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Abstract 

 

Our thesis is a multi-industry empirical analysis on the relationship between innovation and 

acquisition activity. As R&D is a fundamental for economic growth, research has explored it under 

several perspectives, typically using patents or R&D intensity as a proxy for firm-specific innovation. 

Two empirical observations were made: 1) increased R&D spending has generated less returns over 

time and 2) M&A activity has increased, both in terms of volume and number of annual transactions. 

Drawing on these two trends, our paper uses the output elasticity of R&D (Research Quotient) as a 

proxy for innovation to examine two aspects: the influence of innovation on the motivation to pursue 

acquisitions and the ex-post M&A impact on innovation. Using a sample of 5.123 firms from 1981-

2015, we find a significant positive relationship between R&D productivity and a firm’s propensity 

to acquire. This result suggests that these two strategies are not substitutes, but rather complements. 

Ranking firms according to their R&D productivity, we find innovative firms spend ~35 million USD 

more on acquisitions than less innovative firms. Using acquisition count, this corresponds to an 

average difference of ~0.08 acquisitions per annum. Second, we find that these acquisitions are geared 

towards smaller transactions, instead of larger transformational ones, supporting the systems vs. 

components theory of innovation. Finally, we identified a negative impact of M&A on innovation 

over a three-year post-acquisition timeframe, resulting in an accumulated drop in the output elasticity 

of R&D of 19.6%. This indicates that the acquirer does not realize any synergies to innovation, 

thereby raising the question on why firms engage in innovation-motivated acquisitions to begin with.  
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“There is much that remains to be learned about productivity, especially in understanding its 

economic determinants and its economic and social consequences. The next generation have their 

work ahead of them. But in the pursuit of this knowledge, we should always remember that we can 

see farther than our predecessors because we stand on their shoulders.” (Griliches, 2001, p. 90) 

 

 

1. Introduction 

One of the earliest proponents of innovation-based market power, Joseph Schumpeter (1942) 

advanced the hypothesis that new technologies deliver economic growth and thereby constitute a 

cornerstone for improving living standards. In the Schumpeterian world, technological innovation in 

the form of products, processes, and forms of organization is crucial for spurring effective 

competition (Schumpeter, 1942). In turn, firms which challenge the status quo through bringing new 

technology to the market would boost industrial efficiency and disrupt the neoclassical equilibrium 

(Iwai, 1984). In the late 1890s, prior to his seminal idea of creative destruction and theory of economic 

development, Schumpeter witnessed first-hand how a wave of mergers and acquisitions (hereafter 

M&A) significantly altered the landscape of modern-day America. Overall, approximately 200 

industrial consolidations spawned in many industries including transportation, metals, chemicals, and 

tobacco which resulted in this period being known as the first “Great Merger Wave” (Erickson & 

Nelson, 1961). Although he never formulated a theory about the first merger wave, Schumpeter 

believed that rapid technological innovation was one of the key underlying motives behind this 

“merger boom” (Schumpeter, 1939, p. 297). Since then, empirical research has uncovered many 

aspects of the merger process, including their tendency to cluster (Nelson, 1959; Gort, 1969) and their 

relationship with shareholder value (Hitt et al., 2012). However, less attention has been focused on 

what drives mergers over time and the relationship with innovation at a firm level. In this thesis, we 

endeavour to explore firm innovation and its explanatory power for the rise in M&As over the last 

decades. We then examine the impact on innovation following a transaction to examine the feasibility 

of implementing an M&A strategy as a substitute for internal innovation efforts. Introduced by Knott 

(2008), our study utilizes a novel variable of innovation coined the research quotient (hereafter RQ). 

There are many anecdotal examples of a possible nexus between innovation and transactions 

involving other firms. At Apple’s annual meeting of shareholders in February 2021, company CEO 

Tim Cook, citing the importance of acquisitions which are accretive to technology and talent, 
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disclosed that Apple has acquired about 100 companies over the last 6 years (Harper, 2021). Despite 

acquiring a company every three to four weeks, Apple is considered a conservative player in the 

holistic view of the M&A market. Boasting cash just shy of 200 billion USD, there are not many 

corporations that exceed Apple’s financing potential; however, in terms of deal size, Apple most 

often buys smaller technology firms to integrate into its technology portfolio. On the other hand, 

many of Apple’s rivals have a more active capital allocation strategy with respect to their size. For 

example, Microsoft’s acquisitions of LinkedIn for 26.2 billion USD in 2016 eclipses Apple’s largest 

acquisition of Beats Electronics for 3 billion USD in 2014. Apple and Microsoft are not the only firms 

incorporating M&A as a defining feature of their corporate growth strategy. According to the Institute 

of Mergers, Acquisitions and Alliances (IMAA, 2021) an excess of 790,000 transactions have been 

conducted since 2001 with a total value of 57 trillion USD. This stands in stark contrast to the mere 

10,000 transactions recorded in the early 1990’s (IMAA, 2021). From our sample, the same growth 

in M&A activity is evident (See Figure 1). The scale of M&A activity is also at historical levels. Prior 

to 1990, the average level of M&A hovered around 3% of GDP in the United States. After 1990, 

activity in M&A more than tripled with share of GDP reaching 13% in 2015. Comparatively, our 

sample shows M&A activity as a share of GDP of 2% in 2015, demonstrating the depth of our sample. 

 

Figure 1: Number and Transaction Volume of Mergers and Acquisitions (million USD) 

 

Note. Development of M&A transaction count and value from 1981 – 2015; Source: Personal creation; Data retrieved 

from Compustat Daily Updates - Fundamentals Annual 
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As M&A activity continues to surge, we are confronted with an imminent productivity slowdown 

coupled with a stagnation of gross domestic product (hereafter GDP) growth rates. However, it is the 

former which determines the standard of living (Moelders, 2016). In the same context, productivity 

growth has also been linked to mortality rates (Preston, 1975) and happiness (Easterlin, 2001). 

Together, this trifecta (productivity, GDP, and well-being) has pushed productivity research into the 

economics limelight. Perhaps the most cited productivity statistic, the growth rate of total factor 

productivity (TFP), has stalled since the 1990’s (Dieppe, 2020).  Easterly and Levine (2001) estimate 

that 60 percent of output growth for the average country can be explained by TFP. From an economic 

perspective, this connection between a productivity slowdown and GDP stagnation is also supported 

by neoclassical economic growth models. Wide acceptance of these models has put it on the map of 

priorities for global economic development. For example, European policymakers have adopted R&D 

and innovation as a key pillar in their 2020 Europe Strategy, with a goal to grow combined public 

and private investment in R&D to 3% of GDP (European Commission, 2014).  Another organisation 

that has been instrumental in advocating and measuring advancements in productivity growth is The 

World Bank. In their latest annually published productivity statistics, they summarise the stagnating 

global productivity growth which we show in Figure 2. 

 

Figure 2: Global Productivity growth 

 

Note: Global, AE, and EMDE productivity growth adapted from Dieppe (2020) “Global Productivity” World Bank 

Publications; https://www.worldbank.org/en/research/publication/global-productivity. As per World Bank Group, 

productivity is defined as output per worker in U.S. dollars., Shaded areas indicate global recessions and slowdowns 

(1982, 1991, 1998, 2001, 2009 and 2012). 
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The World Bank posits that long-run drivers of productivity growth can be summarised into three 

broad categories (Dieppe, 2020): proximate sources i.e., physical capital and quality of the labour 

force, supporting environment i.e., institutions, and lastly improvements in firm-level factors, 

including innovation capabilities - our area of focus. These principles were used in Romers’ Nobel 

Prize winning work in Economics for “integrating technological innovations into long-run 

macroeconomic analysis” (Royal Swedish Academy of Sciences, 2018). At the heart of Romers’ 

endogenous growth theory lies the notion that productivity gains originate from technological change. 

Rather than technological change occurring exogenously, or as Romer eloquently puts it “occurring 

as a function of elapsed calendar time” (Romer, 1990 pg.41), his model is based on the presumption 

that technological change is carried out by the efforts of profit-maximizing agents i.e., people and 

firms. This finding offered a key contribution to previous growth models based on technological 

productivity arising exogenously. For instance, Solow’s (1956) classical theory of economic growth. 

It thus spurred a renewed focus on the firm and its allocation of R&D in the determination of 

innovation. Other models based on endogenous growth sources followed, including Grossman and 

Helpman (1991) and Aghion and Howitt (1992). The latest figures suggest that U.S. firms total R&D 

spend is responsible for ~7% of real U.S. GDP growth (NSF, 2007). Moreover, total spend on R&D 

is dominated by businesses. According to the National Science Board, domestically performed 

business R&D accounted for 73% of the national R&D (National Science Board, 2020). This 

allocation of R&D spend highlights the importance of providing more insights to this activity. 

The conclusion is that ultimately the macroeconomic productivity slowdown can be traced down to 

the industry and firm level. Research shows that U.S. multifactor productivity has dramatically 

slowed for the private business sector and manufacturing since 2003 (Jones, 2017) while research 

productivity defined as number of new ideas/number of researchers has declined by more than 5% 

per year for the aggregate U.S. economy (Bloom et al., 2020) - despite advances in Information and 

Communications Technology (hereafter ICT). Paradoxically, even without the breakthrough in ICT, 

one would be led to believe that productivity in technological development should be increasing over 

time due to accumulated knowledge and the notion that you generally get better at something through 

doing it; however, this has not been the case. For firms, this is an important paradox to consider and 

highlights a potential need for a strategy rethink. Could M&A be a solution? 

 

An industry in which the nexus between R&D efficiency and M&A has previously been under the 

microscope is pharmaceuticals. On an aggregate level, R&D productivity measured by US Food and 
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Drug Administration (hereafter FDA) Drug Approvals has been on a decline (Bloom et al., 2020). By 

some, this phenomenon has been coined ‘Erooms law’ (Moore’s law backwards). Moore’s Law 

initially referred to a doubling of transistors on a computer chip every two years. ‘Erooms law’ on 

the other hand was first coined by Scannell et al. (2012) in a Nature Reviews Drug Discovery article 

“Diagnosing the decline in pharmaceutical R&D efficiency” and points to the fact that the number of 

new FDA approved drugs per billion USD of R&D spending has halved approximately every 9 years 

since 1950. Despite the slowing promise of new drugs, M&A activity in the sector has flourished on 

the promise of efficiency gains and new revenue streams from drug patents. According to McKinsey, 

M&A activity prior to the COVID-19 pandemic was surging, with 414 billion USD worth of deals 

closed in 2019 (Ascher et al., 2020). 

 

In the pharmaceutical industry, patents and clinical trials often serve as a proxy of innovation 

(Arundel & Kabla, 1998; Hagedoorn & Cloodt, 2003; Levin et al., 1987). Despite the conspicuous 

relationship between these two trends, analysis on the causal relationship and the resulting impacts 

are limited. Several recent examples have highlighted an impetus to examine this relationship further; 

however, one anecdotal example with current significance stands out: Pfizer’s pursuit of AstraZeneca 

in 2014. Commenting on the possibility of the transaction, Ian Read, Chairman and CEO of Pfizer 

stated the benefit from a shared commitment to R&D (Pfizer, 2014). Prior to the deal, it was no secret 

that the US company was motivated by the need for new drugs and greater efficiency. This attempted 

transaction points to a causal relationship between innovation and M&A, supporting the notion that 

an acquisition strategy may function as a potential remedy to stagnating internal R&D productivity. 

It also highlights that regulators analyzing these transactions need to understand closely the 

relationship between M&A incentives and R&D. Especially due to the spillover effects on economic 

development and to the benefits of consumers who benefit from breakthroughs in scientific research. 

The negative side effects of transactions have also been addressed by critics of Pfizer following the 

attempted takeover of AstraZeneca. Although, they promised not to cut research jobs during a five-

year period in England (Ghosh, 2014), Pfizer’s own former head of research John LaMattina voiced 

concerns that research productivity declined following previous mergers. Following Pfizer’s 

acquisition of Wyeth in 2009, it was reported that the pro forma R&D budget was cut by 5 billion 

USD with over six research sites shutdown (Rockoff, 2009). According to BBC, one of the world’s 

largest private funders of medical research also penned a letter expressing concerns over the 

attempted takeover, citing "a substantial reduction in R&D activity, which would be replicated in this 

instance" (Ghosh, 2014). Despite these findings, it is not clear whether this decrease in R&D expenses 
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served as reorganization measures to boost productivity or hampered drug development.  Six years 

following the acquisition attempt of AstraZeneca, we are left wondering what the impact of the 

combined entity may have been on vaccine development. 

 

1.1. Research Question and Contribution 

Although the relationship between R&D productivity and M&A is particularly acute in the 

pharmaceutical industry, we do not limit our analysis to one industry. Research indicated that 

scientific research and the technological effort is increasing in other industries, including the 

consumer goods sector (Makri et al., 2010). Therefore, we take a top-down approach to understand 

the average relationship across all firms across industries. Also, rather than using patent-based 

measures of innovation or industry specific guidance like crop yields or New Molecular Entity’s 

(hereafter NME), this paper employs the RQ as a measure of output elasticity of R&D. Inspired by 

the specification of the production function which has long been a staple of neo-classical economics 

since the seminal work of Cobb and Douglas (1928), Anne Marie Knott’s award winning RQ isolates 

productivity gains from R&D using a multitude of inputs, including: R&D spending, labour, 

advertising, and knowledge spillovers. Prior to the introduction of RQ, there has been no widespread 

comprehensive measure that ties R&D spending to firm revenue. Thus, aligning with Schumpeter’s 

paradigm that invention is of no economic relevancy until it is brought into use (Schumpeter, 1939). 

Indeed, Cooper et al. (2015) also show that RQ is more significantly related to contemporaneous firm 

value than patents. Moreover, when including RQ alongside other patent measures like patent count 

and citation-weighted patent count, they become insignificant (Cooper et al. 2015). 

 

Our primary objective is to evaluate the interplay between innovation as measured by Knott’s RQ in 

the role of M&A. This can be examined from both an ex-ante and ex-post perspective. First, we seek 

to examine whether innovation is a motivating factor for acquisitions: 

 

Question 1 (Q1): Is R&D productivity as measured by the firm output elasticity of R&D (RQ) a 

motive for firms to conduct M&A? 

 

As Q1 consists of an ex-ante M&A perspective, it is of equal interest to consider an ex-post M&A 

view. In contrast to current research, which is predominantly focused on market (Mitchell & 

Mulherin, 1996; Rau & Vermaelen, 1998) and accounting-based performance (Healy et al., 1992; 
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Ravenscraft & Scherer; 1987) measures following a transaction. We evaluate the impact on R&D 

productivity following an acquisition: 

 

Question 2 (Q2): Does R&D productivity as measured by the firm output elasticity of R&D (RQ) 

increase or decrease following M&A activity? 

 

Our study illuminates whether companies should rely on their internal strengths for producing 

innovation or adapt their strategy by pursuing external innovation sources. More broadly, this can be 

distilled into the question of make vs. buy. 

 

This paper has several contributions to previous literature. First, we complement previous literature 

on firm characteristics and their relations with the acquisition process. While most motives focused 

on fundamental financial characteristics, we are interested in the inherent abilities of firms to convert 

resources to technological progress. We capture this with the output elasticity of R&D due to its 

utility in creating a direct connection between a firm’s measurable outputs (revenue) and their inputs 

in innovation (R&D). That said, this is the first paper to use the output elasticity of R&D as an 

explanatory motive for M&A activity. This will allow us to examine the relationship between firm-

level innovation conditional on their R&D efforts. Therefore, RQ provides us with an improvement 

on prior variables capturing innovative efficiency. On the other hand, previous research has evolved 

largely around pharmaceuticals (See Bena & Li, 2012; Higgins & Rodriguez, 2006; Ornaghi, 2009;) 

and the high-tech industry using patent-based metrics of productivity (See Cloodt & Hagedoorn, 

2006; Desyllas & Hughes, 2010). However, there is a question mark on an overarching industry 

perspective. By using RQ, we hope to shed new light on the generality of results. Our study also 

covers a long-time span (1981 – 2015) giving us an advantage compared to existing literature seeking 

to generalize results. 

 

The findings are thus interesting for several parties and under different perspectives: 

• Investors have an interest in identifying firms that are more likely to be acquirers. The findings 

can thus help to filter, screen, and identify these companies.  

• The feasibility of trading off in-house R&D with M&A needs to be understood for firms and 

investors. Are they substitutes or complementary? 
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• Antitrust authorities might also be interested in the concern that M&A may have detrimental 

long-run effects on the innovative activity of the firms involved (See for example Bertrand & 

Zuniga, 2006) 

• Most importantly, these findings are insightful due to the consequences on economic growth 

as explained by endogenous growth models (Aghion and Howitt 1992; Romer, 1990). 

Therefore, if firms can better foster the ability to pursue innovation it can reinvigorate 

productivity growth on a macro scale. 

 

1.2. Definitions 

To set the framework of our analysis, we need to define the core concepts that shape our analysis. 

These are: research & development, innovation, technological change, and mergers & acquisitions. 

 

Innovation has long been viewed as a key driver of economic growth, with more recent economic 

growth models underpinning Schumpeterian elements by including innovation and technological 

progress as endogenous factors (See Aghion and Howitt 1992; Romer 1990) instead of exogenous 

(See Solow, 1956). In a sense, innovation has also been the buzzword of the business community in 

the last decade. But what exactly is innovation, how can we measure it, and how do we quantify it? 

There is no commonly accepted definition on innovation; neither is there a universal way on how to 

measure the degree of innovation nor a method to quantify a firm’s innovation. Smith (2005) reasons 

that this mostly lies in the fact that innovation per definition constitutes something novel and is thus 

hard to quantify. Another explanation for the uncertainty around the subject-matter is the wide array 

of disciplines that interact with the term innovation. For this reason, several scholars have looked at 

the topic with a multitude of purpose-specific lenses. From the point of view of entrepreneurship, 

which also corresponds to Schumpeter’s earliest context of innovation, Drucker (1985) states that 

innovation “is the act that endows resources with a new capacity to create wealth” (p. 30). From the 

field of management and business, scholars frequently cite Damanpour’s (1996) definition as “a 

means of changing an organization”. Lastly, characterising the importance of innovation to business 

Zahra and Covin (1994) state that “Innovation is widely considered as the life blood of corporate 

survival and growth”, implying a constant push to reinvent the company or risk becoming obsolete. 

These varying definitions paint the picture of an opaque concept to measure. Due to the complexity, 

a good starting point is to return to Schumpeter. Schumpeter’s definition is linked to specification of 

a production function: 
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“Therefore, we will simply define innovation as the setting up of a new production function […]. 

