer SDC 

Sample, we form pseudo deals by pairing the five randomly drawn firms for the actual acquirer 

with the actual target firm. For deals in the Acquirer-Target SDC Sample, we form pseudo deals 

by pairing the five randomly drawn firms for the actual acquirer with the actual target firm and 

the five randomly drawn firms for the actual target firm with the actual acquirer.  

                                                 
6 The NBER project provides data about all utility patents awarded by the US Patent and Trademark Office 
(USPTO) over the period 1976-2006. The PATSTAT database, among other information, identifies the set of patent 
publications that cite a particular patent (citations received by a patent) and it also identifies the set of patent 
publications a particular patent is citing (citations made by a patent), based on all patent documents submitted to the 
USPTO. 
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We end up with 2,621 (1,762) deals that have information on both the actual and 

randomly formed pseudo deals—the Random Acquirer Sample (the Random Acquirer-Target 

Sample). There are 1,474 deals in the Random Acquirer Sample whose acquirers and pseudo 

acquirers are active in patenting activities in the five-year period leading to the bid.7 There are 

1,105 deals in the Random Acquirer-Target Sample whose acquirers and pseudo acquirers or 

target firms and pseudo target firms or both (536 deals) are active in patenting activities in the 

five-year period leading to the bid. 

The Matched Control Sample 

 For each deal in the Acquirer SDC Sample (the Acquirer-Target SDC Sample), we find 

up to five matching firms (if they exist) for the acquirer (for both the acquirer and the target firm, 

separately) by industry8—the industry definitions are based on the narrowest SIC grouping that 

includes at least five firms9—and by size (i.e., sales) from Compustat/CRSP that were neither an 

acquirer nor a target firm in the three-year period prior to a deal.  

There are 2,572 deals in the Acquirer SDC Sample for which we are able to form pseudo 

deals by pairing up to five closest matches of the actual acquirer with the actual target firm—the 

Matched Acquirer Sample. Among them, there are 1,336 deals whose acquirers and matching 

acquirers are active in patenting activities in the five-year period leading to the bid. There are 

1,759 deals in the Acquirer-Target SDC Sample for which we are able to form at least one 

pseudo deal by pairing the actual acquirer with up to five closest matches of the deal’s actual 

                                                 
7 To classify a firm as active in patenting activities in the five-year period leading to the bid, the firm must be 
awarded at least one patent in the period from year ayr-5 to year ayr-1, where ayr-1 is the calendar year that has the 
largest overlap with the fiscal year before the bid announcement, and ayr-5 is four years prior to ayr-1. 
8 Note that whenever a deal is horizontal/vertical, as defined by the merging firms’ primary SICs, its matching 
pseudo deal in the Matched Control Sample will have the same horizontal/vertical structure by construction. Our 
industry matching controls for any possible influence of horizontal/vertical relatedness between industry pairs may 
have on the likelihood of a merger pair formation. 
9 Specifically, we start with 4-digit SIC industry groups to search for matching acquirers (target firms). If there are 
no more than five industry peers to the actual acquirer (target firm) within the 4-digit SIC industry group, we move 
up to the 3-digit SIC industry group. If there are no more than five industry peers to the actual acquirer (target firm) 
within the 3-digit SIC industry group, we move up to the 2-digit SIC industry group. 73% (19%) acquirers are 
matched at the 4-digit (3-digit) level, while 75% (18%) target firms are matched at the 4-digit (3-digit) level; the 
remaining matches are at the 2-digit level. We use historical SIC industry codes from Compustat. 
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target firm, and by pairing the actual target firm with up to five closest matches of the deal’s 

actual acquirer—the Matched Acquirer-Target Sample. Among them, there are 1,135 deals 

whose acquirers and matching acquirers or target firms and matching target firms or both (570 

deals) are active in patenting activities in the five-year period leading to the bid.  

Finally, using the procedures described above, we form the Random (Matched) Control 

Sample for target firms that contains the actual deals from the Acquirer-Target SDC Sample and 

the pseudo deals created by pairing five randomly drawn firms for (up to five closest matches of) 

the actual target firm with the actual acquirer. There are 1,762 (1,744) deals in the Random 

(Matched) Target Control Sample of which 554 (638) are deals whose target firms and pseudo 

target firms are active in patenting activities in the five-year period leading to the bid. 

 
II.B. Our Innovation Measures  

To capture the quantity of innovation output, we employ Citation-Weighted Patents and 

Patent Index. The former is the sum of the citation-weighted number of awarded patents to the 

acquirer/target firm. We use citation-weighting following Hall, Jaffe, and Trajtenberg (2005) 

who argue that the number of citations a patent receives conveys information about its 

importance and allows gauging the sheer heterogeneity in the quality of patents. The latter 

measures the quantity of a firm’s innovation output benchmarked relative to the median quantity 

of innovation output in each technology class and time period where and when the firm was 

active in patenting (more detailed variable definitions are given in Appendix 1, and more 

detailed discussion on measuring innovation output using patent and citations count data is 

provided in Appendix 2). In both cases, we consider patents with an application year from the 

three-year period before a deal. 
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To capture the quality of innovation, we compute Self-Cites Ratio, Age of Patent 

Portfolio, and Citation Index.10 Self-Cites Ratio is the number of awarded patents to a firm that 

cite any of the firm’s earlier patents divided by the total number of awarded patents to the firm 

over the same time period.11 It captures the extent to which a firm’s innovation activities rely on 

its own body of knowledge developed earlier. Age of Patent Portfolio is the average number of 

years since a firm’s patents in its portfolio were awarded. It proxies for the degree to which a 

firm’s existing patents are about to expire. Citation Index captures the importance of a firm’s 

patent portfolio benchmarked relative to the median importance of patenting output in the same 

technology class and over the same time period (see Appendix 2 for details). 

We employ three sets of variables to capture innovation overlaps. The first set of 

variables includes two symmetric measures. Following Jaffe (1986), Technological Proximity 

measures the closeness of any two firms’ innovation activities in the technology space using 

patent counts in different technology classes. Knowledge Base Overlap measures the extent to 

which any two firms’ awarded patents cite the same set of past patents. Therefore, Knowledge 

Base Overlap captures the similarity of technological foundations of any two firms’ patent 

portfolios, specifically, whether the two firms base their innovation activities on the same 

underlying knowledge. The second set of variables, new to the literature, includes two reciprocal 

measures. Acquirer’s (Target’s) Base Overlap Ratio captures the importance of the common 

knowledge base relative to the acquirer’s (target firm’s) knowledge base. The final set of 

variables also includes two reciprocal measures. Acquirer’s (Target’s) Cross-Cites Ratio 

measures the extent to which the target firm’s (acquirer’s) patent portfolio is directly cited by the 

acquirer’s (target firm’s) patent portfolio. Therefore, the cross-cites ratios capture the immediate 

importance of a firm’s innovation activity to that of another firm. It is important to note that all 

our innovation overlap measures transcend the traditional industry classifications such as SICs or 
                                                 
10 Due to the very high correlation (0.97) between Patent Index and Citation Index, going forward, we focus on 
Patent Index. 
11 A patent applicant has a legal duty to disclose any knowledge of the “prior art,” but the decision regarding which 
patents to cite ultimately rests with the patent examiner, who is supposed to be an expert in the area and hence to be 
able to identify relevant prior art that the applicant misses or conceals. 
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the Fama-French industries. Our overlap variables provide a continuous measure of the pairwise 

relatedness of any two firms in the technology space, both within and across conventional 

industry affiliations—a critical aspect of capturing technological synergies in our M&A setting. 

An important consideration for our analysis, however, is not necessarily the level of 

innovation output or the extent of innovation overlaps, but the time trend of these measures. For 

example, a declining quantity of innovation output in the years prior to an acquisition would be 

indicative of a company whose innovativeness is deteriorating. As such, we also compute 

changes in our measures of innovation output and overlaps between one three-year period ending 

three years prior to the bid announcement (i.e., ayr-5 to ayr-3) and another three-year period 

ending one year prior to the bid announcement (i.e., ayr-3 to ayr-1). 

 
II.C. Sample Overview 

Table 1 presents the temporal distribution of the M&A samples with pseudo deals formed 

using matching firms. We observe a trough in the early 1990s and a strong surge in the late 

1990s in M&A activities, coinciding with a recession and a subsequent rising stock market and 

economic boom. The seven samples exhibit very similar temporal trends, with M&A activities 

bottomed around 1992 and peaked around 1999. It is clear that deals that involve innovative 

acquirers/target firms exhibit similar cyclicality as those in general.  

Appendix 3 presents a detailed breakdown of sample deals from Table 1 by industry 

using 2-digit SICs. We show that deals in the Acquirers or Targets with Patents of the Matched 

Acquirer-Target Sample span 48 different industries, highlighting the prevalence of innovation-

driven acquisitions across industries. The five industries with the highest number of deals are: 

Chemicals and Allied Products (SIC 28, including pharmaceutical and biotech industries), 

Industrial and Commercial Machinery and Computer Equipment (SIC 35), Electronic and Other 

Electrical Equipment and Components (SIC 36), Measuring, Analyzing, and Controlling 

Instruments (SIC 38), and Business Services (SIC 73).  
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Table 2 Panel A presents the descriptive statistics for the Acquirers or Targets with 

Patents of the Matched Acquirer-Target Sample.12 Total assets are in billions of 2006 constant 

dollars. We show that the acquirers produce significantly higher quantity of innovation output 

than their target firms as measured by both Citation-Weighted Patents and Patent Index. Further, 

in terms of the quality of innovation output, the acquirers’ Self-Cites Ratio and Age of Patent 

Portfolio are significantly higher compared to their target firms. Our univariate statistics are 

suggestive of that the acquirers are more innovative (though with older patents) than their target 

firms.  

The firm characteristics show that our sample firms are large (the mean of total assets is 

in the 9th and 8th deciles of the Compustat universe over the same time period for the acquirers 

and the target firms, respectively), and that the acquirers have higher sales growth and ROA, 

better stock market performance, and lower B/M ratios than their target firms. Overall, our 

samples are similar to those used in other studies of mergers between public firms (see, for 

example, Gaspar, Massa, and Matos (2005) and Jenter, Harford, and Li (2011)).  

At the bottom of Panel A, using six different measures, we show that there are innovation 

overlaps between the acquirers and their target firms. In particular, there are 329 deals (out of 

1,135 deals) where one or more measures of innovation overlaps are non-zero. The mean 

Technological Proximity between the acquirer’s and the target firm’s patent portfolios is 0.11. 

The common knowledge base between the acquirers and the target firms is more important to the 

latter than to the former (Target’s Base Overlap Ratio is larger than Acquirer’s Base Overlap 

Ratio). The target firms cite their acquirers’ patents more intensely than the other way round 

(Target’s Cross-Cites Ratio is larger than Acquirer’s Cross-Cites Ratio).  

Table 2 Panel B presents the same descriptive statistics for the 7,233 pseudo deals in the 

Acquirers or Targets with Patents of the Matched Acquirer-Target Sample. In these pseudo 

deals, the acquirers exhibit higher innovation quantity and quality compared to their target firms, 

                                                 
12 It is worth noting that descriptive statistics for all other samples exhibit similar patterns. 
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but are less innovative in comparison to the actual acquirers (Table 2 Panel A). The matched 

target firms exhibit somewhat higher innovation quantity and quality compared to their actual 

target firms. The reported statistics further suggest that the matching firms have similar financial 

characteristics (as intended) to the actual acquirers and target firms.13 Interestingly, the extent of 

innovation overlaps is minimal between the merger partners in the pseudo deals, as compared to 

the extent of overlaps between the merger partners in the actual deals as shown in Panel A.  

In unreported analysis, we find that there is high correlation between the two measures of 

innovation quantity—Citation-Weighted Patents and Patent Index. As a result, in our 

multivariate analyses of acquirer/target choices, we include one quantity of innovation measure 

at a time in a regression. There is moderate correlation among the six innovation overlap 

measures and between the overlap measures and the measures of patent quantity/quality. 

Therefore, in our multivariate analyses of acquirer-target firm pairing, we include at most two 

innovation overlap measures at a time in a regression. 

 

III. Ex-ante Selection Effects 

In this section, we implement various multivariate analyses to test our hypotheses 

regarding the interaction between corporate innovations and acquisitions. 

 
III.A. Which Firms Are the Acquirers? 