This function describes the way in which quantity of product varies if quantities of factors vary. If, 

instead of quantities of factors, we vary the form of the function, we have an innovation” 

(Schumpeter 1939, p. 84) 

 

Thus, Schumpeter’s treatment of innovation can refer both to a constant level of inputs resulting in 

higher output or less inputs for the same level of output. Due to the nature of our empirical study, we 

restrict our view of innovation to products and services output which can be measured at a monetary 

rate. Moreover, although innovation can also be considered happening in an ecosystem of different 

stakeholders, we restrict ourselves to innovation dependent on the measurable inputs and outputs of 

firms. We explore this concept further in our theoretical discussion about the relationship between 

R&D and innovation, where we examine the trade-offs between existing proxies for innovation. 

 

The term research and development or R&D refers to “creative and systematic work undertaken in 

order to increase the stock of knowledge - including knowledge of humankind, culture and society – 

and to devise new applications of available knowledge” (OECD, 2015). This definition belongs to 

the Frescati Manual and has been considered the standard practice for surveys of research and 

development and its role in innovation for more than 50 years. In economic growth literature, R&D 

activities are largely summarised as an aggregated collective; however, in practice many stakeholders 

are involved including creators, financiers, and patent owners (Aghion & Tirole, 1994), both on a 

private and public sector level. In this thesis our aim is to single out measurable R&D spending at a 

firm level. 

 

Another term we employ to make a connection to macroeconomics and the implications of innovation 

on a global scale is technological change. Thus, R&D, innovation, and technological change follow 

a logical sequence in which innovation is not possible without R&D and technological change is not 

possible without innovation. According to Rattan (1959) this is the logical sequence most social 

scientists would uphold. 

 

Lastly, we use the term M&A, to apply to all types of transactions where at least two firms combine 

into one. Often scholars refer to an acquisition as a hostile takeover and a merger as a friendly 

takeover (Moeller, 2012) while others refer to mergers when acquirers and targets of equal size (Piper 

and Schneider, 2015). We use the terms interchangeably and include any business combination in our 
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definition, since the net result is often the same. Within the scope of M&A participants there is also 

a distinction between acquirer and target. Acquirer is the firm purchasing a company in a transaction 

(buyer) while the target is the being taken over i.e., the seller. In this paper, our primary focus is on 

the characteristics of the acquirer. Besides the parties involved in the transaction there are also 

numerous other stakeholders in the process like the customers, suppliers, regulatory bodies, and 

investment banks that broker the deal. 

 

1.3. Structure 

The remainder of the paper is organized as follows: Section 2 presents the theory and empirical work 

about R&D and M&A activity, summarizing our contribution to the literature and outlining our 

hypothesis which serve as the foundation of our empirical work. Section 3 presents the methodology, 

describing the research approach. This is done in two separate parts. First, we develop a model to 

study R&D productivity as a firm characteristic motivating M&A, and second, an ex-post assessment 

of M&A on the innovative efficiency of firms is conducted. Section 4 expands on the variables used, 

our sample selection, and a general understanding of the measures analysed. This is followed with 

our results in section 5, and finally, we discuss the findings together with implications for theory in 

section 6.  
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2. Literature Review 

2.1. R&D, Innovation, and how they relate 

Reflecting on the importance of technological progress in improving economic growth and living 

standards, the measurement and analysis of data relating to innovation has been a key point of 

contention among scholars (Chakraborty & Diwan, 1989; Hall et al., 2010). Economists have been 

trying to develop methods to estimate the return to R&D spending for decades (Hall et al., 2010). 

One of the complexities surrounding innovation is its frequent use as a definition in both processes 

and products, leading some researchers to label it the “black box” of science and technology (Aghion 

& Tirole, 1994; Rima, 1989). This black box can best be simplified in a diagram: 

 

Figure 3: Black Box of Innovation 

 

Note: Innovation Schematic, adapted from UNESCO Seminar – Workshop on Science, Technology and Innovation 

Indicators (2008). Measuring Research and Experimental Development (Part 1) [PowerPointslides]. 

http://www.unesco.org/new/fileadmin/MULTIMEDIA/HQ/SC/pdf/sc_workshop_botswana_measuring1_en.pdf 

 

The logic of Figure 3 is that if we cannot measure innovation itself then we can look at what precedes 

innovation (inputs) and what succeeds innovation (outputs) and, in turn, isolate the transformation. 

This transformational process is depicted as the “Black Box” in Figure 3. Inputs in the process of 

innovation operate at many levels. Some are determined through quantitative metrics e.g., R&D 

spending, while others are less tangible like patent applications. The OECD Frescati Manual paved 

the way in standardising the most widely accepted statistical input proxy for innovation: R&D. This 

was followed by the introduction and implementation of the Oslo Manual which sought to provide a 

more holistic framework to keep pace with the methodological challenges coupling the pace of 

technological change. Innovation measures can be tracked and aggregated from firm and industry 

level all the way to the macro-economy (Hall et al., 2010) and is critical for firms if they wish to 

optimize or track their capacity to innovate. Some innovation inputs like net R&D expenditure have 

been available for a long time and are therefore also dominant in literature. Hirschey et al. (2011) 

estimate that in 2007 alone, 24% of all papers in finance journals used R&D expenditures as an 

http://www.unesco/
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empirical proxy for innovation. Accordingly, the Frescati Manual advocates for R&D to be measured 

either by the amount of money spent on research and development, or alternatively, by the number 

of persons employed who contribute directly to the execution of R&D projects and activities (OECD, 

2015). Although the Frescati Manual accepts that new knowledge is an explicit objective of an R&D 

project, it also concludes that R&D - formally defined - is not necessarily a prerequisite to innovate 

(OECD, 2015). On the other hand, the Oslo Manual elaborates on the many forms of innovation, 

distinguishing largely between process or product innovation. Product innovations are often proxied 

by patents, trademarks, or revenues resulting from new product lines. On the other hand, business 

process innovations are highlighted by the motivation to reduce costs or improve product quality. 

Generally, process innovations cannot be isolated from the public financial statements of firms; 

therefore, the Oslo Manual advocates for a survey method. Finally, when used together, an 

input/output ratio helps define the key element being performed by the “black box” and is generally 

defined as productivity or efficiency. Factors that feed into this “black box” are wide and complex, 

impacted by everything from the firm’s strategy and competitive landscape to macroeconomic factors 

and public policies.  

 

Empirical research has largely drawn upon the recommendations from the family of OECD manuals 

when analysing innovation. Most research has used single input indicator parameters such as R&D 

spending (Duysters and Hagedoorn, 2001; Hitt et al., 1996). On the other hand, single parameter 

output variables frequently include patent counts or citations (Bresman et al., 1999; Cohen and 

Levinthal, 1990; Gittelmann, 2008) or revenue from new products/platforms (Hitt et al. 1996). More 

recent researchers have tried to include efficiency measures e.g., patents/R&D spending or other 

industry specific measurements like NME/R&D in the pharmaceutical sector. That said, research has 

argued for a multi-indicator approach (Hagedoorn and Cloodt; 2003) that incorporates simultaneous 

input and output dynamics which provide a more composite measure. There is also growing literature 

on new measures of innovation. For example, Bellstam et al. (2017) proposes a text-based analysis 

of corporate innovation using firm analyst reports. Another recent variable of interest is Anne Marie 

Knott’s output elasticity of R&D. In her 2008 paper, “R&D/Returns Causality: Absorptive Capacity 

or Organizational IQ”, Anne Marie Knott proposes an elasticity measure of R&D that surpasses many 

of the drawbacks of single indicator parameters. Similar, to how individual IQ can compare the 

capacity of humans to make decisions and solve problems, Knott’s RQ encapsulates the efficiency of 

firms’ innovative output for any given level of R&D spending (Knott, 2008). Given the benefits and 
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unique derivation, our aim is to leverage RQ as the firm proxy of innovation. In section 3.1., the 

calculation and the parameters which feed into this multi-indicator measurement will be elaborated.  

 

Lastly, regardless of the variable or proxy used, it is still hard to pinpoint causality between R&D and 

innovation. Moreover, empirical findings that suggest that the impact of R&D on firm growth is not 

homogenous across firms (Capasso et al., 2015). Put differently, an input of a certain magnitude in 

one firm will not lead to the same results across all firms, even in the same industry or country. 

Understanding that variety exists among firms is therefore vital to developing a methodology that 

distinguishes inter-industry and inter-geographical variation of R&D. 

 

2.2. A primer on declining R&D productivity 

According to analysis by Hirschey et al. (2012) there has been a significant increase in corporate 

R&D spending in the last 50 years, including a noticeable uptick in the 1990’s driven by the 

emergence of Information Communication Technology (hereafter ICT). However, despite the growth 

of funds into R&D, there is consensus that (i) R&D productivity has seen a decline during the last 

decades in the U.S. and (ii) there has been a slowdown in GDP growth.  

 

Economists have not been very successful in explaining or agreeing on the root cause of the 

productivity slowdown. As discussed in Jones (1995), the decline in R&D productivity coupled with 

an increase in R&D spending suggests that scale effects in R&D do not exist. That is because scale 

effects imply that there are no diminishing returns if investment increases, ceterus paribus. 

Accordingly, Jones’ theory suggests that there are diminishing returns to R&D as major innovations 

are “fished out” (Jones, 1995, p. 765). This implies that an increasing number of resources need to be 

invested towards R&D just to keep productivity levels constant. In other words, the frequency of 

innovations will decrease with the level of knowledge. Segerstrom (1998) presents a similar model 

in which R&D becomes progressively more challenging over time because firms run out of R&D 

projects with a low level of expected difficulty. He posits that in each industry, the most obvious 

inventions are discovered first, making it subsequently more difficult for each new breakthrough. 

Another view from Gordon (2003) is that the benefits from the “ICT revolution” were only temporary 

and, combined with the failure of firms to incorporate technology effectively, has led to stagnating 

R&D productivity.  
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One industry that has received special attention in the literature due to its effect on well-being and 

mortality is pharmaceuticals (See Pammolli et al., 2011; Scannell et al. 2012; Burns et al., 2012). In 

a pharmaceutical context, the phenomenon that new drug discoveries are becoming more difficult has 

been coined “Eroom’s Effect” (Scannell et al., 2012, p.191) and describes how “R&D efficiency, 

measured simply in terms of the number of new drugs brought to the market by the global 

biotechnology and pharmaceutical industries per billion USD of R&D spending has declined fairly 

steadily” (Scannell et al., 2012, p. 191). According to Munos (2009), this phenomenon of increasing 

costs coupled with unchanged production rate of new drugs has been present since the 1980s. 

Pammolli et al. (2011) also concur research has become increasingly difficult for pharmaceutical 

companies. In their paper about the productivity crisis in pharmaceuticals, the chief argument is that 

R&D investments are bundled towards riskier, high-return projects that take more time and have a 

lower success rate (Pammolli et al., 2011). This is in line with the macroeconomic theory of Jones 

(1995) which posits that the low hanging fruits are gone. The trend has been confirmed on an annual 

basis by Deloitte’s productivity report (2020) which tracks the R&D productivity of the 12 largest 

biopharma companies. Since its inception, the report has documented an average decline in R&D 

productivity of 0.83% per year. Hall et al. (2010) found similar trends in nuclear energy, agricultural 

biotechnology, and hydraulic fracturing. 

 

In sum, the research suggests that both the economy and firms in aggregate have suffered a substantial 

drain in productivity, barring a slight correction in ICT intensive industries in the late 90’s. Although 

research has not agreed on the root cause, it may reflect a necessity to rethink corporate strategy. One 

such strategic choice is to acquire innovation through M&A rather than develop it in-house. 

 

2.3. Motives of M&A 

M&A is becoming an increasingly sought-after strategy for companies to create shareholder value. 

With firms having different agendas and intentions for acquiring a target through M&A activities, the 

bottom line remains the intention to generate a positive long-run return to shareholders. Accordingly, 

the two most researched aspects within the topic are the performance of the transaction (Cartwright 

& Schoenberg, 2006; Thanos & Papadakis, 2012) and the underlying motives for the transaction 

(Andrade et al., 2001; Calipha et al., 2010; Lee et al., 2010;). Taking this into account, the following 

section is split up into a section to elaborate on the determinants of M&A followed by the effects of 

M&A, weaving in existing empirical literature on R&D. 
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The ex-ante motives behind M&A are manyfold and complex; often being a combination of industry, 

firm, and macroeconomic factors. Since this study seeks to expand on merger motives as measured 

by pre-merger firm characteristics, we need a solid framework to synthesize the various branches of 

merger theory. Despite the accumulated knowledge on acquisitions, there is no widely cited 

methodological framework that explains why firms pursue M&A. Instead, we turn to a simplification 

of Gutsche’s (2013) model, which serves as a useful illustration to explore the arena of M&A from 

both a theoretical and empirical perspective.  

 

Figure 4 illustrates the simplified framework of Gutsche’s model (2013) which considers merger 

activity largely consistent with the principles of shareholder wealth maximisation. In his model, this 

is reflected by the uppermost box “M&A gains”. M&A gains can accrue to shareholders from an 

array of M&A driven incentives including synergies, growth opportunities, replacement of inefficient 

management, and valuation discrepancies. On the other hand, there are barriers which may inhibit the 

acquiror or target from coming together. Examples of barriers include size, payment, integration 

costs, and takeover defence. All these factors are placed within the context of the global and 

regulatory setting. In sum, incentives and barriers interact with firm characteristics, giving weight to 

the idea that acquisition activity can be determined ex-ante.  Specifically, these firm characteristics 

manifest in factors such as valuation, size, leverage, and liquidity. Depending on the interplay within 

the global and regulatory setting, the model postulates that firm characteristics could have a positive 

or negative effect on acquisitions. 

 

Part of the utility from using this model is the ability to link the incentives as introduced by Gutsche’s 

model to the classical M&A incentives outlined by economic theory. Consistent with the clustering 

pattern of M&A activity, there are certain theories that are more applicable to certain time periods 

(Andrade et al., 2001). In the next section, we outline the contributions of economic theory to merger 

motives, using the context of the model, and finally, we highlight our contribution, including the 

foundational empirical work with respect to our firm characteristic of interest: R&D productivity.  
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Figure 4: Theoretical Framework for Determinants of M&A 

 

Note: Theoretical Framework, adapted from Gutsche (2013). Determinants of M&A activity and Control Concept: Firm 

characteristics as economic indicators for control in business combinations. 

 

Synergies & Efficiency Theory 

Perhaps the most traditional economic theory for acquisition activity is synergy and the old business 

adage that 1 + 1 may be greater than 2. According to efficiency theory, mergers only occur when both 

parties i.e., acquirer and target, expect value creation. Trautwein (1990) separates synergies into three 

types: 

 

1. Financial synergies, which include means to a lower cost of capital through systematic risk 

reduction – a point often brought up by conglomerates whose aim is to reduce risk by 

combining multiple uncorrelated cash flows. 

2. Operational synergies, which stem from cost reduction schemes or cross-selling opportunities. 

This is often grouped together with the goal of economies of scale i.e., leveraging on costs 

with greater sales volume. 

3. Managerial synergies, resulting from the amalgamation of management expertise. 
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In the light of efficiency theory is the notion that firms may have different strengths and weaknesses 

which can be surmounted by combining entities rather than operating independently. Put differently, 

there are firm characteristics which may indicate that the valuation of the combined future business 

enterprise is greater than the sum of its parts. Most previous research view the merger decision as like 

any other capital asset decision, thus viewing factors mainly as means to increase the net present 

value of an investment decision. This is also justified due to the onus of managers which need to 

justify paying a premium for synergistic value creation. Empirical literature has previously looked at 

acquirer vs. target through the lens of size (Phillips & Zhdanov, 2013), profitability (Jensen, 1988), 

leverage (Lewellen, 1971) and liquidity (Stevens, 1973; Dietrich & Sorensen, 1984).  

 

Valuation Theory & Valuation Discrepancies 

The second most cited reason for a combination of business entities or a transaction between buyer 

and seller is due to a differing valuation of buyers and sellers. This suggests that there may be 

asymmetric information between managers who have better understanding about the target than the 

stock market (Trautwein,1990). Although empirically hard to test, due to the various other elements 

of a bidding process and often complex models supporting the valuation of a firm, this interpretation 

takes for granted the level of uncertainty present in capital markets and stock prices. One of the largest 

and still the most famous leveraged buyouts in history: Kohlberg Kravis Roberts (KKR) takeover of 

RJR Nabisco was borne out of the belief of a business undervalued as a conglomerate. 

 

Monopoly Theory & Growth Opportunities 

Otherwise referred to as collusive synergies (Trautwein, 1990), this explanation is based on the 

motive of increasing market power; a point frequently attached to industrial organization and focal 

for antitrust issues (Willig, 1990). Although prohibited by law, under this incentive the merged firm 

hopes to move closer to monopoly market power because there will be less firms competing in the 

market. Despite being more frequently featured in horizontal mergers, it can also be evident in 

conglomerates that (i) cross-subsidize products (ii) deter new entrants, often through strategic 

purchases in the supply chain (iii) establish tacit collusion through cooperation with competitors in 

other markets. The second merger wave which began in the early 1900’s was characterised by 

consolidation largely resulting in monopolies or oligopolies (Tombak, 2002). One example is 

American Tobacco, who sequentially purchased many of their rivals to achieve an average market 

share of more than 90% during the period 1900-1910 (Tombak, 2002). As opposed to synergy theory, 

monopoly theory is not based on any extraction of additional value; rather, a transfer of wealth in the 
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market from consumers (Trautwein, 1990). While this distinction between synergy and market 

power-based incentives sounds straightforward, in practice there are many issues in determining the 

difference ex-ante. 

 

Disturbance Theory & Macroeconomic Phenomenon 

First proposed by Michael Gort (1969), the economic disturbance theory of mergers advances the 

hypothesis that external forces disrupt the status quo of valuations, thus giving rise to an acceleration 

of merger rates across different industries over time. As opposed to valuation theory that highlights 

private information as a motivating principle, disturbance theory postulates that this source of 

disruption is systematic (Gort, 1969). By this nature, mergers will exhibit differing patterns of growth 

dependent on sector level disruptions. This is driven by two main factors. First, the notion that 

“economic disturbances” change expectations about the future and therefore result in new valuation 

expectations. Second, they alter the expectation unilaterally between buyers and sellers. Gort (1969) 

paints the picture of a value scale in which there is a spectrum of valuations. In this setting, an 

economic disturbance causes a shift in equilibrium where non-owners increase their valuation 

surpassing owners on this value scale. This disturbance is a prerequisite of a transaction occurring in 

the first place. One example of an economic disturbance are changes in technology (Gort, 1969). A 

sudden breakthrough in a technology that impacts new products or new processes of production will 

often disrupt the status quo of the value scale between owners and non-owners of the assets. 

 

Other Relationships 

Other research suggests that there are also other motives for M&A, including the promotion of 

personal interests (Nguyen et al., 2012), managerial hubris i.e., empire building (Aktas et al., 2005) 

or fear of obsolescence (Levinson, 1970). 