Are acquisitions driven by technologically advanced firms, probably to preserve or 

further enhance their competitive edge, or by technology laggards? To answer this question, we 

estimate the following fixed-effects (i.e., conditional) logit regression using cross-sectional data 

                                                 
13 Given that the firms in pseudo deals are matched to their respective actual merger partners by sales, the difference 
in sales between the actual and matching firms is minimal, while we still see some difference in total assets. In our 
multivariate analyses, we include the natural logarithm of total assets to control for any residual variation in firm 
size. 
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with, for each deal, one observation for the actual acquirer and multiple observations for the 

pseudo acquirers:14 

	 	  

	 	 .   (1) 

The dependent variable is Acquirerim, equal to one if firm i is the actual acquirer in deal m, and 

zero otherwise (i.e., if firm i is the pseudo acquirer). Acquirer Innovation Measuresim is one of 

the two measures of the quantity of innovation output: Citation-Weighted Patents or Patent 

Index, defined in Section II.B. Acquirer Characteristicsim are control variables. All explanatory 

variables are measured as of the fiscal year end before the bid announcement. 

Panel A of Table 3 presents coefficient estimates from the fixed-effects logit regression 

in Equation (1). Columns (1)-(2) and (5)-(6) present the 50th percentile of the empirical 

distribution of coefficient estimates (and the corresponding standard error) from the fixed-effects 

logit model in Equation (1) using 1,000 randomly-drawn control groups of acquirers in pseudo 

deals. In all specifications, using either measure of innovation quantity and across samples, we 

show that more innovative firms are more likely to become acquirers. In seven out of eight cases, 

the coefficients on the innovation quantity measures are significant at the one percent level.15 

The coefficient estimates are about twice as large when the control group consists of randomly 

drawn pseudo acquirers as compared to the estimates when the control group consists of matched 

pseudo acquirers. This suggests that firms in certain industries and/or size groups are 

                                                 
14 A fixed-effects (i.e., conditional) logit regression (using the STATA command clogit) instead of a logit regression 
is employed because our data are grouped by each acquisition deal in our sample and the likelihood is calculated 
relative to each group, i.e., a conditional likelihood is used. The logit regression that uses the full maximum-
likelihood approach is inconsistent in our setting. See McFadden (1974) and Green (2008, Chapter 23) for an 
introduction of the conditional logit regression, and Kuhnen (2009) and Dyck, Morse, and Zingales (2010) for recent 
applications in finance. It is worth noting that, when we increase the number of control firms/pseudo deals within 
each group, the estimates converge to those one would obtain using the entire set of Compustat firms as controls. 
When we do such robustness checks, we always find stronger results than those we present in the paper. 
15 In Appendix 4 Panel A, we report the 10th and 90th percentiles of the empirical distribution of coefficient 
estimates and their corresponding standard errors. In Appendix 5 Panel A, we sample control groups of 
acquirers/pseudo deals to match frequencies of merger occurrence at the industry-level over the three-year period 
prior to each bid and find the same result. 
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disproportionately more innovative and so drawing pseudo acquirers randomly (without 

industry- and size-matching) yields firms that are very different from the actual acquirers, and 

hence stronger results. We alleviate this potential bias of our estimates using the control group of 

industry- and size-matched pseudo acquirers. We further show that using the Acquirers with 

Patents sample (Columns (5)-(8)), the effect of innovation quantity remains. This suggests that 

even when we condition on a sample of active innovators, those that innovate more are more 

likely to become acquirers.  

We also show that firms whose innovation activities rely more on their own past 

innovation output (i.e., with high Self-Cites Ratio) are less likely to become acquirers. The 

coefficients on Self-Cites Ratio are always negative and are statistically significant in four out of 

eight cases. Using the All Acquirers sample and the randomly drawn control group, we obtain a 

positive coefficient on Age of Patent Portfolio, suggesting that if a firm’s patent portfolio is old 

and hence its patents are about to expire soon, this firm is more likely to become an acquirer. 

However, we note that this result is not robust to changing control group of pseudo deals nor is it 

present in the Acquirers with Patents sample. 

Interestingly, after controlling for our measures of the quantity of innovation output, 

R&D expenditures, which represent inputs into the research and development process, are not 

consistently and significantly associated with a firm’s likelihood of becoming an acquirer. This 

finding suggests that acquirers are particularly successful in converting R&D into patents and 

that they are at the patent output stage of the “innovation life cycle.”  

There are other findings that are not directly related to innovation, but are consistent with 

prior work in M&As (see, for example, Maksimovic and Phillips (2011), Moeller, 

Schlingemann, and Stulz (2004) and Gaspar, Massa, and Matos (2005)). In particular, we show 

that larger firms, firms with better operating performance, fast sales growth, lower B/M ratios, 

and higher prior year stock returns are more likely to engage in M&As as acquirers.  
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In Panel B, we first repeat the Panel A analysis using changes in innovation quantity. We 

find that an increase in the rate of growth in innovation quantity is positively and significantly 

associated with a firm’s likelihood to become an acquirer. Next, when we include both the level 

and the change in innovation quantity variables, the level variables remain highly statistically 

significant, while the change variables are rarely significant. These results suggest that, after 

controlling for the level of innovation quantity, its growth rate does not contribute towards the 

likelihood of firms becoming acquirers. 

In Panel C, we repeat the Panel A analysis using the linear probability model to help 

assess the economic significance of the estimated effects.16 We continue to find that there is a 

positive and highly statistically significant association between the level of innovation quantity 

and the likelihood of firms becoming acquirers.  We show that under Column (3) specification, if 

the value of Citation-Weighted Patents increases by one standard deviation (2.24), the likelihood 

of a sample firm to become an acquirer increases by 3.9 percentage points. As a comparison, one 

standard deviation increase in prior year stock returns (0.59) is associated with a 2.7 percentage 

points increase in the likelihood of a sample firm to become an acquirer. Under Column (7) 

specification, if the value of Citation-Weighted Patents increases by one standard deviation 

(2.13), the likelihood of a sample firm to become an acquirer increases by 2.9 percentage points. 

The above calculations show that the level of innovation quantity is an important consideration 

in M&A decisions. Finally, it is worth noting that when we repeat the analysis with an expanded 

set of randomly drawn (matched) pseudo acquirers up to ten firms, the results become stronger. 

Overall, our results provide strong support for our first hypothesis (H1) that highly 

innovative firms are more likely to participate in mergers. In particular, firms that are highly 

successful in patenting become acquirers. Our findings are consistent with the empirical 

                                                 
16 Since the fixed-effects logit uses the conditional likelihood, one can compute marginal effects only for the case 
when all deal-level fixed-effects are set to zero, which does not apply to our specific setting with matched pseudo 
deals together with actual deals at the deal-level. Hence while the fixed-effects logit provides consistent coefficient 
estimates, it limits the ability to interpret the results in economically meaningful terms.  
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investigation by Maksimovic and Phillips (2001) who show that highly efficient firms are more 

likely to be buyers for corporate assets. 

 
III.B. Which Firms Are the Target Firms? 

  So far, we have shown that more innovative firms tend to be acquirers. Are target firms 

technology laggards or are they also highly innovative? To answer this question, we estimate the 

fixed-effects logit regression analogous to Equation (1) for target firms: 

	 	  

	 	 .    (2) 

The dependent variable is Targetim, equal to one if firm i is the actual target firm in deal m, and 

zero otherwise. Table 4 presents the fixed-effects logit regression results, similar in structure to 

Table 3. In particular, Columns (1)-(2) and (5)-(6) present the 50th percentile of the empirical 

distribution of coefficient estimates (and the corresponding standard error) from the fixed-effects 

logit model in Equation (2) using 1,000 randomly-drawn control groups of target firms in pseudo 

deals. 

Panel A Columns (1)-(4) show that, using the All Targets sample, the coefficients on the 

innovation output measures change signs and are largely insignificant.17 When we condition on a 

sample of active innovators (the Targets with Patents sample in Columns (5)-(8)), we show that 

firms with lower innovation output are more likely to become target firms. This result suggests 

that, among active innovators, firms with low quantity of innovation output are more likely to 

become target firms, while those with high innovation output are more likely to become 

                                                 
17 In Appendix 4 Panel A, we report the 10th and 90th percentiles of the empirical distribution of coefficient 
estimates and their corresponding standard errors. In Appendix 5 Panel A, we sample control groups of target 
firms/pseudo deals to match frequencies of merger occurrence at the industry-level over the three-year period prior 
to each bid and find the same result. 
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acquirers.18 We also show that larger firms, and firms with better operating performance, and 

lower prior year stock returns, are more likely to become target firms. 

It is worth noting that after controlling for our measures of the quantity of innovation 

output, R&D expenditures, are positively and significantly associated with a firm’s likelihood of 

becoming a target firm. Taken together, our results suggest that target firms are very active in 

R&D but they are not as successful innovators as acquirers since they are not converting their 

R&D expenditures into patents at the time of the merger. This result is again consistent with the 

existence of an “innovation life cycle” whereby target firms are primarily at the R&D investment 

stage, while in contrast, acquirers are primarily at the patent output stage.  

Phillips and Zhdanov (2011) posit that small firms are innovative because they want to be 

acquired by large firms, while large firms optimally may decide to purchase smaller innovative 

firms and conduct less R&D themselves, probably because they are better at marketing and 

distribution but not good at innovation. They show that R&D of small firms responds more than 

R&D of large firms to demand shocks and the probability of being an acquisition target. Our 

findings are consistent with Phillips and Zhdanov (2011) as we show that target firms are highly 

active in R&D (innovation measure used in their study) while the acquirers are not. However, we 

further show that target firms exhibit low patenting output. Our evidence suggests the following 

scenario: Acquirers buy R&D-intensive target firms before the latter are able to convert R&D 

into a large number of patents, consistent with the long-term nature of investment in innovation. 

In Panel B, we first repeat the analysis using changes in innovation quantity. We find that 

an increase in the growth rate of a firm’s innovation quantity is always negatively and 

significantly associated with its likelihood of becoming a target firm. Next, when we include 

both the level and the change in innovation quantity variables, we show that only the change 

                                                 
18 It is worth noting that when we repeat the analysis with an expanded set of randomly drawn (matched) pseudo 
target firms up to ten firms, the results are similar to those presented in Panel A. 
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variable remains to be negatively and significantly associated with the firm’s likelihood of 

becoming a target firm in almost all specifications.  

In Panel C, we also estimate Equation (2) using the linear probability model to help 

assess the economic significance of our target firm results. Under Column (7) specification, if the 

value of Citation-Weighted Patents increases by one standard deviation (1.66), the likelihood of 

a sample firm to become a target firm decreases by 3.1 percentage points. As a comparison, one 

standard deviation increase in prior year stock returns (0.64) is associated with 0.8 percentage 

points decrease in the likelihood of a sample firm to become a target firm. 

Overall, our investigation highlights that target firms produce lower quantity of 

innovation output when compared to other innovative firms. Further, firms with slow growth in 

innovation quantity are more likely to become a target firm. On the other hand, we show that 

target firms are active innovators in terms of their high R&D spending. We conclude that our 

evidence is consistent with our first hypothesis (H1) that innovative firms are more likely to be 

involved in merger transactions. 

 
III.C. Acquirer-Target Firm Pairing  

Do merger partners possess complementary technologies as predicted by the synergy 

perspective of M&As? To answer this question, we estimate the following fixed-effects logit 

regression using cross-sectional data with one observation for each actual deal and multiple 

observations for pseudo deals: 

– 	  

	 	 	 	 	 	 	

	 	 	

	 	 .       (3) 
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The dependent variable is Acquirer-Targetijm, equal to one if the firm pair ij is the actual 

acquirer-actual target firm pair, and zero otherwise (i.e., if the pair is one of the pseudo firm pairs 

described in Section II.A.). Innovation Overlapsijm is one of the three pairs of innovation overlap 

measures. Table 5 presents coefficient estimates from the regression in Equation (3). Columns 

(1)-(3) present the 50th percentile of the empirical distribution of coefficient estimates (and the 

corresponding standard error) from the fixed-effects logit model in Equation (3) using 1,000 

randomly-drawn control groups of acquirers/target firms in pseudo deals. Due to space 

constraints, we only report coefficient estimates on measures of innovation overlaps. 

In Panel A, we show that there is a positive and significant association between any of 

the six measures of merger partners’ innovation overlaps and the formation of a merger pair. 

This is an important and new finding in the literature, suggesting that the reciprocal relatedness 

of two firms’ innovation activities leads to merger pairing, possibly due to potential synergistic 

gains in the technology space and also due to the reduction of information asymmetry with 

respect to the merger partners’ intangible assets.19 As in Tables 3 and 4, the coefficient estimates 

are larger in magnitude when the control group consists of randomly drawn pseudo deals 

compared to those obtained using matched pseudo deals, suggesting heterogeneity in the 

innovation activity across industries and/or size groups.20 

Next, we focus on changes in innovation overlaps over the period preceding the bid 

announcement. We find that the rising trend in the extent of overlaps between the acquirer and 

the target firm as captured by ∆ Knowledge Base Overlap, ∆ Target’s Base Overlap Ratio, and 

∆ Target’s Cross-Cites Ratio is positively and significantly associated with the formation of a 

merger pair. We also show that the coefficients on ∆ Acquirer’s Base Overlap Ratio and 

                                                 
19 In Appendix 4 Panel B, we report the 10th and 90th percentiles of the empirical distribution of coefficient 
estimates and their corresponding standard errors. In Appendix 5 Panel B, we sample control groups of 
acquirers/target firms/pseudo deals to match frequencies of merger occurrence at the acquirer’s/target firm’s 
industry-level over the three-year period prior to each bid and find the same result. 
20 It is worth noting that estimating Equation (3) using either the broader All Deals or the narrower Acquirers and 
Targets with Patents of the Acquirer-Target Sample, we still find that there is a positive and significant association 
between any of the six measures of innovation overlaps between merger partners and the likelihood of them forming 
a merger pair. 
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∆ Acquirer’s Cross-Cites Ratio are always positive and the coefficient on ∆ Acquirer’s Base 

Overlap Ratio is statistically different from zero when pseudo deals are formed using industry-

and size-matched firms. In summary, we confirm that innovation overlaps are important drivers 

of merger-pairing decisions. 

In Panel B, we estimate Equation (3) using the linear probability model to help assess the 

economic significance. We show that under Column (4) specification, if the value of 

Technological Proximity increases by one standard deviation (0.24), the probability of a firm pair 

to merge increases by 1.8 percentage points. Alternatively, if the value of Knowledge Base 

Overlap increases by one standard deviation (0.51), the likelihood of a firm pair to merge 

increases by 5.4 percentage points.  

In summary, our evidence in Table 5 provides strong support for our third hypothesis 

(H2) that mergers are more likely to take place between parties with complementary assets, 

specifically, with overlapping innovation activities.  

 
III.D. Different Sources of Merger Synergies  

Hoberg and Phillips (2010) show that mergers are more likely to take place among firms 

with similar products. We show that innovation overlaps are conductive to forming a merger 

pair. The question that naturally arises is whether product market similarities and innovation 

overlaps, when present at the same time, further increase the likelihood of a merger pair 

formation. To investigate this possibility, we include in Equation (3) the measure of synergies in 

product markets, Product Market Relatedness, a binary variable from Hoberg and Phillips 

(2010), and we also interact it with our innovation overlap measures.  

In Table 6 Panel A, consistent with findings in Hoberg and Phillips (2010), we show that 

Product Market Relatedness is an important driver of merger-pairing decisions so as our 

measures of innovation overlaps. Interestingly, we find that the coefficients on the interaction 

terms between the innovation overlap measures and Product Market Relatedness are mostly 
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negative and in four cases significantly different from zero. This result suggests that there is a 

limit on the extent of similarities between a prospective acquirer and a prospective target firm 

such that either technological overlaps or product market overlaps trigger a merger pairing, but 

the individual effect of each type of synergies on merger-pairing decreases when both are present 

at the same time. This might be because when two firms are similar in either product lines or 

technologies, the synergistic consideration has a positive impact on the likelihood of merger 

pairing. On the other hand, when two firms are similar in both dimensions, they become close 

rivals competing for growth opportunities and market shares. The competitive pressure leads to a 

negative impact on the likelihood of merger pairing. Hoberg and Phillips (2010) draw a similar 

conclusion when they show that firms with broad product market similarities to all firms in the 

economy are more likely to merge, while firms with highly similar rivals in the product space are 

less likely to merge. We extend their findings by showing that the relation between similarities 

and the likelihood of merger occurrence is also nonlinear across different dimensions of asset 

complementarity. 

To assess the economic magnitude of the relative contribution of product market and 

technological overlaps as well as their interaction towards the likelihood of merger pairing, in 

Panel B, we use the linear probability model. We show that under Column (1) specification, the 

average probability of the merger pair formation for Product Market Relatedness equal to zero 

(one) is 0.15 (0.72), while the average probability of the merger pair formation for Technological 

Proximity equal to zero (one) is 0.18 (0.54). These results suggest that moving the value of both 

product market and technological overlap measures from their minimum to maximum in the 

sample has a substantial impact on the likelihood of a merger pair formation.21 

To explore the interaction effect, we set Technological Proximity equal to zero, and 

obtain the average probability of a merger pair formation to be 0.13 when Product Market 

                                                 
21 The average in-sample probability of a merger pair formation is 0.19 under Column (1) specification. Thus the 
assessment of the economic significance of our explanatory variables should be based on the extent to which the 
variable of interest is able to move the probability away from this value. 
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Relatedness is also equal to zero, and 0.72 when it is equal to one. We then set Technological 

Proximity equal to one, and obtain the average probability of a merger pair formation to be 0.53 

when Product Market Relatedness is equal to zero, and 0.68 when it is equal to one. We note 

that, while the average probability of the merger pair formation is the lowest when both Product 

Market Relatedness and Technological Proximity are equal to zero, it is not the highest when 

both are equal to one. Our paper is thus one of the first in the literature to demonstrate that too 

much overlaps in corporate core activities between prospective merger parties may reduce the 

likelihood of an acquisition. 

 

IV. Ex-post Treatment Effects 

So far, we have examined and established the ex-ante selection effects of innovation on 

merger partners, focusing on the role of technological overlaps. To make a compelling argument 

that technological synergies matter in M&As, it is important to ascertain the ex-post treatment 

effect of a merger on post-merger innovation when there are pre-merger technological overlaps 

between merging firms. To this end, we now investigate whether and how technology-driven 

acquisitions impact innovation output of the combined firm after merger completion.22  

To clearly delineate the treatment effect, we follow Seru (2010) by employing a quasi-

experiment where, for firm pairs in completed mergers (the treatment group), we form a control 

group using the sample of firm pairs whose merger failed to go through for reasons that are 

unrelated to firms’ R&D activities. Our approach is to compare, post- to pre-merger, the sum of 

the innovation output of merger partners in completed mergers to the sum of the innovation 

                                                 
22 We do not examine post-merger operating performance nor R&D expenditures for the following reasons. First, 
innovation-driven mergers are unlikely to deliver improved operating performance in the short-run, and it is difficult 
to attribute the long-run performance (after patents are commercialized through new products, services, or licensing)  
solely to the merger event. Second, due to pre-merger technological overlaps between merger partners, a priori, it is 
not clear how R&D expenditures will change post-merger. It could increase as the combined firm ramps up its 
innovation effort, or it could decrease due to economies of scale and scope in innovation. The direction of the 
change in R&D expenditures around the merger event is an empirical question. On the other hand, our synergies 
perspective of M&As gives clear predictions that if technological synergies matter, the post-merger quantity of 
innovation output increases. 
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output of merger partners in failed mergers. Specifically, the treatment group consists of friendly 

mergers23 in the Acquirer-Target SDC Sample described in Section II.A. To form the control 

group, we begin with all announced and withdrawn deals with necessary firm-level information 

from Compustat/CRSP.24 We then read news articles for each of the failed acquisition bid in our 

sample and exclude deals that failed explicitly due to R&D activities of either merger partner, 

deals that were expected to fail, and deals where the reason for failure cannot be determined.25 

Using this approach, the possible bias in the estimated effect of a merger on post-merger 

innovation output due to selection of firms into merger pairs is differenced out. 

The quasi-experiment assumes that, conditional on observables, innovation quantity and 

overlaps prior to a deal cannot predict its completion. To check whether this holds in our sample, 

Table 7 presents estimates from logit regressions where the dependent variable is equal to one 

(zero) for completed (failed) mergers.26 We show that neither innovation quantity nor innovation 

overlaps are significantly associated with the likelihood of deal completion.  

 To explore to what extent the presence of pre-merger technological overlaps between 

firm pairs impacts the treatment effect of a merger on post-merger innovation output, we 

estimate the following difference-in-difference-in-differences regression using a panel dataset 

that contains both completed deals and failed bids from three years prior to bid announcement 

(ayr-3) to three years after the deal completion (cyr+3): 

	 	 	 	  

	 	 	 	 	 	 	 	  

                                                 
23 According to Seru (2010), unlike hostile takeovers, targets in friendly deals are less likely to change their R&D 
policies in any irreversible way in order to block the merger. 
24 To mitigate the potential truncation bias in our post-merger innovation output measures, we only include mergers 
in our control group with announcement date (and mergers in our treatment group with transaction completion date) 
on or before December 31, 2003, which is three years before our patent data ending in 2006. 
25 It is worth noting that our findings are robust to using a much narrowly-defined sample of failed bids consisting of 
bids that failed due to objections by regulatory bodies, or unexpected developments of either merger partner, or 
shareholders’ disapproval. 
26 Given that the sample is skewed towards more completed deals than failed bids, following Seru (2010), we 
randomly select three completed deals (without replacement) for each failed bid in our final sample for estimation. 
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	 	 	 .    (4) 

The dependent variable Innovation Outputijt is, in each year t, the sum of the acquirer’s i and the 

target firm’s j innovation quantity. Afterijt is an indicator variable equal to one for the post-

merger time period (from cyr+1 to cyr+3), and zero otherwise. Treatij is an indicator variable 

equal to one for the firm pairs in completed deals, and zero otherwise (i.e., for the firm pairs in 

failed bids). Innovation Overlapsij is one of the three pairs of measures of innovation overlaps 

computed for firm pairs in the completed deals as well as for firm pairs in the failed bids. The 

innovation overlaps are measured prior to the bid announcement and remain constant at the pre-

bid level for all years in the panel. 27  

 Panel A presents estimates of the regression in Equation (4) using Citation-Weighted 

Patents as the dependent variable. We show that innovation output of treatment firm pairs 

decreases post-merger (the coefficients on the interaction term Afterijt × Treatij are all negative 

and sometimes statistically significant). Importantly, this decline is reduced for merger partners 

that have pre-merger innovation overlaps: The coefficients on the interaction term Innovation 

Overlapsij  Afterijt  Treatij are mostly positive and, in cases of Technological Proximity and 

Acquirer’s Cross-Cites Ratio, they are statistically significant at the one percent level (with one 

exception). Panel B presents estimates of the regression in Equation (4) using Patent Index as the 

dependent variable. We obtain stronger results compared to those in Panel A. Sevilir and Tian 

(2011) show that there is an association between the M&A activity of an acquirer and its 

subsequent innovation measured by the number and novelty of new patents the acquirer obtains. 

In contrast, we estimate the treatment effect of pre-merger technological overlaps between 

merger partners on the quantity of post-merger innovation output. 

                                                 
27 We cannot estimate the coefficient on the two-way interaction term Innovation Overlapsij  Treatij  as this term is 
subsumed by deal fixed effects Deal FEij. 
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In summary, we identify an important source of synergies—technological overlaps—that 

lead to both merger-pairing decisions and subsequent improvement in innovation output 

compared to merger outcome on average. 

 

V. Summary and Conclusion 

Using a large unique patent-merger dataset over the period 1984-2006, we uncover one 

specific source of synergies—corporate innovation activities—that drives acquisitions. Our 

measures of corporate innovation capture not only innovation quantity and quality, but also more 

importantly, asset complementarities that stem from technological overlaps between merger 

partners. We first show that more innovative companies, as measured by a large number of 

patents, are more likely to be acquirers; companies that have high R&D spending but are less 

successful in patenting are more likely to be acquired. Further, technological overlaps between 

the bidder’s and the target firm’s innovation activities have positive and significant effect on 

merger pairing. We then show that the link between asset complementarity and merger 

occurrence is nonlinear: Transactions are more likely to take place when there are either 

technological synergies, or product market synergies—the positive asset complementarity effect, 

but less likely when they are both present at the same time—the negative competitiveness effect. 

Finally, using a quasi-experiment involving failed merger bids, we show that there is a positive 

treatment effect of mergers on post-merger innovation output when there are pre-merger 

technological overlaps between merging firms. We conclude that technological overlaps are an 

important source of synergies for corporate acquisitions. Overall, our findings highlight the 

underlying efficiency motives behind many merger transactions and provide a fruitful avenue for 

identifying whether and how synergistic gains are created through acquisitions. 
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Appendix 1  
Definition of Variables 
 
Innovation Measures 
Citation- 
Weighted Patents 

The sum of the citation-weighted number of awarded patents to the acquirer/target firm 
with application years from ayr-3 to ayr-1. Year ayr-1 is the calendar year that has the 
largest overlap with the last fiscal year before the bid announcement, and year ayr-3 is 
two years prior to ayr-1. For each patent, the weight is the number of citations received 
within a three-year period starting from the patent award year. When assessing the post-
merger quantity of innovation, the measurement window for patent application years is 
from cyr+1 to cyr+3. Year cyr+1 is the calendar year that has the largest overlap with 
the first fiscal year after the deal completion, and year cyr+3 is two years after cyr+1. 
 