 

In summary, academia has covered multiple underlying drivers for M&A to take place, some of them 

attached to firm characteristics and others hinging on external influences. More contemporary 

research has broadened the role of firm characteristics to include innovation – especially for firms 

competing in R&D-intensive industries. This motive is distinct from neoclassical approaches and has 

been implemented in models during the last two decades using knowledge transfer (Holmstrom & 

Roberts, 1998), technological overlap (Cohen & Levinthal, 1990) and product relatedness (Lee & 

Lieberman, 2008). Anecdotal examples also reflect this trend, including Pfizer’s pursuit to take over 

AstraZeneca in the pharmaceutical sector (Pfizer, 2014) or the acquisition of HTC’s R&D team by 
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Google in the high-tech industry (Wakabayashi, 2017) - two transactions pursued by an explicit desire 

to access innovation.  

 

2.4. Why Should R&D Productivity Matter Ex-Ante? 

As mentioned in section 2.1 there is no widespread methodology to quantify innovative effort of 

firms. Despite the challenges, various empirical studies have documented the dynamics between 

innovation and M&A using various input and output measures. One of the pioneers in the field of 

R&D as a firm characteristic for synergy gains is Hall (1987). In her matching model, Hall suggests 

that R&D intensity (Net Sales/R&D expenses) could be a valuable proxy for future synergies and 

therefore boost a firm’s valuation of a potential target. In other words, firms with a high ratio of R&D 

intensity are more likely to be acquirers. Using a newly created data set of acquisitions in the 

manufacturing sector and a multinomial logit probability model, she finds support for her hypothesis 

that acquirers invest more in R&D vis-à-vis targets. Since the publication of Hall, a wide range of 

studies have been published, some of which find confirming evidence and others that falsify the 

evidence of synergy gains. Broadly, empirical studies on M&A and innovation can be classified into 

the three categories depending on the innovation metric used. These are inputs, outputs and efficiency 

measures.  We outline a summary table of previous research and its result in Table 1.  

 

M&A as a substitute for innovation 

In theory, innovative efficiency on a firm level could be either a precursor or inhibitor for M&A. 

Often this discussion is phrased in the context of “complement vs substitute” (Fernandez et al., 2019), 

“make vs buy” (Chesbrough, 2003) or “internal vs outsourced” (Higgins & Rodriguez, 2006).  Hitt 

et al. (1990) introduced a trade-off theory between managerial commitment to innovation and growth 

through acquisitions. In the model from Hitt et al. (1990), the onus is on management to either commit 

to internal-innovation or allocate resources elsewhere, thus suggesting M&A might be one avenue 

for firms to compensate for lacking innovative capabilities. One critical factor to consider is that the 

payoffs from internal R&D projects are often far off in the future whereas acquisitions facilitate 

immediate access to new markets and innovation (Hitt et al., 1990). Second, due to the necessity of 

management attention in an acquisition process, it makes it less likely that the firm can accommodate 

other risky projects alongside. Finally, acquisitions are frequently associated with an increase in debt 

levels and since debtholders are more risk averse than stockholders, the acceptability of combining 

internal and external growth strategies may decrease (Hitt et al., 1990). In the context of our empirical 
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research, the trade-off theory indicates a negative relationship between innovation and acquisitions. 

Put differently, firms with higher innovative capabilities will on average be targets. 

 

Supporting the trade-off theory, Zhao (2009) finds evidence that a lack of internal innovation 

significantly increases the probability of bidding on a target firm. Using R&D intensity, Blonigen 

and Taylors (2000) also support these findings and indicate that firms with higher R&D intensity 

have lower acquisition rates. Sevilir and Tian (2012) find that investing in R&D is just as effective 

as pursuing acquisitions following an acquisition. This relationship is even stronger when the acquiror 

is less R&D intensive than the target, implying a greater contribution to the acquirer’s innovation 

output following the deal. In the pharmaceutical context, empirical work has demonstrated that a firm 

faced with gaps in its product pipeline may merge with a firm that has a strong patent portfolio but 

lacks the capability to commercialize them effectively (Danzon et al., 2007). This idea suggests that 

there is pressure on firms to generate a return on the invested funds into R&D. Therefore, if in-house 

funds are not generating a return, then they may have to seek return elsewhere. From an acquiror’s 

perspective, this is confirmed by Higgins and Rodriguez (2006) who find that pharmaceutical firms 

which have exhausted their internal R&D capabilities and suffer from declining returns to R&D are 

more likely to turn towards M&A.  

 

M&A as a complement for innovation 

On the contrary, a stronger level of innovation could also be linked to higher acquisitiveness. From a 

strategic point of view, companies oftentimes aim to get access to new technologies in other verticals 

or try to complement the current product portfolio (Lee & Lieberman, 2008). Cohen and Levin (1989) 

argue that the ability to exploit knowledge from outside the firm can only be rationalized with existing 

knowledge. By this argument, if the acquirer does not have the ‘absorptive capacity’ then it will fail 

to create synergies (Cohen and Levinthal, 1990). Discussing a new logic of innovation, Chesbrough 

(2003) offers a similar view, admitting that the scope of internal R&D efforts has changed for many 

firms; meaning firms can no longer rely on internal innovation due to the growing emergence of 

external scientific knowledge. In turn, a new business model connecting internal and external 

innovation is a prerequisite for success in the current business climate (Chesbrough, 2003).  

 

Prior research shows that firms which have their own R&D agenda find it easier to integrate external 

innovation expertise (Mowery, 1984). Egan (2013) develops his “systems vs components” view of 

innovation by a similar line of reasoning. His idea is that innovation is more likely to leads to future 
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acquisitions due to the greater possibilities for synergies with other complementary innovations. An 

example used by Egan (2013) is Cisco Systems Inc. The American technology conglomerate typically 

makes acquisitions by identifying resource complementarity. In the last two decades, they have made 

more than 150 acquisitions that add strategic components to their existing product offering. If we put 

this in the context of Gutsche’s (2013) framework it would point to causality between high R&D 

productivity and M&A. Bena and Li (2012) find empirical support of the theory that M&A and R&D 

productivity are complements. Using a unique patent-merger data set over the period 1984 to 2006, 

the authors show that companies with large patent portfolios and low R&D expenses are acquirers 

while companies with high R&D expenses and slow growth in patent output are targets.  

 

2.5. Ex-post impact of M&A on R&D Productivity 

Although there is considerable overlap with theories on incentivizing acquisitions, this section aims 

to explore the literature on the post-merger impact of innovation.  

 

Like the role of R&D productivity in incentivizing transactions to take place, views on the impact of 

M&A are conflicting. Building on industrial organisation literature, Cassiman et al. (2005) state that 

positive effects of M&A are influenced by economies of scale and scope. In the model of Gutsche, 

these two tenets belong in the synergy category. In general, scale economies allow for a dilution of 

the fixed R&D costs and elimination of duplicate costs to achieve the same output. On the other hand, 

economies of scope might allow R&D capabilities to be spread efficiently to the additional 

components of the acquired business, therefore generating higher returns on R&D than would have 

been anticipated otherwise. This is linked to the firm size argument and contends that 

complementarities within R&D are more likely to be leveraged after an acquisition. The opposing 

argument is diseconomies of scale; that is, a negative impact of M&A affects the reorganisation of 

R&D due to bureaucracy and organisational issues that may fray motivation among researchers 

employed at a firm. Cassiman et al. (2005) expands on this by asserting that the technological-

relatedness and market-relatedness distinctly affect how M&A combines with the R&D processes of 

a firm.  For example, M&A among firms that share production technology will be more likely to 

capture operational synergies (Cassiman et al., 2005).  

 

Mergers can also impact R&D productivity through output channels.  Cassiman et al. (2005) contends 

that market related mergers will increase R&D efficiency due to synergies in the output markets. This 

is consistent with the substitution rationale where a firm can choose to acquire finished innovation 
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instead of developing their own capabilities. However, this depends on the ease of integrating the two 

businesses. A merger can also be viewed as an aggregation of knowledge bases (Kapoor & Lim, 

2007). Since human capital is often as valuable or more valuable than the plants, property and 

equipment that make up a firm, it makes sense to consider how the target’s talent will remain 

productive after being acquired. From a knowledge-based view, the reconfiguration of tasks and 

disruptions of previous procedures may lead to the loss of existing human capital and ultimately 

deteriorate productivity (Kapoor & Lim, 2007). In contrast, knowledge synergies may also result in 

increased R&D productivity due to the cross-fertilization of ideas and implementation of new 

management ideas (Ornaghi, 2009). 

 

Lastly, there is an extreme case involving a motive of pre-empting future competition and eliminating 

R&D capabilities of the acquired firm. This is attached to the market power category of Gutsche’s 

model. Cunningham et al. (2018) coined these ‘Killer Acquisitions’. In contrast to market relatedness 

being a driving force of synergy gains, Cunningham et al. (2018) looks at market relatedness as a 

justification for eradicating the acquired technology. This is largely due to the fear of cannibalization. 

Here, cannibalization refers to the decrease of sales of a company due to the launch of a similar 

product introduced by the same firm. A recent case illustrated by Cunningham et al. (2018) is the 

case of Questcor and Novartis, two pharmaceutical firms vying over the market for 

adrenocorticotropic hormone drugs. After paying 135 million USD to acquire the drug Synacthen 

from Novartis, Questcor chose not to develop the drug and phased it out since it was already 

competing in the same market (Cunningham et al., 2018). Despite case studies illustrating that 

scenarios exist where innovation of the target is phased based on this motive, it is hard to empirically 

disentangle anti-competitive motives from other external factors contributing to the reduction of 

R&D related capabilities. 

 

Single Parameter Studies 

One of the first widespread publications incorporating both input and output measures is Hitt et al. 

(1991). In his paper, he presents strong support for the negative effects of acquisitions on both 

innovative inputs and outputs, measured as R&D intensity and patent outputs, respectively. This 

provides disconfirming evidence of synergistic gains. Although using R&D intensity as a metric can 

provide ambiguous interpretation on the input/output dynamic. This is because synergy gains can also 

stem from cost reduction. This would conform to the economies of scale theory as opposed to 

management commitment to spend less on R&D. A finding of decreasing R&D inputs and outputs 
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was supported in subsequent analyses using similar metrics (Hitt et al., 1996; Ravenscraft and Sherer, 

1987; Hitt et al., 1991) and point to confirmation of the hypothesis that an active acquisition market 

is detrimental to internal innovation. Stiebale and Reize (2011) present similar findings in a more 

recent study using a sample of cross-border M&A. They note that cross-border acquisitions have a 

significantly negative marginal effect regarding the propensity to increase R&D spending in the target 

firm. It is hypothesized that the underlying reason for this phenomenon is the reallocation of the 

innovative capabilities to the acquiring firm or an elimination of duplicate R&D functions.  

 

Following these findings, scholars began looking at contexts which might tilt the balance towards 

acquisitions that generate positive effects on innovation efforts. Cassiman et al. (2005) theoretical 

and empirical work was pioneering on how firms can realize synergies when merging their 

technological resources. Distinguishing between technological and market-relatedness, Cassiman et 

al. (2005) finds when two companies are technologically complementary, the merged entity becomes 

more active in R&D spending. On the other hand, if the acquiror and target are technologically 

substitutive, the merged entity will realise a decrease in R&D efforts. These findings concur with 

economies of scope in which the production of similar goods reduces the overall unit cost to the firm. 

One of the most cited studies on innovation performance using technological complementarity is 

Ahuja and Katila (2001) and the extended replication done by Cloodt and Hagedoorn (2006). Ahuja 

and Katila (2001) look at innovation performance in relation to organizational learning and its 

connection with firm’s innovativeness. Using patents, they find that the absolute size of the acquired 

knowledge base has a positive impact on innovation while relatedness of knowledge has a nonlinear 

impact. That is, firms with moderate levels of relatedness have a marginally stronger impact on 

innovative output after merging as opposed to firms with high or low level of relatedness. Extending 

the principal of market relatedness, Bertrand and Zuniga (2006) investigated the impact of M&A on 

R&D inputs using a cross-border and domestic M&A sample-split of OECD countries during the 

time period of 1990-1999. The authors find a negligent impact on R&D spending for domestic 

acquisition, but a significant positive increase after an inward cross-border M&A deal. In the most 

recent study using 562 European mergers in a dynamic panel estimation on profitability and R&D 

intensity, Fernandez et al. (2019) note that a transaction is a precursor for a corresponding increase 

in R&D intensity driven by additional R&D investment. This study was completed without 

controlling for technological relatedness and offers the most recent sample timeframe.  
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Studies from R&D Productivity 

In many cases, the empirical results from studies using inputs and outputs do not provide clear 

evidence on the effect of M&A on innovation. For instance, solely focusing on R&D inputs may lead 

to the finding that R&D investments are decreasing following an acquisition; however, without a pro-

forma analysis of the combined company output following a merger, there is a failure to account for 

possible scale effects in the aggregation of R&D inputs. Due to the challenges of implementing an 

accurate metric, limited empirical work has looked at R&D productivity. Moreover, research has 

primarily focused on the pharmaceutical industry due to the widespread use of patents that offer a 

solution for the challenge of finding a composite measure incorporating the input/output relationship 

(Ornaghi, 2009). Thus, the papers most related to this study are Higgins and Rodriguez (2006), 

Ornaghi (2009), and Desyllas and Hughes (2010). Using both an ex-ante and ex-post perspective of 

acquisitions, Higgins and Rodriguez (2006) find evidence that pharmaceutical companies 

experiencing shortfalls in their product pipeline have a greater propensity to acquire. Following a 

discussion on the declining productivity trends in the pharmaceutical industry, they group firms into 

segments based on a weighted value of each company’s pipeline products and patent exclusivity 

profiles and coin this the ‘desperation index’. In turn, they find evidence that firms in the weakest 

segment (corresponding to the lowest R&D productivity) were more likely to engage in acquisitions 

by a magnitude of 16% (Higgins & Rodridguez, 2006). Moreover, the firms experienced a 

productivity decline following the acquisition. These findings give weight to the feasibility of 

outsourcing R&D, or at least supplementing internal R&D with acquisitions. On the other hand, 

Ornaghi (2009) investigates the post-acquisition impact using research productivity, measured 

through a ratio of patents to R&D expenditure. Using a sample of pharmaceutical companies during 

1988-2004, he finds that the impact of an acquisition has a negative impact on the growth of inputs, 

outputs and productivity. A negative to neutral effect on R&D productivity using a patent to R&D 

expenditure ratio was also found by Desyllas and Hughes (2010) using a post-acquisition window of 

3 years in the high-tech industry. 

 

In conclusion, early research was focused on the nexus between R&D inputs and its relationship with 

M&A activity and found a predominantly negative relationship. Following an increase of 

technological driven acquisitions in the late 90’s ICT revolution, Cassiman et al. (2005) provides 

comprehensive evidence for the positive impact on acquisitions, drawing on the principles of market 

and technologically relatedness. Subsequent research reaffirmed the important role of technological 

relatedness in the acquisition decision and its impact on the outcome of an acquisition. Lastly, despite 
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empirical research between R&D productivity and M&A, findings have been isolated to individual 

industries with ambiguous results (See Desyllas & Hughes, 2010; Ornaghi, 2009; Higgin & 

Rodriguez, 2006). Our contribution aims to generalize results using a cross-industry sample and a 

unique R&D productivity metric which can be calculated for each firm that reports R&D 

expenditures. 

 

Table 1: Summary of previous literature 

Type (a) refers to studies using input measures, (b) refers to output measures and (c) relates to 

efficiency measures 

 

 
  

 

 

Ex-Ante 

Acquisition 

Ex-Post 

Acquisition 

Type Authors Year Sector Metric X Sign X Sign 

(a) MA Hitt et al. 1990 Manufacturing R&D Intensity   X - 

(a) (b) MA Hitt et al. 1991 Overall 
R&D Intensity and 

Patents/Sales 
  X - 

(a) (b) Ravenscraft & Scherer 1987 Overall 
R&D Intensity and 

New Products 
  X - 

(a) Hitt et al. 1991 Manufacturing R&D Intensity   X - 

(a) Blonigen & Taylor 2000 Manufacturing R&D Intensity   X - 

(a) Cassiman et al. 2005 High-Tech 

R&D 

investments/Asse

ts 

X -   

(a) Bertrand & Zuniga  2006 
Medium & High-

Tech 
Survey   X + 

(a) Szücs  2014 Manufacturing R&D Investment   X +/- 

(a) Fernandez et al. 2014 Overall 
R&D 

Expenditures 
  X - 

(a) Ahuja & Katila 2019 Overall R&D Intensity   X + 

(b) Cloodt & Hagedoorn 2006 Tech Patents   X + 

(b) Sevilir & Tian 2012 Tech vs. Non-tech Patents   X - 

(b) Zhao 2012 Industrials Patents X - X + 
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(b) Bena & Li 2012 Overall Patent Citations X + 
  

(b) Ornaghi 2009 Pharmaceuticals 
Patents and R&D 

Spent 
X - X + 

(c) Higgins & Rodriguez 2006 Pharmaceuticals 
Patents/R&D 

Expenses 
X - 

X - 

(b) (c) Desyllas & Hughes 2010 Pharmaceuticals Desperation Index X - 
X +/- 

(c) MA Hitt et al. 2010 High-Tech Patents   X - 

 

 

2.6. Hypothesis Development 

Our first aim is to provide evidence that internal innovation is influential on firm’s acquisition 

activity, which corresponds to question 1 (see Section 1.1). Previous studies have shown that 

innovation activities are important for firms in the pharmaceutical industry (See Higgins & 

Rodriguez, 2006; Desyllas & Hughes, 2010; Ornaghi, 2009) and high-tech (See Hitt et al., 2010; 

Cassiman et al., 2005; Cloodt & Hagedoorn, 2006). Our investigation across industries therefore aim 

to show that innovation-motivated acquisitions are prevalent across the whole economy. 

 

Hypothesis (H1): The level of internal R&D productivity as measured by RQ is influential on M&A 

count and volume 

 

According to Hitt et al.’s (1990) model of trade-offs, firms may substitute acquisitions for innovation. 

Especially when the risk of carrying out projects internally is high and there is a long-time frame to 

generate returns. This forms the basis for our second hypothesis. 

 

Hypothesis (H2): A negative relationship exists between a firm’s M&A activity and its internal 

R&D productivity, measured as RQ 

 

Second, we seek to uncover the ex-post effect of M&A activity on innovation by its impact on the 

development of RQ. Herein our argument for the impact of M&A hinges on the motive of firms to 

substitute internal innovation with M&A. As such, we argue that acquiring innovation instead of 

developing it in-house can create values in several ways. First, M&A can be used to expand into new 

markets or product lines, increasing outputs. Second, according to Cassiman et al. (2005) acquisitions 

enable leverage on R&D related costs through economies of scale and scope. However, there is one 
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critical factor: integration. Following an acquisition, ineffective integration of a target may disrupt 

innovation in the short and long-term. Hitt et al. (1990) discusses the time and energy of management 

needed for the acquisition process which may inadvertently direct resources away from core activities 

of the firm. As a result, we hypothesize the following: 

 

Hypothesis (H2): If M&A is a viable substitution for internal R&D, then we expect a long-term 

increase in the RQ due to synergies. In the short run (t+0) the result may be neutral or negative due 

to the challenges of integration. 