Patent Index This measure is constructed in three steps. First, for each technology class k and patent 
application year t, we compute the median value of the number of awarded patents in 
technology class k with application year t across all firms that were awarded at least one 
patent in technology class k with application year t. Second, we scale the number of 
awarded patents to the acquirer/target firm in technology class k with application year t 
by the corresponding (technology class- and application year-specific) median value 
from the first step. Third, for the acquirer/target firm, we sum the scaled number of 
awarded patents from the second step across all technology classes and across 
application years from ayr-3 to ayr-1. When assessing the post-merger quantity of 
innovation, the measurement window for patent application years in the third step is 
from cyr+1 to cyr+3. 
 

Self-Cites Ratio First, we compute the number of awarded patents to the acquirer/target firm with award 
years from ayr-3 to ayr-1 that cite any of the acquirer’s/target firm’s other awarded 
patents. Second, we scale the number from the first step by the total number of awarded 
patents to the acquirer/target firm with award years from ayr-3 to ayr-1. 
 

Age of Patent 
Portfolio 

First, for each patent awarded to the acquirer/target firm prior to or in year ayr-1, we 
compute the number of years since the patent was awarded as of year ayr-1. Second, we 
take the average of each patent’s age computed in the first step across all patents 
awarded to the acquirer/target firm prior to or in year ayr-1. 
 

Citation Index This measure is constructed in three steps. First, for each technology class k and patent 
award year t, we compute the median value of the number of citations received within a 
three-year period starting from the patent award year across all patents awarded in 
technology class k with award year t that received at least one citation. Second, for each 
patent awarded to the acquirer/target firm in technology class k with award year t, we 
scale the number of citations received within a three-year period starting from the patent 
award year by the corresponding (technology class- and award year-specific) median 
value from the first step. Third, for the acquirer/target firm, we sum the scaled number 
of citations from the second step across all technology classes and across award years 
from ayr-3 to ayr-1. When assessing the post-merger quality of innovation, the 
measurement window for patent award years in the third step is from cyr+1 to cyr+3. 
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Technological 
Proximity 

The correlation coefficient is computed as 
S S

S S S S
, 

where the vector Sacq = (Sacq,1, ..., Sacq,K) captures the scope of innovation activity for the 
acquirer, the vector Starg = (Starg,1, ..., Starg,K) captures the scope of innovation activity for 
the target firm, and k(1,K) is the technology class index. Sacq,k (Starg,k) is the ratio of the 
number of awarded patents to the acquirer (the target firm) in technology class k with 
application years from ayr-3 to ayr-1 to the total number of awarded patents to the 
acquirer (the target firm) in all technology classes applied over the same three-year 
period. 
 

Knowledge Base 
Overlap 

First, we determine the set of patents that received at least one citation from any of the 
acquirer’s patents with award years from ayr-3 to ayr-1 (“the acquirer’s knowledge 
base”), the set of patents that received at least one citation from any of the target firm’s 
patents awarded over the same three-year period (“the target firm’s knowledge base”), 
and the intersection of these two sets as the set of patents cited by both the acquirer and 
the target firm (“the common knowledge base”). Second, we compute the number of 
patents in “the common knowledge base”. 
 

Acquirer’s 
(Target’s) Base 
Overlap Ratio 

First, we compute the number of citations any of the acquirer’s (the target firm’s) 
patents with award years from ayr-3 to ayr-1 made to the patents in “the common 
knowledge base”. Second, we scale the number from the first step by the number of 
citations any of the acquirer’s (the target firm’s) patents with award years from ayr-3 to 
ayr-1 made to the patents in “the acquirer’s knowledge base” (“the target firm’s 
knowledge base”). 
 

Acquirer’s 
(Target’s) Cross-
Cites Ratio 

First, we compute the number of the acquirer’s (the target firm’s) awarded patents with 
award years from ayr-3 to ayr-1 that cite any of the target firm’s (the acquirer’s) 
awarded patents. Second, we scale the number from the first step by the number of the 
acquirer’s (the target firm’s) awarded patents with award years from ayr-3 to ayr-1.  
 
 

Firm Characteristics 
Total Assets The natural logarithm of total assets in millions of 2006 constant dollars. All firm 

characteristics are measured as of the fiscal year end before the bid announcement and 
are winsorized at the 1% level. 
 

Sales Growth The growth rate of sales. 
 

ROA The earnings before interest, taxes, depreciation, and amortization scaled by total assets. 
 

Leverage Total debt scaled by total assets. 
 

Cash Cash and short-term investment scaled by total assets. 
 

R&D Research and development expenses scaled by total assets.  
 

B/M The book value of common equity scaled by the market value of common equity. 
 

Stock Return The difference between the buy-and-hold stock return from month −14 to month −3 
relative to the month of the bid announcement and the analogously defined buy-and-hold 
stock return on the value-weighted CRSP index. 
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Deal Characteristics 
Product Market 
Relatedness 

Equal to one if a given firm pair is from the same industry constructed using the text-
based analysis of firms’ product descriptions in the 10-K filings by Hoberg and Phillips 
(2010), and zero otherwise. (We downloaded the data from Hoberg-Phillips Data 
Library website: http://www.rhsmith.umd.edu/industrydata/.) 
 

Diversifying Equal to one if the acquirer and the target firm operate in different 2-digit SIC industries, 
and zero otherwise. 
 

Same State  Equal to one if the acquirer and the target firm are incorporated in the same state, and 
zero otherwise. 
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Appendix 2  
Adjustments to Patent and Patent Citation Counts 
 
Our innovation measures rely on the International Patent Classification (IPC) system. The IPC system is a 
hierarchical patent classification system created under the Strasbourg Agreement (1971) and updated on a regular 
basis by a committee of experts, consisting of representatives of the contracting states of that agreement. The 
structure of the IPC classification is made up of a section, class, subclass, main group, and subgroup. We use the 
second-level of the IPC classification (about 400 classes) to differentiate innovations from different technology 
fields, and we refer to it as “technology class.” 
 
The assessment of the quantity of innovation output of a given firm using variables based on patent counts can be 
made only relative to some benchmark quantity of innovation output due to the following reasons. First, technology 
classes differ in the nature of R&D activity and resources required in producing a patentable innovation to the extent 
that patent counts in two distinct classes may not be comparable. Second, there are technology class-specific time 
trends in the number of awarded patents that may not fully reflect changes in innovation output. In particular, large 
increases in the number of awarded patents in some classes over time might reflect the evolution of the USPTO 
practices with respect to what is a patentable innovation, and hence patent counts from different years may not be 
time-consistent measures of innovation output even within the same technology class. We address both issues by 
computing firms’ patent counts using the scaled number of patents, where we divide the number of patents a firm 
received in a given technology class and year by the median number of patents received in the same technology 
class and year. 
 
The assessment of the quality of innovation output of a given firm using patent citations requires dealing with two 
specific features of the citation count data. First, citations received by any given patent is truncated in time because 
we only know about the citations received so far, and hence patents of different ages are subject to various degrees 
of this truncation. Second, as the number of awarded patents has been rising steeply over time, the increase in the 
universe of citing patents mechanically increases the total number of citations made, which may mean that more 
recent citations are less significant than earlier ones. To deal with both features, we apply a variant of the “fixed-
effects” method of Hall, Jaffe, and Trajtenberg (2001). Specifically, we divide each patent’s citation count by the 
median citation count of patents in the technology class and award year to which the patent of interest belongs.28 
 
When constructing our innovation measures, we only count citations in a “fixed window” (typically a three-year 
period) starting with the patent award year. When we increase the window to five years, our results are unchanged. 
To capture patents that might be the most relevant for triggering merger bids, we only count patents that were 
awarded over a three-year period right before each merger. When we count patents over a five-year period before 
each merger, our results are again unchanged. 
 
 
  

                                                 
28 Hall, Jaffe, and Trajtenberg (2001) note that, while the fixed-effects rescaling ensures comparability, it also 
removes variance components of the citation data that might be real. The only way to avoid this is to impose a 
structure on the citation generating process, and identify real from mechanical sources of variation in the citation 
data using some additional assumptions. In particular, the “quasi-structural” approach developed by Hall, Jaffe, and 
Trajtenberg (2001) relies on stationarity, which means that citation-lag distribution is time-invariant. Stationarity is 
likely to be violated in our setting, as mergers between firms (especially among firms as large and highly innovative 
as in our sample) might affect the citation generating process in some technology classes and/or over some time 
periods. 
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Appendix 3 
Corporate Acquisitions by Industry 
 
This table reports the number of corporate acquisitions by the acquirer’s  2-digit SIC industry in the Acquirer 
Sample and the Acquirer-Target Sample, and by the target firm’s 2-digit SIC industry in the Target Sample. The 
samples are the same as in Table 1. 
 

SIC2 

  Acquirer Sample   Target Sample  Acquirer-Target Sample 

 
All Acquirers 

Acquirers 
with 

Patents 
 

All Targets
Targets 

with 
Patents 

All Deals 
Acquirers 
or Targets 

with Patents 

Acquirers
and Targets
with Patents

01 2 4 3 2 1
10 8 2 1 10 5 2
12 3 1 2 2 1
13 109 17 89 2 70 14 5
14 1 1 1
15 8 3 3
16 5 4 2 2 1
17 6 3 4
20 46 13 39 10 41 30 9
21 2 1 1
22 13 9 9 2 7 5
23 23 9 14 2 14 8 2
24 10 5 10 1 6 2
25 18 15 8 5 13 12 4
26 30 26 19 12 23 22 14
27 45 17 15 1 27 11
28 218 182 103 73 142 127 88
29 24 11 11 5 15 11 5
30 20 10 17 12 16 13 9
31 2 1 3 1
32 15 9 14 4 12 9 3
33 46 29 26 12 33 26 19
34 48 47 30 20 28 28 17
35 242 199 163 113 161 146 86
36 193 161 127 88 134 124 82
37 90 80 39 26 62 58 32
38 194 161 160 114 137 126 76
39 34 25 21 14 25 22 10
40 11 5 10 5
42 16 17 12 3
44 3 3 2 1
45 33 21 24 2
47 4 5 3 1 1
48 110 22 58 4 72 29 10
49 138 26 92 6 108 34 3
50 45 1 42 29 11 5
51 59 21 26 5 35 19 5
52 2 2 2
53 41 16 1 24 6
54 22 16 15 1
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55 4 5 3
56 18 9 1 6
57 6 5 5 2
58 23 17 17 1
59 46 4 29 1 30 6
70 10 3 5 2
72 10 2 8 2
73 362 221 302 86 249 170 65
75 5 3 3 1
78 16 2 15 8 2
79 23 17 3 16 7 2
80 65 50 3 46 5 1
82 6 5 1 4 1
83 2 2 1
87 30 13 42 6 18 7 2
99 9 12 12 10

Total 2,572 1,336 1,744 638 1,759 1,135 570
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Appendix 4 
Bootstrap Procedure: Random Sampling 
 
This table reports the empirical distribution of key coefficient estimates from fixed-effects logit models using 200 randomly-drawn control groups of 
acquirers/target firms in pseudo deals. Specifically, we estimate the fixed-effects logit model 200 times, each time with a different randomly-drawn control 
group, and report the key coefficients (and their robust standard errors clustered at the deal level in parentheses) that are at the 10th, 50th, and 90th percentiles of 
their respective empirical distributions. *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively. 
 
Panel A: Which Firms Are the Acquirers/Target Firms? 
Columns (1)-(4) (columns (5)-(8)) report key coefficient estimates from bootstrapping the same model specifications as in Panel A of Table 3 (Panel A of Table 
4).  
 

  Bootstrap 
Percentile 

  All Acquirers Acquirers with Patents  All Targets  Targets with Patents 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Citation-Weighted Patents 10th 0.186*** 0.098*** -0.011   -0.117***

(0.017)   (0.020)    (0.022)   (0.044)    
90th 0.215*** 0.131*** 0.017    -0.038    

(0.019)   (0.021)    (0.021)   (0.042)    

Patent Index 10th 0.250*** 0.126*** -0.064**  -0.225***
(0.025)   (0.026)    (0.033)    (0.055)    

90th 0.294*** 0.172*** -0.019    -0.118** 
(0.026)   (0.026)    (0.033)    (0.053)    
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Panel B: Acquirer-Target Firm Pairing 
This panel reports key coefficient estimates from bootstrapping the same model specifications as in Panel A of Table 
5.  
 

  Bootstrap
Percentile

 Acquirers or Targets with Patents 
  (1) (2) (3) 

Technological Proximity 10th 1.925***
(0.495)   

90th 3.137***
(0.445)   

Knowledge Base Overlap 10th 1.374***
(0.228)   

90th 2.017***
(0.266)   

Acquirer’s Base Overlap Ratio 10th 10.916    
(9.047)    

90th 101.042*** 
(34.672)   

Target’s Base Overlap Ratio 10th 10.531** 
(4.106)    

90th 29.484*   
(16.555)   

Acquirer’s Cross-Cites Ratio 10th 6.368    
(5.514)    

90th 67.420***
(19.698)   

Target’s Cross-Cites Ratio 10th 3.927*   
(2.160)    

90th 10.073***
(2.893)    
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Appendix 5 
Bootstrap Procedure: Sampling Based on Frequencies of Merger Occurrence at the Industry-Level 
 
This table reports the empirical distribution of key coefficient estimates from fixed-effects logit models using 200 randomly-drawn control groups of 
acquirers/target firms in pseudo deals. Specifically, we estimate the fixed-effects logit model 200 times, each time with a different randomly-drawn control 
group, and report the key coefficients (and their robust standard errors clustered at the deal level in parentheses) that are at the 10th, 50th, and 90th percentiles of 
their respective empirical distributions. For each acquisition, pseudo acquirers (target firms) are sampled such that the probability of a pseudo acquirer (target 
firm) to be drawn from a given 2-digit SIC industry matches the actual frequency with which actual acquirers (target firms) were from that particular industry 
over the three-year period prior to the bid announcement (ayr-3 to ayr-1).  *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively. 
 
Panel A: Which Firms Are the Acquirers/Target Firms? 
Columns (1)-(4) (columns (5)-(8)) report key coefficient estimates from bootstrapping the same model specifications as in Panel A of Table 3 (Panel A of Table 
4).  
 

  Bootstrap 
Percentile 

  All Acquirers Acquirers with Patents  All Targets  Targets with Patents 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Citation-Weighted Patents 10th 0.100*** 0.166*** -0.072*** -0.134***

(0.016)   (0.021)    (0.021)    (0.037)   
50th 0.115*** 0.184*** -0.057*** -0.097** 

(0.016)   (0.021)    (0.021)    (0.038)   
90th 0.128*** 0.198*** -0.044**  -0.068*   

(0.017)   (0.020)    (0.020)    (0.036)   

Patent Index 10th 0.134*** 0.220*** -0.158*** -0.253***
(0.022)   (0.027)    (0.031)    (0.054)   

50th 0.154*** 0.243*** -0.134*** -0.205***
(0.024)   (0.027)    (0.030)    (0.055)   

90th 0.175*** 0.265*** -0.114*** -0.155***
(0.024)   (0.028)    (0.031)    (0.054)   
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Panel B: Acquirer-Target Firm Pairing 
This panel reports key coefficient estimates from bootstrapping the same model specifications as in Panel A of Table 
5.  
 

  Bootstrap
Percentile

 Acquirers or Targets with Patents 
  (1) (2) (3) 

Technological Proximity 10th 1.903***
(0.448)   

50th 2.303***
(0.438)   

90th 2.848***
(0.463)   

Knowledge Base Overlap 10th 1.341***
(0.178)   

50th 1.611***
(0.273)   

90th 1.854***
(0.250)   

Acquirer’s Base Overlap Ratio 10th 10.666** 
(5.328)    

50th 30.783***
(8.294)    

90th 71.397**  
(29.972)   

Target’s Base Overlap Ratio 10th 9.568    
(7.138)    

50th 14.945***
(5.660)    

90th 23.020***
(5.734)    

Acquirer’s Cross-Cites Ratio 10th 6.498*** 
(2.324)    

50th 16.197*   
(8.329)    

90th 41.808** 
(19.991)   

Target’s Cross-Cites Ratio 10th 4.044*** 
(1.413)    

50th 5.739*** 
(1.883)    

90th 8.425*** 
(2.815)    
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T able 1 
Corporate Acquisitions over Time, 1984–2006 
 
This table reports the number of corporate acquisitions by the year of the bid announcement as covered by the 
SDC’s Mergers and Acquisitions database. The sample consists of completed acquisition deals announced over the 
period January 1, 1984–December 31, 2006, where the form of deal was coded as a merger, an acquisition of 
majority interest, or an acquisition of assets. We require that the acquirer own less than 50% of the target firm prior 
to the bid, be seeking to own greater than 50% of the target firm, and own greater than 90% of the target firm after 
the deal completion. We further require that both the acquirer and the target firm be bigger than $1 million (in 1984 
constant dollars) and be non-financials. A deal enters the Acquirer Sample (Target Sample) if its acquirer (target 
firm) is covered by Compustat/CRSP and has at least one industry- and size-matched acquirer (target firm) as of the 
fiscal year end before the bid announcement—All Acquirers (All Targets). A deal enters the Acquirer-Target Sample 
if both the acquirer and the target firm are covered by Compustat/CRSP and have their respective industry- and size-
matched firms (All Deals). Deals with patents are subsamples defined as follows. For the Acquirers with Patents 
(Targets with Patents) subsample, we require that the acquirer and the matching acquirer (target firm and the 
matching target firm) be awarded at least one patent in the period from year ayr-5 to year ayr-1, where ayr-1 is the 
calendar year that has the largest overlap with the fiscal year before the bid announcement, and ayr-5 is four years 
prior to ayr-1. For the Acquirers or Targets with Patents (Acquirers and Targets with Patents) subsample, we 
require that the acquirer or the target firm or both firms and their respective matching firms (both the acquirer and 
the target firm and their respective matching firms) be awarded at least one patent over the same five-year period.  
 

Year 

  Acquirer Sample   Target Sample  Acquirer-Target Sample 

 
All 

Acquirers 

Acquirers 
with 

Patents 
 

All Targets
Targets 

with 
Patents 

All Deals 
Acquirers 
or Targets 

with Patents 

Acquirers
and Targets
with Patents

1984 81 33 54 18 55 33 14
1985 79 39 56 20 57 34 16
1986 87 46 62 23 62 42 21
1987 65 30 49 12 51 33 11
1988 107 44 62 16 63 35 13
1989 60 27 42 18 42 28 13
1990 62 20 39 12 39 19 9
1991 52 23 34 11 35 23 9
1992 47 26 27 11 27 19 10
1993 51 21 37 8 37 20 10
1994 87 37 64 25 64 39 17
1995 150 73 99 34 100 57 33
1996 168 70 109 27 112 57 23
1997 201 89 131 36 132 68 33
1998 231 120 165 56 166 98 53
1999 220 139 167 62 168 119 62
2000 155 93 104 49 105 78 43
2001 158 90 113 48 113 82 46
2002 108 71 68 33 68 56 28
2003 102 62 56 21 56 39 19
2004 98 51 61 31 61 42 26
2005 110 70 75 35 76 60 30
2006 93 62 70 32 70 54 31

Total 2,572 1,336 1,744 638 1,759 1,135 570
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Table 2 
Summary Statistics 
 
This table reports summary statistics of the acquirers and the target firms in the Acquirers or Targets with Patents 
sample as defined in Table 1. Definitions of the variables are provided in Appendix 1. 
 
Panel A: Acquirers or Targets with Patents 
The sample consists of 1,135 acquirer-target firm pairs in actual deals. 
 

    Mean S.D. 
10th 

Percentile 
Median 

90th 
Percentile 

Acquirers 
Citation-Weighted Patents 814.67 2961.47 0.00 36.00 1726.00
Patent Index 140.85 444.01 0.00 7.17 300.67
Self-Cites Ratio 0.06 0.09 0.00 0.02 0.18
Age of Patent Portfolio 5.62 4.45 0.00 5.05 12.12

Total Assets 12.96 32.69 0.16 2.35 29.23
Sales Growth 0.17 0.28 -0.07 0.12 0.49
ROA 0.14 0.12 0.04 0.16 0.26
Leverage 0.19 0.16 0.00 0.18 0.42
Cash 0.17 0.19 0.01 0.09 0.46
R&D 0.06 0.07 0.00 0.03 0.15
B/M 0.42 0.30 0.12 0.34 0.83
Stock Return 0.12 0.54 -0.40 0.03 0.73

Target Firms 
Citation-Weighted Patents 33.99 182.11 0.00 2.00 52.00
Patent Index 6.45 31.52 0.00 0.50 9.33
Self-Cites Ratio 0.03 0.08 0.00 0.00 0.12
Age of Patent Portfolio 3.75 4.47 0.00 2.25 10.43

Total Assets 1.11 3.12 0.03 0.18 2.24
Sales Growth 0.14 0.29 -0.15 0.11 0.49
ROA 0.08 0.17 -0.14 0.12 0.23
Leverage 0.18 0.17 0.00 0.15 0.43
Cash 0.21 0.23 0.01 0.12 0.57
R&D 0.08 0.10 0.00 0.04 0.21
B/M 0.61 0.44 0.17 0.50 1.15
Stock Return -0.06 0.61 -0.64 -0.17 0.62

Innovation Overlaps 
Technological Proximity 0.11 0.27 0.00 0.00 0.60
Knowledge Base Overlap 0.94 3.39 0.00 0.00 2.00
Acquirer’s Base Overlap Ratio 0.00 0.02 0.00 0.00 0.00
Target’s Base Overlap Ratio 0.02 0.09 0.00 0.00 0.05
Acquirer’s Cross-Cites Ratio 0.01 0.05 0.00 0.00 0.00
Target’s Cross-Cites Ratio 0.03 0.14 0.00 0.00 0.03
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Panel B: Matched Pseudo Deals to Acquirers or Targets with Patents 
The sample consists of 7,233 acquirer-target firm pairs in pseudo deals constructed to match the actual acquirer-
target firm pairs presented in Panel A. Specifically, the sample contains, for each actual deal, pseudo deals formed 
by pairing the actual acquirer with up to five matches (in the same industry and closest in sales) of the deal’s actual 
target firm and by pairing the actual target firm with up to five matches (in the same industry and closest in sales) of 
the deal’s actual acquirer. If either the actual acquirer or the actual target firm is active in patenting activities in the 
five-year period leading to the bid, we require their matches to be active in patenting over the same time period as 
well.  
 

    Mean S.D. 
10th 

Percentile 
Median 

90th 
Percentile 

Matching Acquirers 
Citation-Weighted Patents 495.36 1988.22 0.00 25.00 826.00
Patent Index 86.61 303.38 0.00 5.50 181.90
Self-Cites Ratio 0.06 0.09 0.00 0.02 0.17
Age of Patent Portfolio 5.53 4.29 0.00 4.89 11.80

Total Assets 8.19 23.59 0.10 1.35 19.73
Sales Growth 0.15 0.26 -0.09 0.11 0.45
ROA 0.14 0.12 0.03 0.15 0.25
Leverage 0.19 0.16 0.00 0.18 0.41
Cash 0.17 0.19 0.01 0.10 0.46
R&D 0.06 0.07 0.00 0.04 0.15
B/M 0.48 0.34 0.14 0.39 0.93
Stock Return 0.09 0.57 -0.48 0.00 0.72

Matching Target Firms 
Citation-Weighted Patents 46.19 312.95 0.00 3.00 66.00
Patent Index 8.45 47.48 0.00 0.83 11.83
Self-Cites Ratio 0.04 0.09 0.00 0.00 0.13
Age of Patent Portfolio 3.94 4.31 0.00 2.80 10.40

Total Assets 0.95 2.86 0.03 0.16 1.81
Sales Growth 0.13 0.30 -0.17 0.11 0.48
ROA 0.08 0.17 -0.14 0.11 0.24
Leverage 0.17 0.17 0.00 0.13 0.43
Cash 0.23 0.23 0.01 0.13 0.59
R&D 0.08 0.10 0.00 0.05 0.21
B/M 0.61 0.45 0.17 0.50 1.17
Stock Return -0.03 0.64 -0.64 -0.15 0.67

Innovation Overlaps 
Technological Proximity 0.09 0.23 0.00 0.00 0.42
Knowledge Base Overlap 0.47 2.76 0.00 0.00 0.00
Acquirer’s Base Overlap Ratio 0.00 0.01 0.00 0.00 0.00
Target’s Base Overlap Ratio 0.01 0.04 0.00 0.00 0.00
Acquirer’s Cross-Cites Ratio 0.00 0.02 0.00 0.00 0.00
Target’s Cross-Cites Ratio 0.01 0.07 0.00 0.00 0.00
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Table 3 
Which Firms Are the Acquirers? 
 
This table reports coefficient estimates from fixed-effects logit models. The dependent variable is equal to one for the actual acquirer and zero for the randomly 
drawn or matched acquirers that form the control group. Columns (1)-(4) report the results using All Acquirers of the Acquirer Sample, and columns (5)-(8) 
report the results using Acquirers with Patents of the Acquirer Sample. To form the random (matched) control group, for each acquirer, we randomly draw five 
pseudo acquirers (find up to five pseudo acquirers in the same industry and closest in sales) from the set of Compustat/CRSP firms that have all control variables 
available. Measures of innovation quantity and firm size are in natural logarithm. Definitions of the variables are provided in Appendix 1. All specifications 
include deal fixed-effects. Robust standard errors (clustered at the deal level) are reported in parentheses; *, **, and *** denote significance at the 10%, 5%, and 
1% level, respectively. 
 