 

: 
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3. Methodology  

3.1. Innovation Variable 

After summarizing the challenges researchers have faced in measuring the innovative efficiency of 

firms, we introduce our variable of firm innovation: the RQ. With our empirical strategy depending 

on this measure, we describe the properties, calculations steps, and drawbacks in further detail. 

 

As alluded to in the introduction, computation of a firm’s productivity in R&D investment has long 

been a cumbersome issue for researchers and firms alike. This is because returns to R&D are not time 

invariant, but the outcome of a firm operating in a complex environment (Hall et al., 2010). Thus, 

there is not even a widespread uniform methodology for firms to budget R&D expenditures or track 

their performance. In fact, Nelson and Winter (1982) found that "much of firm behavior (on R&D 

spend) could be more readily understood as a reflection of general habits and strategic orientations 

coming from the firm's past than as the result of a detailed survey of the remote twigs of the decision 

tree extending into the future”.  

 

Overall, two patent measures have long been the favoured proxy to measure a firm’s innovative 

performance. These are patent counts and citation-weighted patent counts (Abrams et al., 2013). The 

latter of which values patents according to how often it is referred to in subsequent patents. Despite 

the prevalence in innovation research, there are many practical issues when utilizing patent-based 

metrics. 

 

• Patenting is costly, including both the effort to file and defend the application. Therefore, it is 

a strategic firm decision. This confirms that this aspect of patents makes the decision to patent 

endogenous. Consequently, not all firms that perform R&D decide to patent the resulting 

outcome. In fact, only 48% of the firms included in COMPUSTAT who conduct R&D have 

patents (Santi, 2018). 

• The economic value of patents is not uniform and thus makes it difficult to compare across 

industries/companies (Jaffe et al., 1993). This is because patents represent a precursor to 

launching new products and services which do not yet have economic weight. Often this issue 

is circumvented by using citation-based metrics which are meant to uphold stronger 

correlation to innovation outcomes; however, Abrams et al. (2013) show that even citation-

based metrics follow an inverted U-relationship with respect to value. The authors contribute 
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this to two types of innovative effort: productive and strategic. Strategic innovation is 

designed to protect previous granted patents which have lower value and therefore leads to a 

negative relationship between patent value and citations to create the U. This may be the 

largest disadvantage in utilizing patent-based measures, especially when trying to draw 

inferences across industries. 

• Patents carry a requirement to disclose the fundamental knowledge behind the innovation. 

Cohen et al. (1990) also empirically show that this disclosure requirement inhibits some 

smaller firms from filing in discrete product industries or where secrecy might maintain 

competitive advantage. 

• Patenting may be unproductive to innovation itself due to the bureaucracy and political 

ramifications surrounding patent filing process (Boldrin & Levine, 2012). 

 

In summary, patent-based measures only partly illuminate the relation between R&D and innovation 

and is therefore subject to criticism.  

 

Our thesis uses RQ to counteract the primary issues facing patent-based metrics. RQ was first 

introduced by Anne Marie Knott in 2008 and formally tested in the 2015 publication “RQ Innovative 

Efficiency and Firm Value”. Using a Cobb-Douglas production function augmented with R&D, RQ 

allows for a universal, uniform, and reliable measure of R&D effectiveness using firms’ financial 

data (Cooper et al., 2015). Although, production functions have previously been used to calculate the 

firm specific output elasticity of R&D (Grilliches, 1979), they have not been reproducible with 

common financial metrics at a firm level. In practice, RQ is the firm-specific output elasticity 𝛾 in 

equation (1), which indicates the marginal increase the company gets in revenue from a 1% increase 

in R&D spending. Writing the equation using t to denote time and i to reference a firm: 

 

(1) 𝑌𝑖𝑡 = 𝐴𝑖 𝐾𝑖𝑡
𝛼  𝐿𝑖𝑡

𝛽
 𝑅𝑖,𝑡−1

𝛾
𝑆𝑖,𝑡−1

𝛿 𝐷𝑖,𝑡−1
𝜙

𝑒𝑖,𝑡 

 

where 𝑌𝑖,𝑡 is gross output measured in revenues, 𝐴𝑖 is a firm fixed effect, 𝐾𝑖,𝑡 is capital measured as 

net property, plant and equipment , 𝐿𝑖,𝑡 is labor measured as full-time equivalent employees, 𝑅𝑖,𝑡−1is 

lagged R&D measured by R&D expenditure, 𝑆𝑖,𝑡−1 is lagged knowledge spillovers, 𝐷𝑖,𝑡 is advertising 

and 𝑒𝑖,𝑡 is a disturbance term. The exponent 𝛾 measures the elasticity of out output with a firms own 

R&D spending, 𝛿 is the elasticity output of external spillovers, 𝛼 is the output elasticity of physical 
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capital and  𝜙 is the output elasticity of advertising. To derive the output elasticity with respect to 

R&D, it can be shown (ignoring time subscripts) from equation (1) that  

 

(2) 𝛾 = (𝜕𝑌/𝜕𝑅) ∗ (𝑅/𝑌) 

  

where the left-hand side of the equation is the marginal product of R&D and the right-hand side is 

the average product of R&D (Grilliches, 1998). 

 

Returning to equation (1), spillovers (𝑆𝑖,𝑡−1 ) refer to the phenomenon of knowledge being shared 

across an industry due to the efforts of competitors. In this model, spillovers are calculated as the sum 

of the differences in knowledge between firm i and rival firm j for all firms in the same four-digit 

Standard Industrial Classification (hereafter SIC) with more R&D expenditures than firm i (See 

Equation 1). 

 

(3) 𝑆𝑖,𝑡 = ∑ 𝑅𝑗𝑡 − 𝑅𝑖𝑡  ∀ 𝑅𝑗𝑡 ≥ 𝑅𝑖𝑡𝑗≠𝑖  

 

In sum, equation (1) captures both product revenue enhancing product innovations and cost-reducing 

innovations (Cooper et al., 2015). It also parallels our definition of innovation in the context of a 

production function put forward by Schumpeter’s Theory of Innovation (1939) and aligns with 

technological change in the production function as occurring endogenously i.e., the R&D is 

performed by firms instead of occurring as an unexplained residual in common in exogenous growth 

models. The RQ values are estimated from the equation (1) using a random coefficients model to 

allow for heterogeneity in output elasticity in the following form: 

 

(4) log (𝑌𝑖𝑡) = (𝛽0 + 𝛽0𝑖) + (𝛽1 + 𝛽1𝑖)𝑙𝑜𝑔 (𝐾𝑖𝑡) + (𝛽2 + 𝛽2𝑖)𝑙𝑜𝑔 (𝐿𝑖𝑡) + (𝛽3 + 𝛽3𝑖)𝑙𝑜𝑔 (𝑅𝑖,𝑡−1) +

(𝛽4 + 𝛽4𝑖)𝑙𝑜𝑔 (𝑆𝑖𝑡−1) + (𝛽5 + 𝛽5𝑖)𝑙𝑜𝑔 (𝐷𝑖𝑡) +  𝑒𝑖,𝑡 

 

This step from equation (1) to (4) is done using a logarithmic transformation, converting the Cobb-

Douglas style production function to a linear model that is easier to estimate. The regression is 

subsequently estimated using a rolling 10-year window of the COMPUSTAT North American 

Annual database, using (𝛽_ + 𝛽_𝑖) to accommodate for the direct effect and firm-specific error. The 

direct effect is analogous to standard regression coefficients and models the mean. On the other hand, 
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the firm-specific error allows for variation between firms. In Equation (4) the RQ is (𝛽3 + 𝛽3𝑖) which 

is also the exponent of R&D expenditure in the firm’s production function in equation (1). 

 

Although RQ is relatively unknown in mainstream R&D literature, it has already been used to assess 

how to optimize R&D spending (Goldense, 2018; Knott & Vieregger, 2018), linked to GDP growth 

(Knott, 2008), implemented in options trading strategies (Huang and Irawan; 2017), predicting stock 

returns (Santi, 2019) and in the context of capital and labour availability in crowding out R&D 

effectiveness (Dong and Guo; 2020). Moreover, RQ is not correlated with previous input/output 

efficiency measures which makes it a credible alternative for our analysis (Cooper et al., 2015). Also, 

when tested empirically against patent-based measures, RQ has fared better. Cooper et al. (2015) 

finds patent-based measures become insignificant or negative in market-to-book ratio or Fama-

MacBeth regressions when used alongside RQ.  

 

As opposed to patents, companies using RQ can get a better understanding of how efficient they are 

in R&D and can more easily benchmark their efficiency in comparison to competitors (Knott & 

Vieregger, 2018). Goldense (2018) also accepts the RQ approach as an efficient alternative for firms 

to tackle challenges in R&D investment. Having that said, RQ is not without any concerns. Cooper 

et al. (2015) raises concerns primarily about the exclusion of firms that innovate without R&D and 

the fact that RQ is only widely available for public firms that submit a 10-K (The 10-K form is a 

standardized report which is filed by publicly traded firms for the U.S. Securities and Exchange 

Commission (SEC)).  Gwynne (2015) also outlines an obvious drawback in his review of the method, 

citing the emphasis on “incremental advances at the cost of ground-breaking innovations, and that it 

failed to account for differences in the competencies of managements and the fact that corporate 

competitors don’t operate on a level playing field” (p.22). 

 

3.2. RQ as a motive for acquisitions 

To test the explanatory relationship between RQ and M&A, we start with a baseline model using a 

M&A activity as a dependent variable and regressing it on RQ. M&A activity is measured using both 

the count of mergers and acquisitions a firm has undertaken as well as the deal size (million USD).  

This distinction is important because they are not equivalent e.g., like Apple, a firm can pursue many 

low-value transactions that may not equate to large transaction sums. A strategy characterized by a 

continuous flow of minor deals is often referred to a “programmatic” M&A strategy (Rudnicki et al., 

2019). An alternative strategy would be to take one large transformational acquisition but leave more 
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time for integration. There is research which indicates that companies that regularly and 

systematically pursue M&A deliver better results (Rudnicki et al., 2019). By splitting transactions 

into count and size we will be able to incorporate this shift in M&A strategy which might lead to 

different statistical significance for the corresponding variables. Hence, our econometric model is as 

following: 

 

(5) 𝑀&𝐴𝑖𝑡 = 𝛽1𝑅𝑄𝑡−𝑛 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 +

𝑇𝑖𝑚𝑒𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡−𝑛 + 𝑒𝑖,𝑡 

 

Where: 

𝑀&𝐴𝑖𝑡 is the count/value of acquisitions undertaken by company i in year t-1 

𝑅𝑄𝑖𝑡 is the research quotient of firm i at time t 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each industry 

𝑇𝑖𝑚𝑒 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each year 

𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each country the company is registered 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙s is a matrix of fundamental firm financials corroborating with M&A theory outlined in 

section 3.4. 

𝐸𝑟𝑟𝑜𝑟𝑠 (𝑒𝑖,𝑡) are assumed to be independent across but not within firm 

 

This setup serves to test our hypothesis whether a complementary or substitutive relationship exists 

between a firm’s M&A activity and its internal R&D productivity. 𝛽1 < 0 points to our hypothesis 

of a negative relationship between RQ and M&A, 𝛽1 > 0 implies that there is a complementary 

relationship between RQ and M&A, and lastly if 𝛽1 = 0, then there is no relationship between a firms 

RQ and acquisition activity 

 

In the model specification we include not only the contemporaneous RQ, but also the lagged relation 

between a firm’s innovation and acquisition activity. This method is in spirit with Eisenbarth and 

Meckl’s (2014) approach to analysing firm ratios for the year before an M&A transaction was 

announced as well as the year of the announcement date. The idea being that whilst firms may be 

aware of a weakening product pipeline and establish an M&A strategy in advance, there may be a 

time delay due to the need to perform due diligence, secure financing, and close a deal. Therefore, 

we predict that the results for our no-lag model will be weaker than the lagged model. Including 

lagged regressors across the entire model specification also solves a potential issue of simultaneity. 
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Since we are trying to determine the ex-ante firm characteristics that lead to acquisitions, financial 

statements that are posted in the year of the acquisition may already reflect developments inherent in 

the acquisition itself. This issue was also addressed by Blonigen and Taylor (2000) who utilize lagged 

regressors to alleviate these concerns.  

 

Next, we investigate the magnitude of the difference in M&A activity between firms with low and 

high R&D productivity. Using a ranking procedure, our approach involves the implementation of RQ 

as a dummy variable corresponding to the top and bottom 50 percentile of firms per year. Since we 

hypothesize that less innovative firms pursue more acquisitions, we set the dummy variable to 

indicate 1 for “Bad RQ” and 0 otherwise. Here, Bad RQ refers to the group of firms in the bottom 50 

percentile. This dichotomization approach is frequented to approximate the regression of y when x is 

high and comparing it to the value of y when x is low (Gelman & Park, 2009). Our dummy variable 

approach is adapted from a similar grouping procedure performed by Higgins and Rodriguez (2006). 

In their sample, they group firms into discrete categories defined by expected years of patent life and 

product pipeline. In turn, they were able to measure the difference in acquisition propensity between 

categories in a regression. Adapting our methodology from the idea of Higgins and Rodriguez (2006) 

and adapting it with the inclusion of RQ, our econometric model is as following: 

 

(6) 𝑀&𝐴𝑖𝑡 = 𝛽1𝐵𝑎𝑑𝑅𝑄𝑖,𝑡−𝑛 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 +

𝑇𝑖𝑚𝑒𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡−𝑛 + 𝑒𝑖,𝑡 

 

Our coefficient of interest in this model is 𝛽1. With the dummy variable now the regressor, 𝛽1 is not 

the slope parameter anymore since the dummy can only take on two discrete values (Stock & Watson, 

2019). The coefficient  𝛽1 will indicate the difference in group-specific expectations, i.e., the 

difference in acquisition activity between firms in the bottom 50 percentile and top 50 percentile of 

RQ. Statistically, this is equivalent to: 

 

(7) 𝛽1 = 𝐸(𝑀&𝐴𝑖,𝑡|𝐵𝑎𝑑𝑅𝑄𝑖,𝑡 = 1) −  𝐸(𝑀&𝐴𝑖,𝑡|𝐵𝑎𝑑𝑅𝑄𝑖,𝑡 = 0) 

 

We also include a lagged specification where 𝛽1 will illustrate the lagged difference in acquisition 

activity. Therefore, if 𝛽1 < 0, then firms in the bottom 50 percentile pursue less acquisitions than 

firms in the top 50 percentile in the following year. 
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Although we use it for economic interpretation, one potential drawback of our median split is that 

that every value, regardless of how high or low above the median, is considered equal. Rather than 

dichotomizing variables in a two-way split, Gelman & Park (2009) make the case for a robustness 

check by discretizing x i.e., RQ, into three values and discarding the middle category. Their 

recommendation is for each category to contain 1/4 to 1/3 of the data. According to Gelman & Park 

(2009), the three-way split achieves 80-90% of the efficiency of a linear regression. Hence, we try 

this specification as an alternative by splitting RQ into an upper and lower quartile. In this model, 

“Bad RQ” will indicate a 1 if a firm is in the bottom 25th percentile of innovative firms and a 0 

indicates that the firm is in the top 25th percentile. 

 

As a final measure of control, we replicate the approach by Bellstam et al. (2017) and test a linear 

probability model. By using two different model specifications we can avoid any bias imposed by the 

choice of model. In contrast to the previous model, we now have a binary dependent variable which 

assumes a value of one for a given firm, i, that announces an acquisition and zero otherwise. 

 

In this model we have:  

 

(8) 𝑃(𝑀&𝐴𝑖𝑡 = 1) = 𝛽1𝑅𝑄𝑖,𝑡−𝑛 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 +

𝑇𝑖𝑚𝑒𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝑒𝑖,𝑡 

 

Where: 

𝑃(𝑀&𝐴𝑖𝑡 = 1) is a binary variable indicating 1 if a transaction is announced by company i in year t 

𝑅𝑄𝑖𝑡 is the research quotient of firm i at time t 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each industry 

𝑇𝑖𝑚𝑒 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each year 

𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each country the company is registered 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙s is a matrix of fundamental firm financials corroborating with M&A theory outlined in 

section 3.4. 

𝐸𝑟𝑟𝑜𝑟𝑠 (𝑒𝑖,𝑡) are assumed to be independent across but not within firm 

 

As opposed to the ordinary least squared (OLS) model, this can be interpreted as the increase in 

probability of a merger following a one unit increase in RQ. If acquisitions are a credible substitute 

for internal R&D, we expect to find a negative coefficient. 
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Since we have an unbalanced panel dataset across industries, we employ multiple group fixed effects 

to sweep out heterogeneity across industries, time, and geography in all our regressions. This is 

because according to M&A theory, mergers are influenced by industry-specific and business-cycle 

effects over time (Mitchell & Mulherin, 1995). On the other hand, we do not use fixed effects for 

firms. Although RQ differs substantially across industries, it typically evolves slowly in the time 

series of the individual firm (Cooper et al., 2015).  For example, in our sample the correlation between 

lagged RQ and contemporaneous RQ is 0.86. That said, if we employ firm fixed effects, we 

essentially remove all cross-sectional variation which leads to a restrictive model not indicative of 

how RQ shows up within the sample. Rather, our choice is to capture the different firm characteristics 

in the explanatory variables.  

 

Since panel data models are based on information about firm-specific components and the exogeneity 

of the independent variables we need to make sure we specify a consistent model. We use the 

Hausman test to underscore the choice of model. The Hausman test is based on the null hypothesis 

that the preferred model is random effects versus fixed effects. Moreover, if the time dimension is 

fixed and small and the number of observations is large, then the estimator of 𝛽 fixed effects is 

consistent (Hausman, 2005). Finally, consistent with other empirical panel data models we include 

clustered standard errors at firm level for robustness. This is necessary because if the error term in 

one firm is correlated across observations and therefore not independent, they must be adjusted. In 

this instance, both standard OLS as well as heteroskedasticity robust standard errors are not proficient 

because they assume the error term is not serially correlated (Stock & Watson, 2019). 

 

3.3. Impact of M&A on Innovation 

After our analysis of RQ as a motive to pursue M&A, a logical follow up is to look at the post-

transaction effect on RQ. This can thus answer the question of how RQ is impacted following 

acquisition activity. It is of interest needless of the result of the first hypothesis. Even though 

companies’ motivations are not contingent on innovation, it may be impacted by a transaction. On 

the other hand, combining our results from part one and part two could provide evidence for the 

realization of R&D-motivated synergies following a merger. 