Panel A: Innovation Quantity Measured in Levels 
This panel reports coefficient estimates from specifications that use the levels of the acquirer’s Citation-Weighted Patents and Patent Index measured over the 
three-year period prior to the bid announcement as key explanatory variables. Columns (1)-(2) and (5)-(6) present the 50th percentile of the empirical distribution 
of coefficient estimates (and the corresponding standard error) from fixed-effects logit models using 1,000 randomly-drawn control groups of acquirers in pseudo 
deals. 
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    All Acquirers  Acquirers with Patents 
Random Control Group Matched Control Group Random Control Group Matched Control Group

  (1) (2) (3) (4) (5) (6) (7) (8) 

Innovation Quantity Measured in Levels 
Citation-Weighted Patents 0.200*** 0.090*** 0.114*** 0.045    

(0.018)    (0.020)    (0.020)    (0.028)    
Patent Index 0.271*** 0.161*** 0.149*** 0.097***

(0.024)    (0.029)    (0.027)    (0.036)    

Self-Cites Ratio -1.786*** -1.420*** -0.311    -0.619    -0.941*   -1.099** -0.189    -0.414    
(0.566)    (0.550)    (0.468)    (0.505)    (0.489)    (0.539)   (0.540)    (0.573)    

Age of Patent Portfolio 0.011*   0.012*   -0.003    -0.004    -0.016*   -0.027*** 0.002    0.003    
(0.006)    (0.006)    (0.007)    (0.007)    (0.010)    (0.010)   (0.011)    (0.011)    

Total Assets 0.359*** 0.353*** 1.407*** 1.390*** 0.457*** 0.505*** 1.386*** 1.355***
(0.014)    (0.014)    (0.045)    (0.045)    (0.023)    (0.024)   (0.068)    (0.069)    

Sales Growth 0.678*** 0.740*** 0.538*** 0.551*** 0.625*** 0.586*** 0.458*** 0.482***
(0.104)    (0.098)    (0.113)    (0.113)    (0.138)    (0.142)   (0.169)    (0.170)    

ROA 2.560*** 2.749*** 1.569*** 1.530*** 1.673*** 1.172*** 1.475*** 1.440***
(0.279)    (0.277)    (0.372)    (0.371)    (0.342)    (0.319)   (0.505)    (0.505)    

Leverage 0.486*** 0.718*** -0.814*** -0.807*** -0.708*** -0.741*** -1.306*** -1.299***
(0.145)    (0.144)    (0.204)    (0.203)    (0.265)    (0.263)   (0.307)    (0.307)    

Cash 1.017*** 1.058*** -0.473** -0.453** 0.500**  0.659*** -0.666** -0.649** 
(0.181)    (0.173)    (0.213)    (0.214)    (0.224)    (0.225)   (0.288)    (0.288)    

R&D 2.874*** 3.529*** 0.252    0.110    1.709*** 1.420**  -0.035    -0.235    
(0.508)    (0.510)    (0.697)    (0.695)    (0.559)    (0.566)   (0.729)    (0.730)    

B/M -0.599*** -0.598*** -0.514*** -0.512*** -0.577*** -0.602*** -0.535*** -0.530***
(0.086)    (0.086)    (0.099)    (0.099)    (0.125)    (0.128)   (0.151)    (0.151)    

Stock Return 0.239*** 0.228*** 0.344*** 0.344*** 0.129*** 0.181*** 0.257*** 0.256***
(0.045)    (0.045)    (0.052)    (0.052)    (0.050)    (0.057)   (0.068)    (0.068)    

Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 14,411 14,411 14,543 14,543 8,241 8,241 7,610 7,610 
No. of Actual Acquirers 2,621 2,621 2,572 2,572 1,474 1,474 1,336 1,336 
No. of Control Acquirers 11,790 11,790 11,971 11,971 6,767 6,767 6,274 6,274 

Pseudo R2 0.29 0.28 0.30 0.30 0.30 0.30 0.33 0.33 
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Panel B: Innovation Quantity Measured in Changes 
This panel reports key coefficient estimates from specifications that use the changes or both the levels and changes of the acquirer’s Citation-Weighted Patents 
and Patent Index measured over the three-year period prior to the bid announcement as key explanatory variables. The change in innovation quantity is computed 
between one three-year period ending three years prior to the bid announcement (ayr-5 to ayr-3) and another three-year period ending one year prior to the bid 
announcement (ayr-3 to ayr-1). 
 
    All Acquirers  Acquirers with Patents 

Random Control Group Matched Control Group Random Control Group Matched Control Group 
  (1) (2) (3) (4) (5) (6) (7) (8) 

Innovation Quantity Measured in Changes 
∆ Citation-Weighted Patents 0.158*** 0.083**  0.106*** 0.082*   

(0.039)    (0.037)    (0.037)    (0.043)   
∆ Patent Index 0.283*** 0.133**  0.209*** 0.082    

(0.063)    (0.064)    (0.061)    (0.069)    

Acquirer Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 14,411 14,411 14,543 14,543 8,241 8,241 7,610 7,610 

Pseudo R2 0.27 0.27 0.30 0.30 0.29 0.29 0.33 0.33 

Innovation Quantity Measured in Levels and Changes 
Citation-Weighted Patents 0.179*** 0.084*** 0.084*** 0.032    

(0.018)    (0.021)    (0.021)    (0.029)   
∆ Citation-Weighted Patents 0.024    0.033    0.067*   0.069    

(0.042)    (0.040)    (0.039)    (0.045)   
Patent Index 0.230*** 0.156*** 0.116*** 0.091**  

(0.025)    (0.031)    (0.027)    (0.038)    
∆ Patent Index 0.100    0.034    0.147**  0.037    

(0.067)    (0.068)    (0.063)    (0.074)    

Acquirer Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 14,411 14,411 14,543 14,543 8,241 8,241 7,610 7,610 

Pseudo R2 0.29 0.29 0.30 0.30 0.30 0.30 0.33 0.33 
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Panel C: Alternative Estimation Method and Expanded Control Group 
This panel reports key coefficient estimates from specifications that, first, use the linear probability model instead of the fixed-effects logit model, and second, 
employ a random control group of ten randomly drawn pseudo acquirers (a matched control group of up to ten pseudo acquirers in the same industry and closest 
in sales). 
 
    All Acquirers  Acquirers with Patents 

Random Control Group Matched Control Group Random Control Group Matched Control Group 
  (1) (2) (3) (4) (5) (6) (7) (8) 

Linear Probability Model 
Citation-Weighted Patents 0.052*** 0.017*** 0.023*** 0.013** 

(0.004)    (0.005)   (0.005)    (0.006)   
Patent Index 0.074*** 0.031*** 0.036*** 0.025*** 

(0.006)    (0.007)    (0.007)    (0.009)    

Acquirer Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 14,411 14,411 14,543 14,543 8,241 8,241 7,610 7,610 

R2 0.21 0.21 0.20 0.20 0.21 0.21 0.21 0.21 

Expanded Control Group 
Citation-Weighted Patents 0.208*** 0.104*** 0.132*** 0.043*  

(0.016)    (0.019)   (0.019)    (0.026)   
Patent Index 0.279*** 0.170*** 0.176*** 0.095*** 

(0.022)    (0.027)    (0.023)    (0.034)    

Acquirer Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 26,280 26,280 25,131 25,131 14,995 14,995 12,711 12,711 
No. of Actual Acquirers 2,621 2,621 2,572 2,572 1,474 1,474 1,336 1,336 
No. of Control Acquirers 23,659 23,659 22,559 22,559 13,521 13,521 11,375 11,375 

Pseudo R2 0.25 0.25 0.27 0.28 0.26 0.26 0.30 0.30 
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Table 4 
Which Firms Are the Target Firms? 
 
This table reports coefficient estimates from fixed-effects logit models. The dependent variable is equal to one for the actual target firm and zero for the 
randomly drawn or matched target firms that form the control group. Columns (1)-(4) report the results using All Targets of the Target Sample, and columns (5)-
(8) report the results using Targets with Patents of the Target Sample. To form the random (match) control group, for each target firm, we randomly draw five 
pseudo target firms (find up to five pseudo target firms in the same industry and closest in sales) from the set of Compustat/CRSP firms that have all control 
variables available. Measures of innovation quantity and firm size are in natural logarithm. Definitions of the variables are provided in Appendix 1. All 
specifications include deal fixed-effects. Robust standard errors (clustered at the deal level) are reported in parentheses; *, **, and *** denote significance at the 
10%, 5%, and 1% level, respectively. 
 
Panel A: Innovation Quantity Measured in Levels 
This panel reports coefficient estimates from specifications that use the levels of the target firm’s Citation-Weighted Patents and Patent Index measured over the 
three-year period prior to the bid announcement as key explanatory variables. Columns (1)-(2) and (5)-(6) present the 50th percentile of the empirical distribution 
of coefficient estimates (and the corresponding standard error) from fixed-effects logit models using 1,000 randomly-drawn control groups of target firms in 
pseudo deals. 
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    All Targets  Targets with Patents 
Random Control Group Matched Control Group Random Control Group Matched Control Group

  (1) (2) (3) (4) (5) (6) (7) (8) 

Innovation Quantity Measured in Levels 
Citation-Weighted Patents 0.005    -0.041    -0.075**  -0.080** 

(0.021)    (0.025)    (0.038)    (0.039)    
Patent Index -0.040    -0.088** -0.174*** -0.176***

(0.033)    (0.041)    (0.055)    (0.059)    

Self-Cites Ratio 0.090    0.578    0.612    0.694    0.542    -0.242    0.013    0.179    
(0.474)    (0.507)    (0.455)    (0.449)    (0.819)    (0.575)    (0.654)    (0.647)    

Age of Patent Portfolio 0.012*   0.013*   -0.007    -0.007    -0.031**  -0.007    0.014    0.014    
(0.007)    (0.007)    (0.007)    (0.007)    (0.015)    (0.016)    (0.015)    (0.016)    

Total Assets 0.009    0.013    0.571*** 0.577*** 0.089**  0.081**  0.848*** 0.883*** 
(0.014)    (0.014)    (0.040)    (0.040)    (0.040)    (0.041)    (0.089)    (0.090)    

Sales Growth 0.115    0.182*   -0.054    -0.057    -0.011    0.259    -0.113    -0.120    
(0.095)    (0.097)    (0.096)    (0.096)    (0.206)    (0.193)    (0.183)    (0.183)    

ROA 2.346*** 2.096*** 0.589**  0.597**  1.769*** 1.518*** -0.037    0.003    
(0.228)    (0.219)    (0.256)    (0.257)    (0.387)    (0.416)    (0.490)    (0.494)    

Leverage 0.682*** 0.630*** -0.336*   -0.340*   -0.110    -0.091    -0.353    -0.372    
(0.154)    (0.151)    (0.184)    (0.184)    (0.397)    (0.420)    (0.355)    (0.357)    

Cash 0.271    0.391**  -0.869*** -0.876*** 0.050    -0.004    -1.096*** -1.145***
(0.169)    (0.170)    (0.200)    (0.199)    (0.342)    (0.351)    (0.344)    (0.345)    

R&D 5.329*** 5.420*** 2.452*** 2.481*** 3.455*** 3.065*** 3.323*** 3.483*** 
(0.448)    (0.429)    (0.506)    (0.507)    (0.837)    (0.774)    (0.808)    (0.817)    

B/M -0.006    -0.019    -0.030    -0.031    0.052    0.143    -0.133    -0.146    
(0.063)    (0.061)    (0.069)    (0.069)    (0.143)    (0.147)    (0.132)    (0.133)    

Stock Return -0.199*** -0.170*** -0.127** -0.127** -0.387*** -0.065    -0.080    -0.079    
(0.054)    (0.051)    (0.052)    (0.052)    (0.104)    (0.096)    (0.097)    (0.097)    

Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 9,738 9,738 9,675 9,675 1,505 1,505 2,567 2,567 
No. of Actual Targets 1,762 1,762 1,744 1,744 554 554 638 638 
No. of Control Targets 7,976 7,976 7,931 7,931 951 951 1,929 1,929 

Pseudo R2 0.05 0.05 0.05 0.05 0.03 0.04 0.08 0.08 
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Panel B: Innovation Quantity Measured in Changes 
This panel reports key coefficient estimates from specifications that use the changes or both the levels and changes of the target firm’s Citation-Weighted Patents 
and Patent Index measured over the three-year period prior to the bid announcement as key explanatory variables. The change in innovation quantity is computed 
between one three-year period ending three years prior to the bid announcement (ayr-5 to ayr-3) and another three-year period ending one year prior to the bid 
announcement (ayr-3 to ayr-1). 
 
    All Targets  Targets with Patents 

Random Control Group Matched Control Group Random Control Group Matched Control Group
  (1) (2) (3) (4) (5) (6) (7) (8) 

Innovation Quantity Measured in Changes 
∆ Citation-Weighted Patents -0.177*** -0.124*** -0.189*** -0.145***

(0.047)    (0.039)    (0.060)    (0.047)    
∆ Patent Index -0.286*** -0.253*** -0.318*** -0.325***

(0.081)    (0.073)    (0.102)    (0.087)    

Target Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 9,738 9,738 9,675 9,675 1,505 1,505 2,567 2,567 

Pseudo R2 0.05 0.05 0.05 0.05 0.03 0.02 0.08 0.08 

Innovation Quantity Measured in Levels and Changes 
Citation-Weighted Patents 0.006    -0.018    -0.104**  -0.039    

(0.023)    (0.027)    (0.042)    (0.042)    
∆ Citation-Weighted Patents -0.181*** -0.115*** -0.137**  -0.126** 

(0.050)    (0.042)    (0.063)    (0.051)    
Patent Index -0.046    -0.050    -0.237*** -0.116*   

(0.034)    (0.044)    (0.059)    (0.063)    
∆ Patent Index -0.255*** -0.225*** -0.197*   -0.268***

(0.085)    (0.078)    (0.108)    (0.092)    

Target Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 9,738 9,738 9,675 9,675 1,505 1,505 2,567 2,567 

Pseudo R2 0.05 0.05 0.05 0.05 0.03 0.04 0.08 0.08 
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Panel C: Alternative Estimation Method and Expanded Control Group 
This panel reports key coefficient estimates from specifications that, first, use the linear probability model instead of the fixed-effects logit model, and second, 
employ a random control group of ten randomly drawn pseudo target firms (a matched control group of up to ten pseudo target firms in the same industry and 
closest in sales). 
 
    All Targets  Targets with Patents 

Random Control Group Matched Control Group Random Control Group Matched Control Group 
  (1) (2) (3) (4) (5) (6) (7) (8) 

Linear Probability Model 
Citation-Weighted Patents -0.004    -0.007    -0.046*** -0.019** 

(0.004)   (0.005)    (0.013)    (0.009)    
Patent Index -0.016**  -0.015*   -0.091*** -0.039***

(0.007)    (0.008)    (0.019)    (0.013)    

Target Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 9,738 9,738 9,675 9,675 1,505 1,505 2,567 2,567 

R2 0.04 0.04 0.04 0.04 0.07 0.08 0.10 0.11 

Expanded Control Group 
Citation-Weighted Patents -0.004    -0.052** -0.071**  -0.095***

(0.020)   (0.023)    (0.032)    (0.034)    
Patent Index -0.046    -0.117*** -0.162*** -0.216***

(0.030)    (0.036)    (0.046)    (0.052)    

Target Controls Yes Yes Yes Yes Yes Yes Yes Yes 
Deal FEs Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 17,829 17,829 16,856 16,856 2,595 2,595 4,276 4,276 
No. of Actual Targets 1,762 1,762 1,744 1,744 668 668 638 638 
No. of Control Targets 16,067 16,067 15,112 15,112 1,927 1,927 3,638 3,638 

Pseudo R2 0.04 0.04 0.03 0.03 0.02 0.03 0.05 0.05 
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Table 5 
Acquirer-Target Firm Pairing 
 
This table reports coefficient estimates from fixed-effects logit models using the Acquirers or Targets with Patents 
of the Acquirer-Target Sample. The dependent variable is equal to one for the actual acquirer-actual target firm pair 
and zero for one of the pseudo firm pairs that form the control group. To form the random control group, for each 
acquirer (target firm), we randomly draw five pseudo acquirers (pseudo target firms) from the set of 
Compustat/CRSP firms that have all control variables available. To form the matched control group, for each 
acquirer (target firm), we find up to five pseudo acquirers (pseudo target firms) in the same industry and closest in 
sales from the set of Compustat/CRSP firms that have all control variables available. We then form the control 
group of pseudo deals by pairing the actual acquirer with the pseudo target firms, and the actual target firm with the 
pseudo acquirers.  Knowledge Base Overlap and firm size are in natural logarithm. Definitions of the variables are 
provided in Appendix 1. All specifications include deal fixed-effects. Robust standard errors (clustered at the deal 
level) are reported in parentheses; *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively. 
 
Panel A: Innovation Overlaps Measured in Levels or Changes 
This panel reports coefficient estimates from specifications that use the levels or changes of the innovation overlaps 
as key explanatory variables. The level of the innovation overlaps is measured over the three-year period prior to the 
bid announcement. The change in the innovation overlaps is computed between one three-year period ending three 
years prior to the bid announcement (ayr-5 to ayr-3) and another three-year period ending one year prior to the bid 
announcement (ayr-3 to ayr-1). Columns (1)-(3) present the 50th percentile of the empirical distribution of 
coefficient estimates (and the corresponding standard error) from fixed-effects logit models using 1,000 randomly-
drawn control groups of acquirers/target firms in pseudo deals. 
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    Acquirers or Targets with Patents 
Random Control Group Matched Control Group 

  (1) (2) (3) (4) (5) (6) 

  Innovation Overlaps Measured in Levels 
Technological Proximity 2.494*** 0.681*** 

(0.452)   (0.200)   
Knowledge Base Overlap 1.698*** 0.801*** 

(0.262)   (0.105)   
Acquirer’s Base Overlap Ratio 32.024*** 13.672*** 

(8.560)    (3.473)    
Target’s Base Overlap Ratio 16.293*** 3.969*** 

(6.009)    (0.956)    
Acquirer’s Cross-Cites Ratio 16.566*** 4.787***

(4.138)    (1.388)   
Target’s Cross-Cites Ratio 6.258*** 2.343***

(2.291)    (0.409)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 5,884 5,884 5,884 8,368 8,368 8,368 
No. of Actual Deals 1,105 1,105 1,105 1,135 1,135 1,135 
No. of Control Deals 4,779 4,779 4,779 7,233 7,233 7,233 

Pseudo R2 0.49 0.48 0.47 0.19 0.18 0.18 

  Innovation Overlaps Measured in Changes 
∆ Technological Proximity 0.201    0.005    

(0.599)   (0.283)   
∆ Knowledge Base Overlap 0.740*** 0.245*   

(0.253)   (0.136)   
∆ Acquirer’s Base Overlap Ratio 5.384    10.023**  

(4.741)    (4.393)    
∆ Target’s Base Overlap Ratio 5.522*** 2.229*   

(2.128)    (1.155)    
∆ Acquirer’s Cross-Cites Ratio 6.467    4.091*   

(4.200)    (2.175)   
∆ Target’s Cross-Cites Ratio 5.263**  2.493***

(2.110)    (0.743)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 5,884 5,884 5,884 8,368 8,368 8,368 

Pseudo R2 0.43 0.43 0.43 0.15 0.16 0.16 
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Panel B: Alternative Estimation Method and Expanded Control Group 
This panel reports key coefficient estimates from specifications that, first, use the linear probability model instead of 
the fixed-effects logit model, and second, employ a random (matched) control group by pairing the actual acquirer 
with the pseudo target firms, the actual target firm with the pseudo acquirers, and the pseudo acquirers with the 
pseudo target firms. 
 
    Acquirers or Targets with Patents 

Random Control Group Matched Control Group 
  (1) (2) (3) (4) (5) (6) 

  Linear Probability Model 
Technological Proximity 0.313*** 0.076***

(0.073)   (0.026)   
Knowledge Base Overlap 0.199*** 0.108***

(0.027)   (0.019)   
Acquirer’s Base Overlap Ratio 2.854*** 2.186*** 

(0.828)   (0.576)    
Target’s Base Overlap Ratio 1.341*** 0.663*** 

(0.250)   (0.156)    
Acquirer’s Cross-Cites Ratio 1.741*** 0.938***

(0.390)   (0.262)   
Target’s Cross-Cites Ratio 0.774*** 0.449***

(0.139)   (0.070)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 5,884 5,884 5,884 8,368 8,368 8,368 

R2 0.44 0.43 0.42 0.11 0.11 0.11 

  Expanded Control Group 
Technological Proximity 2.204*** 0.826***

(0.455)   (0.200)   
Knowledge Base Overlap 1.734*** 0.934***

(0.255)   (0.105)   
Acquirer’s Base Overlap Ratio 20.054** 10.444*** 

(9.044)   (3.100)    
Target’s Base Overlap Ratio 23.918** 4.103*** 

(11.342)   (0.862)    
Acquirer’s Cross-Cites Ratio 7.724*   3.505***

(4.641)   (0.751)   
Target’s Cross-Cites Ratio 10.848** 2.559***

(4.357)   (0.381)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 10,477 10,477 10,477 19,913 19,913 19,913 
No. of Actual Deals 1,105 1,105 1,105 1,135 1,135 1,135 
No. of Control Deals 9,372 9,372 9,372 18,778 18,778 18,778 

Pseudo R2 0.50 0.49 0.49 0.26 0.25 0.24 
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Panel C: Different Samples 
This panel reports key coefficient estimates from specifications that, use All Deals of the Acquirer-Target Sample, 
where we do not impose any conditions on firms’ innovation activities in the five-year period leading to the bid, as 
well as Acquirers and Targets with Patents of the Acquirer-Target Sample, where actual acquirers, pseudo 
acquirers, target firms, and pseudo target firms are active in patenting activities in the five-year period leading to the 
bid. 
 
    Random Control Group  Matched Control Group 

  (1) (2) (3) (4) (5) (6) 

All Deals 
Technological Proximity 2.856*** 0.681***

(0.534)   (0.194)   
Knowledge Base Overlap 1.946*** 0.831***

(0.316)   (0.100)   
Acquirer’s Base Overlap Ratio 51.408** 12.488*** 

(21.176)   (3.208)    
Target’s Base Overlap Ratio 45.466*** 5.199*** 

(14.575)   (0.990)    
Acquirer’s Cross-Cites Ratio 109.295*** 4.895***

(29.863)    (1.553)   
Target’s Cross-Cites Ratio 10.447*** 2.897***

(3.928)    (0.399)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 17,290 17,290 17,290 17,363 17,363 17,363 
No. of Actual Deals 1,762 1,762 1,762 1,759 1,759 1,759 
No. of Control Deals 15,528 15,528 15,528 15,604 15,604 15,604 

Pseudo R2 0.55 0.55 0.54 0.14 0.14 0.13 

Acquirers and Targets with Patents 
Technological Proximity 3.036*** 0.792***

(0.565)   (0.225)   
Knowledge Base Overlap 2.049*** 0.831***

(0.332)   (0.122)   
Acquirer’s Base Overlap Ratio 54.309*** 12.469*** 

(20.116)   (4.015)    
Target’s Base Overlap Ratio 51.866*** 4.453*** 

(11.266)   (1.187)    
Acquirer’s Cross-Cites Ratio 82.848*** 4.273** 

(23.429)    (1.785)   
Target’s Cross-Cites Ratio 18.045*** 2.342***

(5.688)    (0.439)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 2,021 2,021 2,021 4,003 4,003 4,003 
No. of Actual Deals 536 536 536 570 570 570 
No. of Control Deals 1,485 1,485 1,485 3,433 3,433 3,433 

Pseudo R2 0.62 0.61 0.59 0.24 0.23 0.22 
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Table 6 
Different Sources of Merger Synergies 
 
This table reports coefficient estimates from fixed-effects logit models using the Acquirers or Targets with Patents 
of the Acquirer-Target Sample. The dependent variable is equal to one for the actual acquirer-actual target firm pair 
and zero for one of the pseudo firm pairs that form the control group. To form the random control group, for each 
acquirer (target firm), we randomly draw five pseudo acquirers (pseudo target firms) from the set of 
Compustat/CRSP firms that have all control variables available. To form the matched control group, for each 
acquirer (target firm), we find up to five pseudo acquirers (pseudo target firms) in the same industry and closest in 
sales from the set of Compustat/CRSP firms that have all control variables available. We then form the control 
group of pseudo deals by pairing the actual acquirer with the pseudo target firms, and the actual target firm with the 
pseudo acquirers. Product Market Relatedness (PMR) is equal to one if a given firm pair is from the same industry 
constructed using the text-based analysis of firms’ product descriptions in the 10-K filings by Hoberg and Phillips 
(2010), and zero otherwise. Knowledge Base Overlap and firm size are in natural logarithm. Definitions of the 
variables are provided in Appendix 1. All specifications include deal fixed-effects. Robust standard errors (clustered 
at the deal level) are reported in parentheses; *, **, and *** denote significance at the 10%, 5%, and 1% level, 
respectively. 
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Panel A: Interaction of Product Market and Technological Synergies 
This panel reports key coefficient estimates from fixed-effects logit models. 
 