 

Rather than using M&A as the dependent variable, we reverse the dependent and independent 

variables of interest as specified in part 1, using instead the percentage change in RQ as the dependent 

variable and the contemporaneous and lagged acquisition activity as the explanatory variable. In this 
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case M&A is an indicator variable that assumes the value of one for a firm that undertakes an 

acquisition in any given year and zero otherwise. Our regression will also be dynamic to capture any 

potential delay between the time an acquisition was announced and the subsequent impact on RQ. 

This aspect of choosing a lag for analysing the impact of M&A is vital due to the time-sensitive nature 

of synergy opportunities (Ficery et al., 2007). Overall, there is consensus that the post-merger 

integration process is not plain sailing, needs careful strategic planning, and constant monitoring of 

the common goals (Ficery et al., 2007). Practical guidance would indicate that firms generally find 

quicker turnaround in realizing cost synergies (Sirower & Sahni, 2006). For innovation, an example 

would be a reduction of duplicate R&D functions. Revenue synergies, on the other hand, are harder 

to anticipate (Sirower & Sahni, 2006). Summarizing prior literature on the effects of M&A on various 

accounting measures, Thanos and Papadakos (2012) conclude that there is no consensus on the exact 

timeframe wherein those synergies are captured. Using a database of peer reviewed management 

journals, they find the range of analysis after the transaction is anywhere between 1 year (Kusewitt, 

1985) to 10 years (Quah & Young, 2005). On the one hand, using a short timeframe might not 

accurately reflect the full integration benefits. On the other hand, the risk of using a longer time frame 

with several lags into the future might dilute the result as non-M&A related factors influence the 

findings, as suggested by Cefis and Marsili (2015). For testing our hypothesis, our analysis will be 

limited to three lags for practical reasons, although one could make the case for M&A having a 

measurable long-term effect on innovation. Thus, we also leave the exact time frame for how long 

the impact of M&A on RQ open for future research. Using a distributed lag structure with a maximum 

of three means a firm’s R&D productivity in 2010 could be influenced by acquisitions made in 2010, 

2009, 2008 and 2007.  

 

The use of distributed lags also provides us with several additional advantages that can help us 

illustrate the impact of acquisitions in more detail. Especially, considering the challenges of 

integration following an acquisition. For instance, a firm may have declining RQ directly after an 

acquisition but might see improvement after 1 or 2 years. Using a distributed lag setup, we can sum 

the coefficients across the model to find the cumulated impact and appease any uncertainty 

surrounding the timing of the possible benefits accrued after an acquisition. 

 

 

 



 

 
 

37 

 

Using the distributed lag model with a fixed effects specification, our ordinary least square regression 

(hereafter OLS) is as follows: 

 

(9) %∆𝑅𝑄𝑖,𝑡 = 𝛽1𝑀&𝐴𝑖𝑡 + 𝛽2𝑀&𝐴𝑖𝑡−1 + 𝛽3𝑀&𝐴𝑖𝑡−2 + 𝛽4𝑀&𝐴𝑞𝑖𝑡−3  + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 +

𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝑇𝑖𝑚𝑒𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝑒𝑖,𝑡 

 

Where: 

% 𝑅𝑄𝑖,𝑡 is the RQ of company i between year t and t - 1 

𝑀&𝐴𝑖𝑡 is an indicator variable for contemporaneous and lagged acquisitions undertaken by company 

i in year t to t-3 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each industry 

𝑇𝑖𝑚𝑒 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each year 

𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 are dummy variables for each country the company is registered 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙s is a matrix of fundamental firm financials corroborating with M&A theory outlined in 

section 3.4 

𝐸𝑟𝑟𝑜𝑟𝑠 (𝑒𝑖,𝑡) are assumed to be independent across but not within firms 

 

This setup serves to test our hypothesis whether a decrease in M&A has a positive or negative effect 

on RQ. Even though tested on different dependent variables, this approach is in line with Yim (2012) 

and Fernandez et al. (2019), adapted with the use of RQ. In this model, our coefficients of interest 

are the contemporaneous and lagged values of acquisition activity that equals one if management of 

firm i announces an acquisition no less than 1 million USD. It must be noted that even if the firm 

acquires more than one target in the corresponding year t, this will be indicated with 𝑀&𝐴𝑖,𝑡−𝑛 = 1. 

Consequently, no transactions will result in 𝑀&𝐴𝑖,𝑡−𝑛 = 0. Since some firms make more than one 

acquisitions in a single year, we do not account for this. It also results in the number of acquirers in 

our sample being smaller than the total number of acquisitions per year. 

 

Regarding the interpretation of coefficients, 𝛽_ = 0 manifests that the results for a year with and 

without M&A are the same. Otherwise, a significant positive or negative value across lags of 

𝑀&𝐴𝑖,𝑡−𝑛 will lead to the conclusion that M&A activity has a statistically significant impact on the 

percentage change in RQ. For example, 𝛽1 is the effect on the percentage change in RQ of doing an 

acquisition today, 𝛽2 is the effect on the percentage change in RQ in one year, 𝛽3 is the effect on the 

percentage change in RQ in two years and so forth.  By including various lags, we can also take 𝛽1 +
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 𝛽2 + 𝛽3  +  𝛽4 as the cumulative RQ effect of an acquisition over three periods post-transaction. In 

particular, 𝛽1 is often called the impact effect while 𝛽1 is the zero-period cumulative dynamic 

multiplier and 𝛽1 + 𝛽2 is the one-period dynamic cumulative dynamic multiplier (Stock & Watson, 

2019). This sum will be positive if an acquisition has a permanent effect on RQ. Instead, if the sign 

turns from negative to positive it could indicate an RQ decrease followed by a reversion to previous 

levels. 

 

3.4. Other Financial Parameters 

Besides data on M&A transactions and RQ we also utilize various other financial and macroeconomic 

control parameters to mitigate the risk of omitted variable bias i.e., other firm financial factors that 

may influence M&A and are correlated with R&D productivity. 

 

Financial firm data was retrieved from COMPUSTAT North America and is related to the firm’s 

fiscal year. The idea is that firm fundamentals which correlate with RQ may also drive a firm to 

engage in transactions; therefore, a strong research design requires identification and control of these 

variables in the model.  Moreover, the choice of financial dimensions is challenging due to the large 

universe of potential financial ratios that are often intertwined. For example, RQ itself is a predictor 

of firm value, as well as market-to-book value (Cooper et al., 2015). Taking this into consideration, 

the choice of variables must be carefully selected.  Rather than starting with a large set of financial 

ratios and empirically determining their suitability in the model, our choice of variables corroborate 

with theory underlining the relationship between firm characteristics and incentives for acquisitions 

as discussed in Section 2.3.  Below we outline the choice of each control variable, the connection 

with economic theory, and the corresponding calculation method used. 

 

Profitability 

As argued by Jensen (1988), profitability is a core factor in determining M&A activity. Profitability 

is also a useful proxy for the inefficient management hypothesis which suggests poor management 

performance mirrored by low profitability encourages takeover bids (Powell, 1997). Accordingly, 

our assumption is that more profitable firms will be more flexible in supporting integration after 

acquiring a company, which should therefore result in a positive coefficient when regressing 

acquisition metrics on profitability ratios. In order to control profitability, we use ROA due to its 

widespread use in M&A literature (Thanos & Papadakis, 2012). ROA is an important profitability 

metric that captures how productively a company can allocate capital. Defined as Net Income divided 
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by Total Assets, ROA also has the advantage that it is less easily manipulated due to changes in 

leverage or acquisitions as opposed to other profitability metrics (Meeks & Meeks, 1981). 

 

(10) 𝑅𝑂𝐴𝑖𝑡 =
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡
 

 

Leverage 

Several theories support the use of leverage as a motive for M&A. Lewellen (1971) postulates that 

acquisitions increase debt capacity, and thus shareholder value will increase in a world with leverage 

induced tax benefits. By the same token, if firms with higher leverage acquire firms with lower 

leverage it can increase the debt-bearing capacity of the combined entity, all else equal. This 

beneficial feature of leverage is magnified if the cash-flows of the two entities are not correlated due 

to the increased probability to meet interest payments (Lewellen, 1971). Accordingly, Ravenscraft 

and Scherer (1987) indicate that studies consistently show that targets have lower debt ratios, higher 

liquidity, and higher interest coverage. Ceterus paribus, our hypothesis is that higher debt will be 

positively related to acquisitions by virtue of debt-bearing benefits. Moreover, our assumption is that 

risk appetite which can be proxied by leverage can also be a driving force in the decision to buy. 

Hence, our control variable for leverage is the standard debt ratio which indicates the percentage of 

total liabilities to total assets. This is also used by previous studies that explore R&D as a precursor 

to acquisition activity (Blonigen & Taylor, 2000).  

 

(11) 𝐷𝑒𝑏𝑡 𝑅𝑎𝑡𝑖𝑜𝑖𝑡 =
𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡
 

 

Valuation 

Underlying theory would suggest that firms with lower asset valuations are likely to be acquired due 

to markets allocating capital on the premise of efficiency gains. In literature, this is often referred to 

as the ‘q-theory of mergers’ (Rhodes-Kropf & Robinson, 2008) and is based on Tobin’s Q - one of 

the most widely used valuation metrics. It is defined as the ratio between the market value of a firm 

divided by the book value. Using Tobin’s Q, empirical findings support this theory. For example, 

Chappell and Cheng (1984) find that Tobin’s Q has a positive impact on merger expansion. In 

addition, since acquisition spates are frequently correlated with market valuations (Maksimovic & 

Phillips, 2001) we deem Tobin’s Q an important variable to control for.  
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(12) 𝑇𝑜𝑏𝑖𝑛′𝑠 𝑄𝑖𝑡 =
𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡+𝑀𝑎𝑟𝑘𝑒𝑡 𝐸𝑞𝑢𝑖𝑡𝑦𝑖𝑡−𝐵𝑜𝑜𝑘 𝐸𝑞𝑢𝑖𝑡𝑦𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡
 

 

Size 

One of the most comprehensive variables studied on R&D is firm size. From a theoretical perspective, 

Phillips and Zhdanov (2013) elucidate that while an M&A market spurs innovation it does so 

unilaterally between big and small firms. Their prediction is that small firms benefit from the 

possibility of being acquired which increases their overall incentive to innovate. We proxy size by 

using Total Assets as calculated from COMPUSTAT. 

 

(13) 𝑆𝑖𝑧𝑒𝑖𝑡 = 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 

 

Liquidity 

As our measure of liquidity, we use the current ratio. According to Dietrich and Sorensen (1984) a 

high current ratio may signal excess liquidity and inefficient asset allocation. According to the 

replacement of inefficient management hypothesis, these firms might be a good takeover target (Chen 

& Su, 1997).  From the perspective of acquirers, a low current ratio could also signal an insufficient 

cash balance to finance a potential transaction. This perspective has also been deemed significant in 

previous studies that find acquisitions positively related to the flows of funds needed for a transaction 

(Baysinger & Hoskisson, 1989). 

 

(14) 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑅𝑎𝑡𝑖𝑜𝑖𝑡 =
𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠𝑖𝑡
 

 

Firm Age 

Firm age has previously been used in literature focusing on acquisitions (Bandick et al., 2014; 

Eliasson et al., 2017) and we hypothesize a positive relationship on the basis that older firms have 

exhausted internal growth opportunities. As per Loderer et al. (2012) we refer to firm age as the 

difference between the current fiscal year and the earliest of (a) the year in which the appears in 

CRSP; (b) the IPO year in COMPUSTAT or (c) the IPO date collected from Jay Ritter IPO statistical 

database. We incorporate the Jay Ritter database to limit the number of missing datapoints.  

 

(15) 𝐴𝑔𝑒𝑖𝑡 = 𝐹𝑖𝑠𝑐𝑎𝑙𝑌𝑒𝑎𝑟𝑡 −

𝑀𝑖𝑛(𝐶𝑅𝑆𝑃 𝑅𝑒𝑝𝑜𝑟𝑡𝑖𝑛𝑔, 𝐶𝑂𝑀𝑃𝑈𝑆𝑇𝐴𝑇 𝐼𝑃𝑂, 𝑅𝑖𝑡𝑡𝑒𝑟 𝐼𝑃𝑂 𝐷𝑎𝑡𝑎𝑏𝑎𝑠𝑒) 
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R&D Intensity 

Previous literature has examined the empirical relationship between R&D intensity and acquisitions. 

Blonigen and Taylor (2000) find that low R&D intensity firms are more likely to be acquirers in the 

high-tech sector, across firms and over time. It is worth noting that R&D intensity is distinct from 

R&D productivity due to the ambiguous of the former effect on the input/output dynamic. Using only 

R&D intensity may show the impact of an elimination on common R&D expenses; however, without 

controlling for the output, it may present a false conclusion on R&D performance. By controlling for 

both profitability metrics and R&D intensity we aim to get a better understanding of the input and 

output drivers which affect R&D productivity. 

 

(16) 𝑅&𝐷 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖𝑡 =
𝑅&𝐷 𝐸𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑖𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡
 

 

Sales growth  

Finally, Bargeron et al. (2008) highlighted sales growth as an acquirer characteristic. Mapping on the 

‘growth opportunities’ incentive of M&A outlined in 2.3, it can be argued that firms with lower sales 

growth are financially constrained and therefore possess less incentive to acquire. On the contrary, 

firms in a high-growth stage may seek to further bolster that through inorganic channels. 

 

(17) 𝑆𝑎𝑙𝑒𝑠 𝐺𝑟𝑜𝑤𝑡ℎ𝑖𝑡 =
𝑁𝑒𝑡 𝑆𝑎𝑙𝑒𝑠𝑖𝑡

𝑁𝑒𝑡 𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1
− 1 
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4. Sample Construction and Data 

4.1. RQ in Firm-Level Data 

For RQ, we utilize the RQ database from Wharton Research Data Services (hereafter WRDS) which 

includes RQ data between 1972 - 2015 from all firms in the COMPUSTAT North American Annual 

database. By using COMPUSTAT we are limited to publicly listed firms that disclose R&D spending 

through SEC filings. Moreover, due to SEC reporting requirements for R&D expenditures on Form 

10-K implemented in 1972, we begin our sample in 1981. This is because RQ is estimated on a 10-

year rolling basis i.e., a firms’ RQ in 1981 will be the estimate formed using data from the 1972-1981 

window. According to Bound et. al (1982) the SEC reporting requirements mandate “the disclosure 

of the estimated number of R&D expenditures when a) it was "material", b) it exceeded one percent 

of sales, c) a policy of deferral or amortization of R&D expenses was pursued” (p. 8). By using this 

cut off we can be more confident in comparability of R&D reporting across time.  

 

Next, we excluded all financial firms (SIC between 6000 and 6999) to align with similar studies (See 

Cooper et al. 2015; Knott, 2009; Knott and Vieregger, 2018; Santi, 2018). Like Cooper et al. (2015) 

we exclude RQ values that were negative, with the rationale being that a negative RQ implies that 

revenues are decreasing in R&D. These observations are not sensible since we expect constant or 

decreasing returns to scale (coefficient between 0 and 1) according to the model used by Knott (2008). 

In our sample, approximately 1% of observations correspond to negative RQ and are therefore 

omitted. In summary, we have 47.779 observations for 5.123 distinct firms over 35 years. Table 4 

provides summary statistics for RQ along with M&A data and the other financial parameters used in 

our model. It is worth noting that there was a gap in the data set provided by WRDS for the year 

1989. This corresponds to 2% of observations. After consulting with Professor Knott, we proceed 

with an imputation using predictive mean modelling to preserve the heterogeneity among firms. This 

was done based on the logic of the slow-moving nature of RQ (calculated using 10-year regression 

windows).  

 

The mean RQ over the 1981 to 2015 sample period is 0.14 with a standard deviation of 0.081. Recall 

that these values imply that the average firm delivers top-line growth of 1.4% for every 1% invested 

in R&D, since output elasticity measures the responsiveness of output (gross revenues) with a change 

in inputs (R&D expenditures). Looking at the range, the minimum average value is close to zero 

whereas some companies have average RQ values between 0.7 - 0.8. One of the highest-ranking 
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companies is BioDelivery Sciences International (RQ = 0.71). Their achievement is illustrated by the 

successful research and approval of two successful drugs in the pain management and addition 

segment (Biodelivery, 2015). Another illustrative example is DNAPrint Genomics (RQ 0.8). Through 

strategic investments in internal R&D, the company was the first to introduce forensic and consumer 

genomics products.  

 

We plot the graphical distribution of RQ over Fama-French industries and distribution around the 

mean in Figure 5. The observations are largely clustered around the manufacturing industries, which 

also includes the acquisition heavy pharmaceutical industry. The gap between Fama-French 

industries 45-48 is due to exclusion of the financial sector. Moreover, this industry concentration is 

relatively stable over time with regards to the number of observations. In terms of the average RQ 

values, we include these together with the acquisition data by industry in Table 2. Surprisingly, Coal 

shows the highest average RQ; however, this is largely explained by observations across two firms. 

Pharmaceutical products also show values above any of the other major industries and dominate along 

with high-tech, 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. On the left is the cross-sectional distribution of RQ over the Fame French Industry Codes in 2015; on the right is 

displayed a histogram of RQ values in 2015; Source: Personal creation 
 

We also looked at the development of mean RQ over time and regress it on a time trend (see Appendix 

B). Using firm fixed effects, the results indicate that on average RQ is declining by 0.2% per year, 

thus quantifying what can be inferred when looking at Figure 6 where we present this graphically. 

Figure 5: Distribution of RQ over Fama-French codes and density distribution 
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Our trend is thus consistent with the findings of Cooper et al. (2015), despite using a longer time 

frame. Other empirical research of research productivity metrics also finds a downward trend. Using 

a ratio of total factor productivity (TFP) growth to research effort, Bloom et al. (2020) finds that 

research productivity for the aggregate U.S. economy has fallen by 5% per year since the 1930’s.  

 

In our time series (1981-2015), RQ appears to capture the outflow of R&D funds of the late 1990’s 

documented by Doms (2004) and Brown et al. (2009). According to Brown & Peterson (2009) these 

downturns in R&D spending, which also coincide with lower R&D productivity in this period, are 

partly attributable to the simultaneous fall in equity prices. They argue that the importance of equity 

values in financing R&D result in a correlation between stock performance and investment in R&D. 

The Nasdaq crash in 2000 therefore gives a reasonable explanation for the first low point in the time 

series. 

 

Figure 6: Time Series development of RQ 

Note. Progression of average RQ values from 1981 – 2015 with our sample selection, Shaded ares indicate economic 

slowdowns (1982, 1991, 1998, 2001, 2009 and 2012); Source: Personal creation; Data retrieved from: Compustat Daily 

Updates - Fundamentals Annual  

 

 

4.2. M&A Data 

After retrieving RQ data from the WRDS RQ Database, the firms are cross matched with M&A data 

from Thomson ONE Mergers & Acquisitions database. From Thomson ONE we retrieve both the 

transaction volume (in million USD) as well as the overall count of acquisitions. It is worth noting 

0

0,01

0,02

0,03

0,04

0,05

0,10

0,11

0,12

0,13

0,14

0,15

0,16

0,17

0,18

1
9
8

1

1
9
8

3

1
9
8

5

1
9
8

7

1
9
8

9

1
9
9

1

1
9
9

3

1
9
9

5

1
9
9

7

1
9
9

9

2
0
0

1

2
0
0

3

2
0
0

5

2
0
0

7

2
0
0

9

2
0
1

1

2
0
1

3

2
0
1

5

R
es

ea
rc

h
 Q

u
o

ti
en

t 
(R

Q
)

RQ



 

 
 

45 

 

that the timeframe for yearly acquisition statistics and financial reporting may differ slightly due to 

the discrepancy between calendar and fiscal year; however, consistent with Blonigen and Taylor 

(2000) we proceed based on the alternative being the use of quarterly financial reports that are 

unaudited or lacking data on R&D.  

 

Next, we adjust our deal sample according to the following criteria: 

 

• Retain if acquirer owns less than 50% of firm prior to bid  

• Retain if acquirer owns more than 90% of firm after deal completion  

• Transaction Value no less than 1 million USD 

• Financial Sector excluded (SIC numbers between 6000-6999) 

 

By virtue of data availability, our focus of study is limited to firms listed in the US market due to its 

most comprehensive coverage (Dieudonne et al., 2014). US deals also constitute 50% of the total 

USD volume and 33% of M&A deal count (Yilmaz & Tanyeri, 2016) which make it a good selection 

given our long sample period. Since we are only interested in acquisitions in which we are certain 

that ownership changes hands and control is exerted, we retain only acquisitions where the acquirer 

owns more than 90% of the firm after deal completion. Among our sample, we have broken down 

the M&A activity by industry in Table 3. Herein, each firm is assigned to its corresponding Fama-

French industry which gives a thorough overview of the distribution of deals across industries. In our 

sample, aggregate transaction volume equates to 3.4 trillion USD. Among the most acquisitive 

industries in terms of transaction volume are Pharmaceutical Products (23,2%), Petroleum and 

Natural Gas (13,2%) and Electronic Equipment (8,4%). Additionally, the pharma-related medical- 

and laboratory equipment each constitute above 3% of M&A activity, underpinning the overall 

acquisitiveness of the pharma industry and its related services. Given the importance of M&A activity 

to the pharmaceutical sectors, it makes sense that research has focused their attention there. 

 

 

Table 2: Acquisition characteristics 

  Observations Mean Median Std. Deviation 

Deal Value 47.779 6 0 21.465 

Deal Value > 0 15.770 308 66 572 

Note: Deal statistics presented in million (USD) 

 



 

 
 

46 

 

Table 3: Acquisition split by Fama-French 48 Industries 

Fama French Industry Count Value Share Average RQ 

Aircraft 356  $       57.424,61  1,7% 0,128 

Agriculture 42  $        5.321,50  0,2% 0,155 

Apparel 34  $        1.847,63  0,1% 0,124 

Automobiles and Trucks 376  $       48.716,51  1,4% 0,131 

Beer & Liquor 30  $        8.989,10  0,3% 0,141 

Building Materials 421  $       23.901,69  0,7% 0,127 

Printing and Publishing 21  $        2.319,88  0,1% 0,141 

Business Supplies 383  $       81.553,34  2,4% 0,134 

Business Services 2430  $     192.338,72  5,6% 0,136 

Chemicals 925  $     185.718,37  5,4% 0,150 

Construction Materials 16  $        3.340,89  0,1% 0,169 

Coal 3  $        2.915,77  0,1% 0,189 

Computers 1515  $     189.824,43  5,6% 0,148 

Consumer Goods 443  $     126.773,27  3,7% 0,147 

Pharmaceutical Products 993  $     792.892,21  23,2% 0,176 

Electical Equipment 536  $       45.431,12  1,3% 0,137 

Electronic Equipment 1907  $     286.351,39  8,4% 0,128 

Fabricated Products 16  $        1.073,44  0,0% 0,114 

Food Products 365  $       86.514,86  2,5% 0,145 

Entertainment 18  $        2.472,95  0,1% 0,117 

Defense 50  $       21.511,88  0,6% 0,115 

Healthcare 57  $        9.351,53  0,3% 0,133 

Laboratory Equipment 1070  $     122.373,10  3,6% 0,138 

Machinery 1238  $       86.019,65  2,5% 0,136 

Medical Equipment 876  $     124.219,58  3,6% 0,148 

Mining 53  $       10.855,50  0,3% 0,134 

Petroleum and Natural Gas 310  $     450.433,37  13,2% 0,147 

Other 213  $       47.167,06  1,4% 0,134 

Personal Services 5  $           232,19  0,0% 0,125 

Retail 43  $        3.988,95  0,1% 0,171 

Rubber and Plastic Products 128  $        4.066,74  0,1% 0,136 

Shipping Containers 50  $        7.711,16  0,2% 0,135 

Ships 70  $        3.738,60  0,1% 0,118 

Tobacco Products 24  $       53.349,95  1,6% 0,175 

Steel Works Etc 249  $       51.204,26  1,5% 0,124 

Telecommunications 259  $     252.160,73  7,4% 0,150 

Toys 99  $       11.135,20  0,3% 0,147 

Transportation 5  $              5,50  0,0% 0,104 

Textiles 33  $        1.704,02  0,0% 0,134 

Wholesale 107  $       12.371,31  0,4% 0,143 

Grand Total 15770  $  3.419.321,93  100,0% 0,141 
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Lastly, we follow the approach of Bellstam et al. (2017) to split acquisitions into big and small. We 

define a small acquisition as one where the market capitalization of the target is less than 5% of that 

of the acquirer, while a big acquisition is greater than 5% of the acquiring firm’s market capitalization. 

A time series look at our acquisition data split into big and small is presented in Figure 7. An 

increasing yet cyclical trend is evident in both acquisition count and transaction size with peaks 

occurring in the late 1990’s, then again in 2008, and finally an upward surge in acquisition values 

following 2012. For example, in our sample there were a total of 228 acquisitions in 1990 which 

turned into 744 acquisitions in 1999. In terms of transaction size, this corresponds to 13.9 billion 

USD and 350.3 billion USD, respectively. Comparing the composition of small vs. big acquisitions, 

the distribution is even, giving a solid foundation for further analysis. 

 

Figure 7: Time Series of acquisitions by segment 

 

Note. Progression of acquisition values from 1981 – 2015 using our sample; Source: Personal creation; Data retrieved 

from: Thomson One 

 

M&A also shows a wavelike evolution from the end of the 1990s. Gort (1969) was one of the first to 

discover and document this phenomenon. Recall his contribution to the disturbance theory of mergers 

in 3.3 which explains that how mergers exhibit patterns of growth dependent on exogenous 

disruptions. Since then, several other studies have documented this theme (See Andrade et al., 2001; 

Harford, 2005; Majumdar et al., 2013), each contributing their own theory on the clustering pattern 

exhibited by merger activity. In literature, these clusters have been coined ‘merger waves’. In our 

sample, the first peak belongs to the fifth documented takeover wave, which started in 1993 and 
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consequently halted because of the stock market crash in 2000 (Martynova & Renneboog, 2008). 

Before the burst of the internet bubble between 1999-2000, six of the ten largest deals of our sample 

were closed including the merger of American Online (AOL) and Timer Warner as well as the Pfizer 

takeover of Warner-Lambert Co, valued at 164.5 and 89.6 billion USD, respectively (See Appendix 

C for top 10 deals). Those deals stand for a significant share of the spike in deal value in the late 90’s. 

Since 2003, M&A activity began to accelerate until the mortgage crisis brought the world into a 

recession in 2008. From 2008 onwards, M&A count is relatively flat; however, a strong surge in 

transaction values starting in 2013 leads to the 2015 peak in the time-series. Staiti (2016) states that 

2015 also set new highs on a global scale, constituting a record year for M&A caused by a surge in 

deals in the high-tech and pharmaceutical sector. Google, for example, completed more than 40 

acquisitions in 2015 (Google, 2015). While the clustering pattern is also evident in the deal count 

statistics (illustrated by the bars in Figure 7), it shows less volatility than deal size. One reason for 

the discrepancy can be attributed to the correlation between high market valuations during a swell in 

mergers (Rhodes-Kropf & Viswanathan, 2004) which influences our value statistics but not the deal 

count 

 

4.3 Summary Statistics and Correlation Matrix 

As described in section 3.4, we control for several additional variables to isolate the impact of RQ on 

acquisition activity and mitigate the effect of omitted variables influencing the result of our findings. 

Table 4 provides a summary of the variables with their mean, median and standard deviations. To get 

a more granular overview, the descriptive data in Panel A has been split into the full sample on and 

the subsample of solely acquiring firms on the other half. All data series have been winsorized at a 

1%/99% level. This means all data points below the 99,5th percentile is set to exactly the 99,5th 

percentile. Since we are primarily using financial ratios, our measures demonstrate relatively littles 

skewness. In fact, only total asset values show a mean above the median. Therefore, we proceed to 

take the natural logarithm of total assets whereas the other variables remain as ratios in our regression. 

Overall, some differences between the overall sample and the acquiring subset are obvious. Acquiring 

firms have higher ROA, but lower R&D intensity and are generally smaller than the companies that 

do not pursue acquisitions. A formal t-test is presented in Panel B, which shows the welch two sample 

mean test between acquirers and non-acquirers, together with the test statistics and p-values. The null 

hypothesis is that the two groups are not statistically different while the alternative is that the means 

are statistically different. Hence, when the p-value is > 0.05 it implies there is not enough evidence 

to reject the null hypothesis. In other words, acquirers and non-acquirers are not statistically different. 
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Our sample points to acquiring firms having higher RQ, higher ROA and lower R&D Intensity. All 

of which show a p-value that corresponds to a statistically significant difference of means at the 5% 

level. For total assets, current ratio, age, debt ratio, sales growth and Tobin’s q there is no significant 

difference in firm characteristics for firms that are acquirers and those that do not. 

 

Table Panel C presents the correlation matrix. A frequent issue in financial research is a problem of 

multicollinearity due to the standard assumption in OLS that the explanatory variables are 

uncorrelated (Stock & Watson, 2019). This is especially relevant for a large panel data set spanning 

over many years. In our sample selection, the overall covariance levels show satisfactory results with 

only a few noteworthy correlations. These are between the current ratio and total assets (-0.11), 

Tobin’s Q and ROA (0.18), and lastly ROA and R&D intensity (0.32). Even though these few values 

are a little higher, the overall correlations of the variables remain on a low level which is a positive 

sign when using them as control variables.  
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Table 4: Sample Summary Statistics 

This table reports characteristics of our sample based on all COMPUSTAT firms that report R&D expenditures from 

1981 to 2015. In Panel A, we present the breakdown of firm characteristics between total sample and acquirers. Acquiring 

firms is based on the completion of an acquisition in the firm-year. Panel B presents a Welch’s t-test between the means 

of acquiring and non-acquiring firms together with the test-statistic and p-value. Lastly, Panel C shows the spearman 

pairwise correlations between the variables. 

 
 

Panel A: Descriptive Statistics for Full Sample 
  Mean S.D. Median  Mean S.D. Median 

  Full Sample  Acquiring Firms Only 

RQ  0.14 0.08 0.13  0.14 0.07 0.13 

         
Total Assets (USD million)  4,216 14,482 205  4,181 14,256 190 

Current Ratio   2.81 2.31 2.16  2.82 2.29 2.17 

ROA   -0.05 0.31 0.04  0.03 0.17 0.06 

R&D Intensity  0.30 1.58 0.05  0.18 1.18 0.04 

Age  23.5 15.3 19.0  23.6 15.4 19.0 

Debt Ratio   0.53 0.38 48.4  0.52 0.37 0.47 

Sales Growth   0.09 0.31 0.06  0.09 0.33 0.06 

Tobin’s Q  2.06 1.83 1.53  2.08 1.82 0.04 

 

 

         
Panel B: T-Test    

  

Acquiring 

Firms 

Non-

Acquiring  
  Mean Mean  t-test p-value 

RQ  0.140 0.138  2.36 0.01887 

       
Total Assets (USD million)  4,181 4,226  0.27 0.7886 

Current Ratio   2.82 2.81  1.36 0.1735 

ROA  0.03 -0.01  -37.77 <2.2e-16 

R&D Intensity  0.18 0.33  9.99 <2.2 e-16 

Age  23.6 23.4  -0.56 0.5732 

Debt Ratio  0.52 0.52  -0.20 0.8378 

Sales Growth  0.09 0.09  -0.71 0.6138 

Tobin’s Q  2.08 2.07  -0.18 0.854 

Panel C: Spearman Correlations 

Variable  
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

RQ    1          

Total Assets  
 

0.02 1         

Current Ratio  
 

-0.04 -0.11 1        

ROA 
 

0.09 0.01 0.05 1       

R&D Inten.  
 

0.04 0.04 0.04 -0.04 1      

Age  -0.01 0.02 -0.01 -0.01 -0.01 1     

Debt Ratio   -0.01 0.01 -0.01 -0.01 -0.01 -0.01 1    

Sales Growth   -0.01 0.00 -0.00 -0.01 0.02 -0.07 -0.01 1   

Tobin’s Q  0.09 -0.00 0.01 0.18 0.32 0.01 0.09 -0.01 1  

M&A Value  0.02 -0.00 0.00 0.09 0.01 0.00 -0.00 -0.00 -0.00 1 
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5. Results 

5.1. RQ as a motive for acquisitions 

In this section, we examine the relationship between RQ and acquisition propensity, fitting the 

model specified in 3.2 using: (i) an OLS fixed effects regression (ii) a linear probability model with 

fixed effects. 

 

Before a formal analysis, we begin by plotting the M&A count together with RQ data. This can give 

a first indicator of co-movement between the variables. From Figure 8 and 9, we can see that there 

appears to be a negative relationship between both M&A count and value in association with RQ. 

Moreover, it tracks closely to the RQ with a lag of approximately 1 year. This co-movement with a 

lag of one year is especially noticeable following the crash in M&A count in 2000 and its subsequent 

rebound in the following decade leading up to a peak in acquisition value 2015. In our regression, we 

seek to quantify the strength and statistical significance of this pattern. 

 

Figure 8: Time Series development of mean RQ and Acquisition Count 

 
Note: Progression of acquisition count and RQ from 1981 – 2015 using our sample; Source: Personal creation; RQ Data 

retrieved from Compustat Daily Updates - Fundamentals Annual and Acquisition data from Thomson ONE 

 

0

100

200

300

400

500

600

700

800

900

0,07

0,09

0,11

0,13

0,15

0,17

0,19

1
9
8

1

1
9
8

3

1
9
8

5

1
9
8

7

1
9
8

9

1
9
9

1

1
9
9

3

1
9
9

5

1
9
9

7

1
9
9

9

2
0
0

1

2
0
0

3

2
0
0

5

2
0
0

7

2
0
0

9

2
0
1

1

2
0
1

3

2
0
1

5

A
cq

u
is

it
io

n
 C

o
u

n
t

R
Q

 (
R

es
ea

rc
h

 Q
u

o
ti

en
t)

Mean RQ Acquisition Count



 

 
 

52 

 

Figure 9: Time Series development of mean RQ and Acquisition Volume 

 

Note: Progression of acquisition value and RQ from 1981 – 2015 using our sample; Source: Personal creation; RQ Data 

retrieved from Compustat Daily Updates - Fundamentals Annual and Acquisition data from Thomson ONE 

 

We now turn to testing the patterns in a formal regression specification. Before approaching our 

hypothesis of whether firms with lower R&D productivity are more motivated to acquire vis-à-vis 

higher R&D productive firms, we set up a baseline model to focus on the explanatory power of R&D 

productivity with respect to M&A. In the baseline specification, we examine the general trend 

between RQ together with acquisition count and value in a univariate model to define the dynamics 

and evaluate our hypothesis. To ease interpretation for analysis, we transform the RQ values into z-

scores with N (0,1). This means the variable is centred with a mean of 0 and a standard deviation of 

1. Through this transformation we can now interpret the coefficient as the impact of a one standard 

deviation increase in RQ. Recall that the mean and standard deviation of RQ correspond to 0,14 and 

0,07. 

 

In Column (1) of table 5 and 6 we regress acquisition value and count on the standardized RQ, 

excluding any fixed effects. When looking at the overall population of firms as a homogenous group, 

our results indicate that, on average, the expected change in acquisition count and has a negative 

relationship with RQ. At first glance, this supports the graphical representation depicted in figure 8. 

On the other hand, acquisition value shows a positive relationship in the baseline specification. 
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Column (2) extends the base model in a multivariate analysis using the contemporaneous value of 

RQ as well as the control variables. After sweeping out differences across time, industry, and 

geography, we find that the sign for both acquisition count and value are positive. Hence, this suggests 

that across our sample M&A activity is increasing in RQ.  In other words, higher RQ is associated 

with more acquisitions - both in value and count. The magnitude is small but significant at the 95% 

level and suggest that a one standard deviation increase in RQ today is associated with an increase in 

acquisition count of +0.01 today in the contemporaneous specification. Using acquisition value from 

Table 6, this translates to an increase of 2.9 (million USD); however, we find no statistical 

significance using the value of M&A deals.  

 

Next, using the lagged specification due to the potential delay in securing a deal, Column (3) confirms 

that this relationship also holds, suggesting that increasing levels of RQ is associated with positive 

levels of acquisitions in the following year. Interestingly, there is a difference in magnitude between 

the lagged and contemporaneous specification, pointing to R&D productivity being a stronger 

influence one year in advance of a preceding M&A decision. While the estimated variables of interest 

are statistically significant, it is worth noting that the explanatory power of the models presented are 

small as reflected by the low 𝑅2. For the most part, the value of the coefficients across the models are 

also small which might be due to our sample which has many more acquisition points than non-

acquisition data points.  

 

Following these findings, we explore a possible non-linear relationship. That is because although 

there may be a positive relationship, there may be diminishing returns to M&A for firms that are the 

most innovative. Although set in a different specification, a similar theory was tested by Ahuja and 

Katila (2001) who finds a statistically significant squared coefficient using the knowledge base of the 

acquirer. Columns (5) and (6) include the squared term and indicate a statistically significant negative 

coefficient, thus confirming that there are diminishing incentives for firms with very high RQ to 

undertake acquisitions. Put differently, the marginal increase of acquisition propensity for firms with 

low RQ is superior to that of a moderate firm. The squared term also fits the acquisition value model 

better since both the coefficients are significant at the 99% confidence level. In sum, we conclude 

that relationships between RQ and M&A activity is non-linear.  