    Acquirers or Targets with Patents 

Random Control Group Matched Control Group 
  (1) (2) (3) (4) (5) (6) 

Product Market Relatedness (PMR) 4.619*** 4.691*** 4.686*** 2.481*** 2.429*** 2.465***
(0.444)   (0.451)   (0.440)    (0.152)    (0.148)   (0.150)   

Technological Proximity 2.749*** 0.891*** 
(0.595)   (0.262)    

Knowledge Base Overlap 1.272*** 0.725*** 
(0.310)   (0.137)    

Technological Proximity × PMR -1.413    -0.660*   
(0.975)   (0.374)    

Knowledge Base Overlap × PMR 0.101    -0.168    
(0.784)   (0.197)    

Acquirer’s Base Overlap Ratio 40.194*  8.559**  
(21.606)   (4.259)   

Target’s Base Overlap Ratio 23.492*  4.697***
(13.911)   (1.413)   

Acquirer’s Base Overlap Ratio × PMR -11.537   6.416    
(58.386)   (5.400)   

Target’s Base Overlap Ratio × PMR -5.965    -3.653*  
(14.508)   (1.883)   

Acquirer’s Cross-Cites Ratio 106.329*** 5.674***
(35.929)    (1.994)   

Target’s Cross-Cites Ratio 6.139**  2.755***
(2.890)    (0.542)   

Acquirer’s Cross-Cites Ratio × PMR -86.944**  -2.248    
(38.850)    (2.216)   

Target’s Cross-Cites Ratio × PMR 6.591    -1.368*  
(9.932)    (0.797)   

Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes 
Deal Fes Yes Yes Yes Yes Yes Yes 
No. of Observations 5,884 5,884 5,884 8,368 8,368 8,368 
No. of Actual Deals 1,105 1,105 1,105 1,135 1,135 1,135 
No. of Control Deals 4,779 4,779 4,779 7,233 7,233 7,233 

Pseudo R2 0.61 0.61 0.60 0.27 0.26 0.26 
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Panel B: Probabilities of Acquirer-Target Firm Pairing 
This panel reports the average predicted probabilities computed using estimates of the linear probability model.  
 

   
Acquirers or Targets 

with Patents 
Random 
Control 
Group 

Matched 
Control 
Group 

  (1) (2) 
Product Market Relatedness = 0 0.146*** 0.084*** 

(0.003)    (0.004)    
Product Market Relatedness = 1 0.723*** 0.334*** 

(0.023)    (0.013)    

Technological Proximity = 0 0.179*** 0.130*** 
(0.003)    (0.004)    

Technological Proximity = 1 0.543*** 0.204*** 
(0.081)    (0.024)    

Product Market Relatedness = 0 & Technological Proximity = 0 0.133*** 0.076*** 
(0.004)    (0.005)    

Product Market Relatedness = 1 & Technological Proximity = 0 0.724*** 0.334*** 
(0.024)    (0.014)    

Product Market Relatedness = 0 & Technological Proximity = 1 0.532*** 0.171*** 
(0.087)    (0.028)    

Product Market Relatedness = 1 & Technological Proximity = 1 0.683*** 0.328*** 
(0.067)    (0.040)    

Acquirer, Target Innovation Yes Yes 
Acquirer, Target Controls Yes Yes 
Diversifying, Same State Yes Yes 
Deal Fes Yes Yes 
No. of Observations 5,884 8,368 

R2 0.53 0.15 
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Table 7 
Validation of Control Group Construction 
 
This table reports coefficient estimates from logit models. The sample consists of friendly completed acquisition deals and failed acquisition bids announced over 
the period January 1, 1984–December 31, 2003. We exclude acquisition bids that failed explicitly due to R&D activities of either merger partner, those that were 
expected to fail, and those where the reason for failure cannot be determined. The dependent variable is equal to one for completed acquisition deals and zero for 
failed acquisition bids. Columns (1)-(2) report the results using All Acquirers of the Acquirer SDC Sample; columns (3)-(4) report the results using All Targets of 
the Target SDC Sample; and columns (5)-(7), (8)-(10), and (11)-(13) report the results using All Deals, Acquirers or Targets with Patents, and Acquirers and 
Targets with Patents, respectively, of the Acquirer-Target SDC Sample, and the corresponding samples of failed acquisition bids. Definitions of the variables are 
provided in Appendix 1. Robust standard errors (clustered at the acquirer level) are reported in parentheses; *, **, and *** denote significance at the 10%, 5%, 
and 1% level, respectively. 
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    All Acquirers  All Targets  
All Deals  

Acquirers or Targets 
with Patents 

 
Acquirers and Targets 

with Patents 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 

Citation-Weighted Patents 0.013    0.010    
(0.042)   (0.065)   

Patent Index 0.006    0.013    
(0.056)   (0.096)   

Technological Proximity -0.637* -0.658* -0.784* 
(0.381) (0.384) (0.435) 

Knowledge Base Overlap 0.074   0.063   0.053   
(0.170) (0.177) (0.193) 

Acquirer’s Base Overlap Ratio 0.102   -0.287  -1.548  
(4.606) (4.564) (4.708) 

Target’s Base Overlap Ratio -0.192  -0.093  -0.400  
(1.914) (1.902) (2.284) 

Acquirer’s Cross-Cites Ratio 3.373   3.524   1.489   
(2.808) (2.904) (3.020) 

Target’s Cross-Cites Ratio -0.465  -0.395  -0.486  
(0.873) (0.821) (0.863) 

Acquirer Controls Yes Yes 
Target Controls Yes Yes 
Industry FEs Yes Yes Yes Yes 
Acquirer, Target Innovation Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Acquirer, Target Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Diversifying, Same State Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 2,860 2,860 1,919 1,919 1,987 1,987 1,987 1,261 1,261 1,261 627 627 627 
No. of Completed Deals 2,474 2,474 1,637 1,637 1,705 1,705 1,705 1,101 1,101 1,101 552 552 552 
No. of Failed Bids 386 386 282 282 282 282 282 160 160 160 75 75 75 

Pseudo R2 0.08 0.08 0.09 0.09 0.11 0.10 0.11 0.10 0.10 0.10 0.15 0.14 0.15 
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Table 8 
Post-Acquisition Innovation Performance 
 
This table reports coefficient estimates from OLS regressions obtained using a panel dataset that has, for each friendly completed and failed acquisition, 
observations running from three years prior to bid announcement (ayr-3) to three years after the deal completion (cyr+3). The dependent variable is, in each year, 
the sum of the acquirer’s and the target firm’s innovation quantity. Columns (1)-(2), (3)-(4), and (5)-(6) report estimates obtained using All Deals, Acquirers or 
Targets with Patents, and Acquirers and Targets with Patents, respectively, of the Acquirer-Target SDC Sample and the corresponding samples of failed 
acquisition bids. We randomly select three completed acquisition deals (without replacement) for every failed acquisition bid. After is an indicator variable equal 
to one for the post-merger time period (from cyr+1 to cyr+3) and zero otherwise. Treat is an indicator variable equal to one for the firm pairs in completed 
acquisitions and zero for the firm pairs in failed acquisition bids. Definitions of the variables are provided in Appendix 1. All specifications include deal fixed-
effects and year fixed-effects. Robust standard errors (clustered at the acquirer level) are reported in parentheses; *, **, and *** denote significance at the 10%, 
5%, and 1% level, respectively. 
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Panel A: Heterogeneity in Treatment Effect: Citation-Weighted Patents  
The dependent variable is time-varying Citation-Weighted Patens. 
 

   
All Deals  

Acquirers or Targets 
with Patents 

 
Acquirers and Targets 

with Patents 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

After 0.136    0.029   0.038    0.120    -0.008   -0.000    0.207    0.027   0.066    
(0.094)    (0.098)   (0.097)    (0.129)    (0.132)   (0.129)    (0.158)    (0.153)   (0.140)    

After × Treat -0.228*** -0.131   -0.148*   -0.252**  -0.092   -0.153    -0.448*** -0.176   -0.219    
(0.081)    (0.082)   (0.078)    (0.116)    (0.112)   (0.107)    (0.171)    (0.150)   (0.147)    

Technological Proximity × After -1.318*** -0.977*** -0.667** 
(0.361)    (0.282)    (0.292)    

Knowledge Base Overlap × After -0.335    -0.252    -0.104    
(0.221)    (0.179)    (0.171)    

Technological Proximity × After × Treat 1.619*** 1.140*** 1.024***
(0.400)    (0.342)    (0.373)    

Knowledge Base Overlap × After  × Treat 0.077    0.053    -0.061    
(0.229)    (0.191)    (0.189)    

Acquirer’s Base Overlap Ratio × After -37.593  -24.766  -4.160   
(23.424) (19.196) (16.863) 

Target’s Base Overlap Ratio × After -1.411   -1.138   -0.578   
(0.923)   (0.760)   (0.570)   

Acquirer’s Base Overlap Ratio × After × Treat 36.417   22.948   3.254   
(23.572) (19.392) (16.823) 

Target’s Base Overlap Ratio × After × Treat -1.851   -0.631   0.355   
(1.244)   (0.930)   (0.635)   

Acquirer’s Cross-Cites Ratio × After -13.834*** -10.422*** -6.972***
(3.636)    (2.559)    (2.004)    

Target’s Cross-Cites Ratio × After -1.190*** -0.976*** -0.971***
(0.379)    (0.324)    (0.317)    

Acquirer’s Cross-Cites Ratio × After × Treat 13.057*** 11.168*** 3.533    
(3.843)    (2.702)    (2.533)    

Target’s Cross-Cites Ratio × After × Treat 0.885*   -0.797    0.794*   
(0.469)    (0.639)    (0.437)    

Acquirer Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Deal and Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 8,068 8,113 8,076 4,685 4,713 4,680 2,150 2,155 2,151 
No. of Completed Deals 711 711 711 399 399 399 183 183 183 
No. of Failed Bids 237 237 237 133 133 133 61 61 61 
R2 0.91 0.90 0.90 0.89 0.89 0.89 0.89 0.90 0.90 
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Panel B: Heterogeneity in Treatment Effect: Patent Index 
The dependent variable is time-varying Patent Index. 
 

   
All Deals  

Acquirers or Targets 
with Patents 

 
Acquirers and Targets 

with Patents 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 
After 0.123*   0.038    0.067    0.121    0.016    0.046    0.275**  0.075    0.141    

(0.067)    (0.073)   (0.072)    (0.094)    (0.100)   (0.098)    (0.132)    (0.137)   (0.119)    
After × Treat -0.186*** -0.096   -0.125**  -0.205**  -0.094   -0.134*   -0.360*** -0.097   -0.282**  

(0.056)    (0.059)   (0.057)    (0.082)    (0.082)   (0.081)    (0.138)    (0.136)   (0.117)    
Technological Proximity × After -1.007*** -0.775*** -0.591**  

(0.302)    (0.254)    (0.263)    
Knowledge Base Overlap × After -0.365*   -0.332*   -0.200    

(0.194)    (0.169)    (0.166)    
Technological Proximity × After × Treat 1.172*** 0.879*** 0.852*** 

(0.332)    (0.302)    (0.325)    
Knowledge Base Overlap × After  × Treat 0.097    0.161    0.087    

(0.208)    (0.184)    (0.180)    
Acquirer’s Base Overlap Ratio × After -33.277   -24.107   -6.844   

(23.113)  (20.522)  (19.737)  
Target’s Base Overlap Ratio × After -1.103   -0.939   -0.617   

(0.937)   (0.773)   (0.547)   
Acquirer’s Base Overlap Ratio × After × Treat 34.141   24.958   7.360    

(23.145)  (20.627)  (19.791)  
Target’s Base Overlap Ratio × After × Treat -0.485   -0.451   -0.826   

(0.997)   (0.852)   (0.618)   
Acquirer’s Cross-Cites Ratio × After -12.552*** -10.082*** -7.614*** 

(2.973)    (2.285)    (1.738)    
Target’s Cross-Cites Ratio × After -1.028**  -0.932**  -0.888**  

(0.511)    (0.419)    (0.409)    
Acquirer’s Cross-Cites Ratio × After × Treat 11.266*** 9.490*** 7.828*** 

(3.334)    (2.674)    (2.226)    
Target’s Cross-Cites Ratio × After × Treat 0.205    0.743    1.120**  

(0.639)    (0.510)    (0.485)    
Acquirer Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Deal and Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Observations 8,104 8,099 8,063 4,685 4,673 4,686 2,159 2,151 2,163 
No. of Completed Deals 711 711 711 399 399 399 183 183 183 
No. of Failed Bids 237 237 237 133 133 133 61 61 61 
R2 0.92 0.92 0.92 0.90 0.91 0.91 0.90 0.90 0.91 

 