 

Next, we investigate the difference in acquisition activity between firms using a simplified grouping 

procedure adapted from Higgins and Rodriguez (2006). In Table 7, Panel A shows the dummy 
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variable “Bad RQ” indicating the bottom 50% of RQ. Panel B uses the dummy “Bad RQ” to indicate 

the bottom 25th percentile of RQ. In comparison to our interpretation of the coefficient as a slope, the 

dummy coefficient represents the difference in acquisition propensity between groups, giving a 

stronger economic interpretation to our results. From Panel A, the coefficient indicates that firms in 

the bottom 50 percentile perform -0.079 acquisitions less than their counterparts in the top 50 

percentile. In acquisition value, this corresponds to -35.226 (million USD). This difference is even 

more pronounced in the lagged model, with firms pursuing -0.084 less acquisitions which correspond 

to -45.305 (million USD). This aligns with the stronger lagged coefficients in the non-dummy models, 

indicating that it takes some time for firms to match with a target following realization of higher R&D 

productivity. We confirm these findings in Panel B in the model with a 25th percentile split. Here, the 

coefficient increases to -0.111 in the contemporaneous model and -0.119 in the lagged model. In turn, 

using acquisition value, we can say that on average firms in the bottom 25th percentile spend -58.883 

(million USD) less on acquisitions that firms in the top 25th percentile. In the lagged variation this 

difference increases to -74.682 (million USD). 
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Table 5: Acquisition Count and R&D Productivity Results 

We estimate Table 5 and 6 with a fixed effects regression where the dependent variable equals acquisition count. 

Acquisitions are identified using the Thomson One. RQ includes all COMPUSTAT firms that report R&D expenditures 

from 1981 to 2015. The covariates are variables corresponding to variables that corroborate with economic theory on 

M&A. These are R&D Intensity, Return on Assets, Debt Ratio, Current Ratio, Tobin’s Q, Age, Sales Growth and Log 

(Assets). Further definitions of the variables can be found in Appendix A. Standard errors are clustered at the firm level 

and are presented in the parentheses. Significance levels are indicated with stars. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Acquisition Count 

  

Baseline Contemporan

eous Model 

Lagged 

Model 

Non-Linear 

Model 
Non-Linear 

Lagged Model 

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

RQ   -0.009** 0.010** 0.009** 0.044*** 0.047*** 

  (0.005) (0.005)    (0.005)    (0.008) (0.008)    

RQ^2     -0.012*** -0.012*** 

     (0.002) (0.002)    

R&D Intensity   -0.0001** -0.0001* -0.0001** -0.0001* 

   (0.0004)    (0.0004)    (0.0004)    (0.0001)    

Return on Assets   0.042** 0.040*** 0.036*** 0.038*** 

   (0.010)    (0.009)    (0.008)    (0.009)    

Debt Ratio   -0.0003 -0.0003 -0.0004 -0.0001 

   (0.001)    (0.001)    (0.001)    (0.001)    

Current Ratio   0.0002 -0.0001 0.0001 0.0002 

   (0.001)    (0.001)    (0.001)    (0.001)    

Tobin’s Q   -0.0003 -0.0003 -0.0001    -0.0001 

   (0.002)    (0.002)    (0.001)    (0.001)    

Age   0.008 0.005 0.0005 0.001 

   (0.001)    (0.001)    (0.0004)    (0.004)    

Sales Growth   0.0002 -0.0001 -0.0001 0.00002 

   (0.0003)    (0.0003)    (0.0003)    (0.0003)    

Log (Assets)   -0.0001 -0.0003 -0.0003 -0.00001 

   (0.002)    (0.002)    (0.002)    (0.002)    

Constant  0.330***     

  (0.011)          

  

  
Year FE’s  No Yes Yes Yes Yes 

Industry FE’s  No Yes Yes Yes Yes 

Country FE’s  No Yes Yes Yes Yes 

No. of Observations  47,779 45,910 40,986 45,910 40,986 

R2  0.0001 0.071 0.072 0.073 0.074 

Note: *p < .1; ** p < .05; ***p < .01   
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Table 6: Acquisition Value and R&D Productivity Results 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Acquisition Value 

  

Baseline Contemporan

eous Model 

Lagged 

Model 

Non-Linear 

Model 
Non-Linear 

Lagged Model 

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

RQ   2.191 2.877 3.464 16.477*** 18.771*** 

  (3.355) (3.412)    (3.793)    (5.647)    (6.429)    

RQ^2     -4.357*** -4.865*** 

     (1.239) (1.514) 

R&D Intensity   -0.079* -0.153* -0.076* -0.151** 

   (0.042)    (0.079)    (0.042)    (0.074)    

Return on Assets   9.768** 10.785*** 9.241** 9.672*** 

   (2.963)    (3.618)    (2.806)    (3.299)    

Debt Ratio   -0.454 -0.468 -0.401 -0.410 

   (0.344)    (0.360)    (0.336)    (0.352)    

Current Ratio   1.596 1.570 1.723 1.682 

   (2.009)    (2.176)    (2.018)    (2.181)    

Tobin’s Q   -0.339 -0.380 -0.352 -0.390 

   (0.262)    (0.329)    (0.261)    (0.328)    

Age   0.120 0.161 0.115 0.161 

   (0.523)    (0.582)    (0.523)    (0.582)    

Sales Growth   -0.151 -0.153 -0.138 -0.139 

   (0.126)    (0.133)    (0.127)    (0.134)    

Log (Assets)   -0.171 -0.247 -0.111 -0.235 

   (3.101)    (3.502)    (3.098)    (3.500)    

Constant  77.765***     

  (8.757)          

  

  
Year FE’s  No Yes Yes Yes Yes 

Industry FE’s  No Yes Yes Yes Yes 

Country FE’s  No Yes Yes Yes Yes 

No. of Observations  43,697 43,697 37,544 43,697 37,544 

R2  -0.0002 -0.0001 0.011 0.012 0.012 

Note: *p < .1; ** p < .05; ***p < .01   
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Table 7: Dummy Variable Results 
 

In Panel A, a dummy variable is coded a 1 if a firm is in the bottom 50 percentile of RQ and a 0 otherwise. In Panel B, 

we code a 1 for a firm in the bottom 25 percentile and a 0 if in the top 25 percentile, discarding the remaining observations. 

RQ includes all COMPUSTAT firms that report R&D expenditures from 1981 to 2015. The covariates are hidden for 

brevity, but displayed in Appendix F and Appendix G. Further definitions of the variables can be found in Appendix A. 

Standard errors are clustered as the firm level and are presented in the parentheses. Significance levels are indicated with 

stars. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Panel A: Median Dummy     

    Acquisition Count  Acquisition Value 

  

Contemporane

ous 
Lagged 

 

Contemporane

ous 
Lagged 

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

Bad RQ  -0.079*** -0.084***  -35.226 ** -45.305*** 

  (0.016) (0.017)  (15.423) (15.875) 

       

Controls  Yes       Yes       Yes       Yes 

Year FE’s  Yes Yes  Yes Yes 

Industry FE’s  Yes Yes  Yes Yes 

Country FE’s  Yes Yes  Yes Yes 

No. of Observations  45,910 40,986  43,697 37,544 

R2  0.073 0.074  0.011 0.012 

Note: *p < .1; ** p < .05; ***p < .01 

Panel B: 25th Percentile Dummy 

    Acquisition Count  Acquisition Value 

  

Contemporane

ous 
Lagged 

 

Contemporane

ous 
Lagged 

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

Bad RQ  -0.111*** -0.119***  -58.883** -74.682*** 

  (0.018) (0.020)  (16.815) (19.186) 

       

Controls  Yes       Yes       Yes       Yes 

Year FE’s  Yes Yes  Yes Yes 

Industry FE’s  Yes Yes  Yes Yes 

Country FE’s  Yes Yes  Yes Yes 

No. of Observations  22,939 18,844  21,465 17,549 

R2  0.061 0.064  0.012 0.008 

Note: *p < .1; ** p < .05; ***p < .01 
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5.2. Small vs Large Acquisitions 

We further investigate the distinction between a complementary and substitutive relationship by 

segmenting acquisitions into small vs. big. If firms pursue a substitutive strategy, we predict that 

acquisitions will be geared towards large transformative acquisitions. On the other hand, if innovative 

firms pursue a greater number of smaller acquisitions, then this finding would correspond to the 

‘system vs. components’ theory of complimentary innovation proposed by Egan (2013). Egan (2013) 

uses Cisco as an example of a firm that routinely purchases smaller firms that produce complementary 

components for its portfolio of technology. Another example is Apple, whom we mentioned in the 

introduction as a firm that often buys smaller technology firms which it can integrate into its 

technology portfolio. 

 

In this line, we replicate the approach of Bellstam et al. (2017) to split our sample of acquisition count 

into big and small acquisitions. Our definition of a small acquisition is one that constitutes less than 

5% of the market capitalization while a big acquisition is greater than 5% of the acquiring firms 

market capitalization. Further details on our split are presented in Table 7, along with a time series 

breakdown of acquisitions by year in appendix D.  

 

 

Table 7: Acquisition characteristics big vs small 

  Observations Mean Median Std. Deviation 

Big Acquisitions 2.641 681 60 3.830 

Small Acquisitions 2.641 381 30 2.608 

Note: Deal statistics presented in million (USD) 

 

 

 

Our results are presented in Table 8 and maintain the use of the contemporaneous and lagged 

specifications, including also the squared RQ term which we concluded was important in the dynamic 

between acquisition activity and R&D productivity. Comparing column (1) with column (3) shows 

that a one standard deviation increase in RQ leads to an increase in small acquisitions by 0.008 and 

big acquisitions by 0.004. In the lagged specification, comparing columns (2) and (4) display 

coefficients of 0.009 and 0.007, respectively. Since small acquisitions have a larger statistically 

significant coefficient, we conclude that firms with higher R&D productivity pursue a greater number 

of smaller acquisitions as opposed to big acquisitions. 
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Table 8: Big vs. Small Acquisition Results  

We estimate Table 8 with a fixed effects regression where the dependent variable equals the acquisition count. Our 

definition of a small acquisition is one that constitutes less than 5% of the market capitalization while a big acquisition is 

greater than 5% of the acquiring firms market capitalization. Hence, it is coded with dummy approach, which is why all 

corresponding transactions attached to a market capitalization are split evenly between big and small. Acquisitions are 

identified using the Thomson One.  RQ includes all COMPUSTAT firms that report R&D expenditures from 1981 to 

2015. The covariates are variables corresponding to variables that corroborate with economic theory on M&A. These are 

R&D Intensity, Return on Assets, Debt Ratio, Current Ratio, Tobin’s Q, Age, Sales Growth and Log (Assets). Further 

definitions of the variables can be found in Appendix A. Standard errors are clustered as the firm level and are presented 

in the parentheses. Significance levels are indicated with stars. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

    Small Acquisitions   Big Acquisitions 

  

Contemporane

ous 
Lagged 

 

Contemporane

ous 
Lagged 

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

RQ   0.008*** 0.009***  0.004** 0.005* 

  (0.002) (0.002)  (0.002) (0.003) 

RQ^2  -0.002*** -0.002***  -0.001*** -0.001*** 

  (0.0004) (0.0005)  (0.0004) (0.0004) 

Bad RQ  -0.020*** -0.022***  -0.003 -0.006 

  (0.004) (0.005)  (0.004) (0.004) 

R&D Intensity  -0.00003** -0.00004**  -0.00002** -0.00005*** 

  (0.00001)    (0.00002)     (0.00001)    (0.00002)    

Return on Assets  0.007*** 0.008**  0.005*** 0.005*** 

  (0.002)    (0.002)     (0.001)    (0.001)    

Debt Ratio  -0.0002* -0.0001  0.0003 0.0004 

  (0.0001)    (0.0001)     (0.001)    (0.001)    

Current Ratio  -0.0001 -0.0004  0.0004 0.0001 

  (0.002)    (0.0004)     (0.0005)    (0.0005)    

Tobin’s Q  -0.0001 -0.0001  0.00002 0.00002 

  (0.0002)    (0.0003)     (0.0002)    (0.0002)    

Age  0.0001 0.0001  -0.00002 -0.0000 

  (0.0001)    (0.0001)     (0.0001)    (0.0001)    

Sales Growth  -0.0001* -0.0001*  -0.00003 -0.00003 

  (0.0001)    (0.0001)     (0.00005)    (0.00005)    

Log (Assets)  -0.0002 -0.0002  -0.0003 0.0001 

  (0.0005)    (0.0005)     (0.0005)    (0.0005)    

       

Year FE’s  Yes Yes  No Yes 

Industry FE’s  Yes Yes  No Yes 

Country FE’s  Yes Yes  No Yes 

No. of Observations  42,052 37,333  42,052 37,333 

R2  0.037 0.038  0.017 0.018 

Note: *p < .1; ** p < .05; ***p < .01 
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5.3. Impact of M&A on Innovation 

Following the results of the ex-ante relationship, this section examines the ex-post impact of an 

acquisition on RQ. The variables are regressed on the percent change in RQ for firm i. In this model, 

𝛽0 is the contemporaneous effect of a transaction on the change in RQ. Similarly, the parameters 

𝛽1, 𝛽2, 𝛽3 stand for the effect of an acquisition on the percentage change of RQ in the next 1, 2 and 3 

years following a transaction. We perform these regressions in a sequential manner which are 

displayed in regression table 8. According to column (1), the strongest effect is recorded in the year 

of the acquisition. A coefficient of -0.139 in column (1) indicates than an acquisition is associated 

with an immediate percentage decline in RQ of -13.9%. In column (2), the coefficient on acquisition 

(t-1) shows that in the year following M&A, RQ drops -6.3% on top of the contemporaneous effect 

of -12%. Thus, we can say the cumulative two-period effect is -18.3%. Columns (3) and (4) extend 

the model to include additional lags of acquisition activity until an acquisition in t-3. In column (3) 

the negative sign persists, showing that the contemporaneous effect is -8.2% followed by -3.4% and 

-4.1% for one and two years following the acquisition, respectively. Lastly column (4) shows the 

development of RQ considering a transaction three years ago. From column (4) we can interpret that 

the cumulative value of an acquisition three years ago is  𝛽0 +  𝛽1 +  𝛽2 +  𝛽3 = −19,6%. The 

summed coefficients can then be used for hypothesis testing. A Wald test is thus run on the null 

hypothesis that the sum of the lagged coefficients is not statistically zero. The result displayed in the 

bottom row of table 8 shows a p-value significant at the 1% level. 

 

A general pattern is evident; that is, regardless of how many lags are added, the sign of the coefficients 

is negative. Moreover, the sign of the contemporaneous change in RQ in column (1) is statistically 

significant regardless of how many additional lags are considered. Therefore, we can conclude that 

the pattern of negative coefficients is evidence that the percentage change in RQ is permanent and 

does not revert - even three years after an acquisition has taken place.  

 

For graphical interpretation, Figure 10A plots the dynamic effect while Figure 10B portrays the 

accumulated effect on the percentage change in RQ. This shows that after an acquisition, RQ 

continues to fall from t=0 to t=3. As mentioned, the total cumulative effect of an acquisition on RQ 

is -19.6% with the confidence bounds portrayed by the dotted lines, confirming a declining trend. For 

the dynamic effect, it is worth noting that lag one (t=1) and two (t=2) are less negative than t=0. This 

means that the after a large decrease in RQ on the acquisition year there is a decrease of a lesser 
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magnitude in the following two years. Moreover, the confidence bounds on lags one and two also 

include positive values. This makes the interpretation for these lags ambiguous. Although causal 

inferences are hard to establish, it is interesting to estimate the potential magnitude of this decline. If 

we consider an average firm with an RQ of 0.14 that completes an acquisition of more than 1 million 

USD we can expect a decrease in RQ of ~ 20%. Therefore, following an acquisition the average firm 

will only generate 1.1% of revenue for each subsequent 1% invested in R&D capabilities as opposed 

to 1.4% prior to the acquisition.  

 

Despite the outcome pointing to a negative effect of mergers on innovation, there is a potential 

endogeneity issue with the research approach. That is because our analysis does not allow for 

correlation between unobserved factors that might drive both M&A activity and a reduction in R&D 

productivity. To alleviate these concerns, we examine similar development in RQ using withdrawn 

acquisitions. Withdrawn acquisitions are collected from Thompson One and include any M&As 

announced between 1981-2015, using the same constraints outlined in Section 4.2. As per Thomson 

One, the definition of a withdrawn is when “the target or acquiror in the transaction has terminated 

its agreement, letter of intent, or plans for the acquisition or merger” (Thomson One Definitions, n.d.). 

In Column (5) of Table 8 we construct a dummy variable that equals 1 for a “withdrawn deal” and a 

0 otherwise. If withdrawn acquisitions reflect the same development in RQ as completed deals, then 

we would expect a coefficient of similar magnitude and direction. Column (5) shows a statistically 

insignificant negative coefficient. Moreover, the coefficient is only half the magnitude of the 

completed deals dummy. Thus, we conclude that the decrease in RQ is most likely driven by 

completed acquisitions. 
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Table 8: Impact of M&A on the percentage change in RQ Results 

We estimate Table 8 with a fixed effects regression where the dependent variable is the yearly percentage change in RQ. 

Acquisitions are identified using the Thomson One database. Acquisition is coded a 1 when firm i completes an 

acquisition at period t and 0 otherwise. The covariates are variables corresponding to variables that corroborate with 

economic theory on M&A. These are R&D Intensity, Return on Assets, Debt Ratio, Current Ratio, Tobin’s Q, Age, Sales 

Growth and Log (Assets). Further definitions of the variables can be found in Appendix A. Standard errors are clustered 

as the firm level and are presented in the parentheses. Wald test is a joint coefficient test only using the Acquisition 

independent variables where p-values are presented on the bottom row of the table. 

 

 

 

  %Δ Research Quotient (RQ)  

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

Acquisition [t]  -0.139*** -0.120*** -0.082** -0.072* -0.139*** 

  (0.042)    (0.041)    (0.040)    (0.041)    (0.042)    

Acquisition [t-1]   -0.063 -0.034 -0.022  

   (0.042)    (0.041)    (0.045)      

Acquisition [t-2]    -0.041 -0.021  

        (0.041)    (0.044)     
Acquisition [t-3]     -0.081**     

      (0.032)       

Withdrawn Deal      -0.068 

         (0.108)    

R&D Intensity  -0.002 -0.002 0.0001 -0.001 -0.002 

  (0.002)    (0.002)    (0.0002)    (0.001)    (0.002)    

Return on Assets  -0.039***    -0.038***    -0.042**    -0.049**    -0.039***    

  (0.013)    (0.013)    (0.019)    (0.022)    (0.013)    

Debt Ratio  0.001 0.001 0.003* 0.002 0.001 

  (0.002)    (0.002)    (0.002)    (0.002)    (0.002)    

Current Ratio  -0.003    -0.003    0.001    0.001    -0.003    

  (0.005)    (0.005)    (0.005)    (0.005)    (0.005)    

Tobin’s Q  -0.003***    -0.003***    -0.003***    -0.002***    -0.003***    

  (0.001)    (0.001)    (0.001)    (0.001)    (0.001)    

Age  0.001   0.001   0.001   0.003   0.001   

  (0.002)    (0.002)    (0.002)    (0.003)    (0.002)    

Sales Growth  -0.001 -0.001 -0.001 -0.001 -0.001 

  (0.001)    (0.001)    (0.001)    (0.001)    (0.001)    

Log (Assets)  -0.005 -0.005 0.005 0.005 -0.005 

  (0.011)    (0.011)    (0.008)    (0.008)    (0.011)    
       
Year FE’s  Yes Yes Yes Yes Yes 

Industry FE’s  Yes Yes Yes Yes Yes 

Country FE’s  Yes Yes Yes Yes Yes 

No. of Observations  40,986 40,986 36,618 32,731 40,986 

Adjusted R2  0.002 0.002 0.002 -0.004 0.002 

Wald-test p-value  0.00052 0.00697 0.00838 0.00465  

Note: *p <.1; ** p < .05; ***p < .01 
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Figure 10: Impact of M&A on the percentage change in RQ Graphs 

Figure 10A shows the dynamic effects and Figure 10B shows the cumulative effect on the percentage change in RQ 

following an acquisition. Acquisition is defined as a dummy variable that indicates 1 if a firm announces an acquisition 

and 0 otherwise. Point estimates correspond to the coefficient estimates from Table 8 while the dotted lines represent the 

95% confidence intervals calculated from the clustered standard errors. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 -30,00%

-25,00%

-20,00%

-15,00%

-10,00%

-5,00%

0,00%

5,00%

t=0 t=1 t=2 t=3

P
er

ce
n

t 
ch

an
ge

 i
n

 R
Q

Years after acquisition

Point Estimates

B 

-20,00%

-15,00%

-10,00%

-5,00%

0,00%

5,00%

10,00%

t=0 t=1 t=2 t=3

P
er

ce
n
t 

ch
an

g
e 

in
 R

Q

Years after acquisition

Point Estimates

A



 

 
 

64 

 

6. Discussion 

6.1. Influence of RQ on M&A activity 

In the first stage of our analysis, we address the prediction of hypothesis (i) if and whether R&D 

productivity can explain some of the variation in M&A activity over our sample period from 1981 – 

2015 and (ii) whether firms with lower internal R&D productivity are more likely to be acquirers vis-

à-vis firms with higher R&D productivity. 

 

While firms’ internal R&D efforts play an important role in harnessing innovation, it is not the only 

strategy in the corporate playbook. As mentioned, recent anecdotal evidence suggest that R&D 

motivated acquisitions are growing in relevance. Recall the cases of Pfizer’s failed bid of AstraZeneca 

in 2014 in the pharmaceutical sectors or the acquisition of HTC’s R&D team by Google in the high-

tech industry. Our literature review revealed that scholars have expanded the scope of firm 

characteristics in the acquisition process. The earliest literature on R&D in an M&A context dates to 

Hall (1987) who contends that R&D intensity could be a valuable metric in the acquisition process. 

In empirical studies, literature has largely been reliant on patent-based measures. Of these studies, the 

ones that most resemble ours use a ratio of R&D expenditure and patents as efficiency measure (See 

Bena & Li, 2012; Higgins & Rodriguez, 2009; Ornaghi, 2009). However, as mentioned, there are 

many practical issues with patent-based metrics due to the lack of causality between patents and firm 

value (Cooper et al., 2015). Using Knott’s RQ (2008), we were able to circumvent these issues and 

test the relationship between innovation and M&A across industries. 

 

According to theory, internal R&D productivity could be a precursor or inhibitor for M&A. Broadly 

put, if internal R&D investments and M&A are substitutes then we would expect firms with lower 

R&D productivity to procure R&D competence from external sources. Theoretical support for this 

can be found in the trade-off theory which posits that acquisitions are often a less time consuming 

and a more profitable alternative than internal R&D investments that have returns far in the future 

(Hitt et al., 1990). On the other hand, if acquisitions and internal R&D are complements, then 

innovation-motivated acquisitions will be performed by firms that can add to their current 

capabilities.  

 

Using RQ as our innovation metric, our statistically significant findings make a case for including 

R&D productivity alongside the various other firm characteristics included in Gutsche’s model like 
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size, valuation, leverage etc. (See section 2.3). Contrary to our prediction that RQ has a negative 

relationship with M&A activity, we find evidence of the alternative hypothesis: a complementary 

relationship. Second, we find the negative relationship to be nonlinear; meaning that a firm with a 

high level of R&D productivity is secondary in acquisition propensity to their counterparts with 

moderate levels of productivity. Our application of a nonlinear term was based on the conjecture of 

‘absorptive capacity’ and the notion that previous knowledge in R&D facilitates better ex-post 

integration capabilities (Cohen and Levinthal, 1990). A simple hypothesis concerning a nonlinear 

relationship is that firms which are both highly specialized and efficient in R&D will find it more 

difficult to appropriate knowledge from target firms’ ex-post in contrast to firms with a moderate 

knowledge base. Ahuja and Katila (2001) find similar results of a curvilinear relationship between 

the level of relatedness of the acquirer and target. Lastly, using a dummy variable to distinguish 

between high and low R&D productive firm, we confirm that the magnitude is also economically 

significant. On average, the difference between a firm in top 50 and bottom 50 percentile is ~ 35 

million USD in the contemporaneous specification and ~ 45 million USD in the lagged model. These 

findings suggest that innovation signals future synergy with targets and therefore incentivize a firm 

to pursue an acquisition.  

 

In addition to these findings, the results in Table 8 also suggest that firms with high R&D productivity 

are more likely to pursue small acquisitions. This reconciles with Egan’s (2013) “systems vs. 

components” theory of innovation. The core of Egan’s theory is that firms generally take two paths: 

specialization or generalization. Firms that follow a ‘generalize-and-compete’ strategy are firms that 

usually IPO (initial public offering) and possess the necessary commercialization abilities which, in 

turn, make it more valuable to acquire and integrate complementary innovation (Egan, 2013). On the 

other hand, complementary innovation is created by firms who follow a ‘technology strategy’ with 

an aim to get acquired by those with a generalized strategy. Complementarities between components 

are more pronounced in certain industries, especially technology intensive sectors which dominate 

our sample.  

 

Previous studies investigating R&D productivity on acquisition behavior present ambiguous results. 

Using a desperation index that scores firms on their research pipeline and patented product portfolio, 

Higgins and Rodriguez (2006) report a significant negative correlation between the score value and 

acquisition propensity in the pharmaceutical industry. Their model suggests that firms with a weak 

research pipeline will be more likely to pursue outsourcing-type acquisitions. Our findings using a 
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cross-industry sample may differ from the pharmaceutical industry in one important way. For a 

pharmaceutical company, a new drug often accounts for 50% or more of a firm’s revenues (Danzon 

et al., 2007). This suggests that if the firm cannot replace its existing product pipeline through internal 

R&D breakthroughs, they must turn towards M&A or risk becoming obsolete. Since we are using a 

cross-industry sample, one interpretation of these contradicting findings could be that other industries 

have a larger toolkit to tackle declining innovative efficiency. For example, by tweaking investments 

to marketing and sales. An alternative argument put forward by Cooper et al. (2015) is that 

conclusions on innovation related studies are very sensitive to the type of innovation measures. Thus, 

RQ offers new light on the previous findings and therefore we must acknowledge the challenge of 

drawing comparison. 

 

Regarding the control variables, we find a statistically significant negative impact for R&D Intensity 

across all model specifications. Although the sign is small, it matches our prediction and align with 

Blonigen and Taylor (2000) findings of a significant negative relationship in the high-tech industry. 

In this instance, we hypothesize that firms who acquire invest less in R&D, but more effectively. 

Therefore, R&D intensity has a negative correlation with acquisition activity whereas we find a 

positive relationship with R&D productivity. We also find a statistically significant and positive 

coefficient on our profitability metric: return on assets. This indicates that firms with higher ROA 

pursue more acquisitions, thus conforming to Jensen (1988) assumption that profitability signifies 

resources to facilitate integration. In addition, we find that smaller firms are more likely to pursue 

acquisitions due to the consistent negative coefficient for our size proxy (log assets). One explanation 

could be that scale effects are a motive for smaller firms seeking to increase their R&D productivity. 

 

6.2. M&A impact on RQ 

Most of the research demonstrates that the value accrued to the acquiring firm’s shareholders is close 

zero (Andrade et al., 2001). However, by suggesting that acquisitions are driven by innovation, we 

next turn to see how innovation capability develops after M&A. 

 

If firms substitute internal innovation with M&A, then RQ should increase following a merger as the 

acquired innovation is added to the output of the acquirer and they no longer depend on in-house 

R&D investment. In the short-term, the result may be ambiguous due to the challenge of integrating 

a target. Contrary to our hypothesis, we find an overall drop in RQ post-acquisition, with the largest 

decrease occurring on the third-year lag.  Although the confidence bounds show some variability (See 
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Figure 7), the year-over-year change shows a consistent decrease. By including various lags, we also 

show that the cumulative effect on RQ over three years (𝛽1 +  𝛽2 +  𝛽3  +  𝛽4) shows a strong decline 

of -19.6%. Overall, our findings question the rationale of mergers and acquisitions. If acquisitions 

activity increases with innovative efficiency, but no future benefits accrue to the acquirer, then why 

do firms use their limited resources to pursue acquisitions? 

 

Since integration is the core barrier to the realization of synergies, a decrease in innovative efficiency 

could be explained by the knowledge-based theory of Kapoor and Lim (2007). If we recall section 

2.5, an acquisition results in a reconfiguration of tasks which may deteriorate productivity for the 

scientists and researchers employed. Focusing on the human capital, Hitt et al. (1990) also discussed 

the impact of M&A on management attention. Therefore, it is possible that an acquisition results in a 

distraction from internal competencies, reducing both input and output channels of the innovative 

process. An implication of this finding is that managers must be aware of the attention warranted by 

an acquisition.   

 

Using a ratio of patents to R&D expenditure in the pharmaceutical industry, Ornaghi (2009) finds 

consistent negative coefficients using a three-year lag structure. Cloodt et al. (2006) also finds the 

same in the high-tech industry. However, after controlling for related knowledge between the acquirer 

and target, the coefficient changes sign. In other words, acquisitions of related knowledge have a 

positive impact on innovative performance (Cloodt et al., 2006). This holds only if the absolute 

knowledge base is not too large due to integration challenges. More recent studies in the 

pharmaceutical industry that include related knowledge between target and acquiror find similar 

results (Desyllas & Hughes, 2010). Fernández and Triguero (2017) find that technology related 

mergers benefit from quick integration whereas manufacturing firms might find it harder to 

internalize the full potential of a merger. Accordingly, it may be easier to transfer codified knowledge 

such as patents which are dominant in pharmaceuticals and high industries. Since we are the first 

study using a cross-industry sample with R&D productivity, it could be inferred that other industries 

involve knowledge transfer which take longer to integrate than technological assets. By this line of 

reasoning, our timeframe might pose a limitation since we only measure synergy that occur within 

three years of the merger. A similar, but alternative explanation is that innovation-motivated 

acquisitions target firms with large patent base, as shown by Bena and Li (2012). Following an 

acquisition, the innovative output as measured by the growth of patents increases, however this is not 

captured in RQ and thus not part of our model. 



 

 
 

68 

 

Our findings also show that the effect is not consistent across years, meaning there is some temporal 

variation on the impact to R&D productivity. Recall our findings that RQ declines less in year one 

and two after the merger. Previous research from Desyllas and Hughes (2010) found a negative impact 

followed by a rebound to positive values in the third year. They argue that the initial downturn is 

linked to integration issues and the reorganization of new R&D routines while the rebound may reflect 

a rebound of R&D spending once the firm has been integrated. There is no theoretical support for 

these differences. One explanation might stem from the acquirer extracting outputs from the target in 

the short run which mitigates the impact of integration challenges.  

 

Regarding our control variables we find a statistically significant negative relationship for our 

profitability metric, ROA.  Ravenscraft and Scherer (1989) find a similar effect on their investigation 

between profitability and M&A, concluding that mergers are not conducive to value creation. 

Looking at the impact of an acquisition on ROA in comparison to the buyer’s industry, Meeks (1977) 

also finds a result below the industry average. This evidence contributes to the hypothesis of 

inefficient management which may be distracted by the acquisition.  

 

At face value, we conclude that M&A has a negative impact on R&D process. Due to the connection 

with economic growth, these findings suggest further attention on firms that aim to promote 

innovation-motivated transactions. From a firm perspective, M&A demands caution and careful due 

diligence on factors such as technological/ knowledge complementarity that facilitates integration. 

Moreover, even though on average, M&A decreases innovative productivity for the acquirer, it may 

have positive spillover effects on the aggregate level of innovation in the economy; however, we 

leave this open for future work. 
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7. Limitations and Future Work 

7.1. Econometric Issues 

Panel data is frequently analyzed in financial research. The choice of model underpinning our analysis 

depends primarily around our assumption about the unobserved effects and the structure of the 

underlying data. We run a Hausman test in order to determine the feasibility of a fixed or random 

effects models. Our results are displayed in Appendix H and reject the null hypothesis that the model 

of choice should be random effects in favor of a fixed effects model. One benefit of a panel data 

structure is that we can control for omitted variables which are time or industry invariant. In contrast, 

OLS relies largely on inclusion of additional regressors to limit time invariant characteristics across 

industries by including them as dummy variables. The issue however is that there may be variables 

that change over time and are correlated with both RQ and M&A, in which case our coefficients may 

be biased. In this line, Gormley and Matsa (2014) argue that a fixed effects model is unable to control 

for unobserved heterogeneity within groups. Nickell (1981) articulates that the fixed effects estimator 

is known to be inconsistent by the factor of 1/T, where T is the number of time periods. By this line 

of reasoning, Nickell (1981) suggests that this problem may be overcome using a large N (cross-

sectional units) and small T (time periods), which our study does. Many other studies try to further 

alleviate this problem through the implementation of an instrumental variable; however, given our 

introduction of a novel variable, and for practical reasons, we did not find a suitable variable which 

might suffice in a fixed effect model. We recognize this as a possible limitation, although we argue 

that no models are exempt from biases and thus our fixed effects model is more robust than other 

potential models - including the naïve pooled OLS model. Due to the inclusion of fixed effects, we 

also cluster standard errors at the firm level to account for heteroskedasticity which is standard 

practice for panel data models. 

 

There is another potential endogeneity problem in our ex-post analysis of the M&A process. This 

arises from an issue not unlike described in the first paragraph i.e., there may be variables that are 

correlated with M&A which are simultaneously impacting RQ. In this case, a negative correlation 

might exist, even if not a result of M&A. An example could be an exogenous shock that threatens 

R&D subsidies in an industry. In this instance, firms may try to pursue defensive M&A activities to 

adapt to a forward-looking R&D productivity slowdown. One way to address this concern is using 

withdrawn deals. In our model specification in section 5.3., we include “withdrawn deals” in Column 

(5) as a control variable and argue that it reaffirms the negative impact of acquisitions on R&D 
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productivity. However, a more formal approach is to split acquisitions into two groups: failed deals 

and successful deals. This grouping can be performed using propensity score matching to accounts 

for endogeneity of the merger formation and hence provides a more precise quasi-experiment for 

drawing causal conclusions. Our withdrawn deals are also relatively small (N=45) because most deals 

are submitted only when it can be expected that they will pass regulatory hurdles. 

 

Putting our econometric model aside, there is also a limitation in assessing the outcome of M&A due 

to the potentially inappropriate short time scale used to capture synergy in R&D (3 years). In the letter 

written by the President of the Royal society to the House of Commons ahead of Pfizer’s bid for 

AstraZeneca, Sir Paul Nurse writes “Science is not a quick win sector – it requires long term 

investment” (Ghosh, 2014). Although practical choices must be made in choosing an adequate 

research design, the time sensitive nature of realizing gains from R&D initiatives make it hard to 

draw conclusive results on M&A. Thus, we also leave this up to future research to understand the 

implications on long term R&D productivity. 

 

In conclusion, our models have limitations when drawing causal inferences. However, there are many 

instances in which causal relationships are hard to prove and partial correlations still uncover a great 

deal of variation between variables which can enhance our understanding of innovation and M&A. 

 

7.2. Future Research 

The next step in developing a model on R&D productivity and M&A is incorporating data from the 

targets, especially when drawing upon all the valuable cross-industry data. For example, it would be 

interesting to focus on the technology and asset proximity between target and acquirer. Especially 

since research has indicated the utility of including those variables (Cloodt and Hagedoorn, 2006; 

Cassiman et al., 2005; Higgins & Rodrigues, 2006). Including the characteristics of the target would 

also give new insights on factors which might increase the feasibility of an integration. For example, 

the inclusion of cultural factors that might hamper or improve knowledge sharing post-M&A.  

 

Uncovering a more nuanced view of both M&A and R&D might offer additional insights into the 

value created through corporate strategy and innovation. In general, there is growing evidence that 

firm strategy is more nuanced than a trade-off between internal and external capabilities. Mergers and 

acquisitions are also not the only response to leveraging external innovation. Often, they are included 

in a strategy combining alliances, licensing agreements or joint ventures. The same can be said for 
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R&D, which is more multifaceted than our analysis suggests. Thus, one interesting approach for 

future research could be to differentiate between research and development as two distinct processes 

influenced by internationalization (von Zedtwitz & Gassman, 2000).  

 
From an anti-trust perspective, considering the other non-merging firms also constitutes an interesting 

extension of our research. By instead considering what happens to competitors in the rest of the 

industry, a more holistic argument could be made on the impact of mergers. Lastly, the split of the 

firm data in difference sub samples could deliver valuable insights.  For example, the impact of M&A 

on innovation could be compared between firms of different sizes. This could be of relevancy as 

Cohen (2010) stated that smaller firms possess greater innovative power. Smaller and larger firms 

also differ on their cost structure which could impact our findings on the realization of R&D 

synergies. 
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8. Conclusion 

Applying a novel innovation production function to measure R&D productivity, our multi-industry 

investigation provides evidence for a significant relationship between innovation and acquisition 

activity. Controlling for traditional merger motives, our results indicate a positive relationship 

between R&D productivity of the acquirer and acquisition activity using a sample of over 5000 firms 

from 1981 – 2015; in other words, a complementary relationship exists between acquisitions and 

firms that possess high innovative capabilities. Using a dummy variable to group firms based on their 

R&D productivity, we find that a firm in the top 50 percentile of innovative firms spend on average 

~35 million USD more on acquisitions than firms in the bottom 50 percentile. In a count variable 

specification, this corresponds to ~0.08 acquisitions. Our findings are robust to a lagged specification 

across acquisition count and value and is further magnified when comparing the upper and lower 

quartiles of innovative firms. These results contrast with previous findings using productivity metrics 

in the pharmaceutical sector and imply that there is important industry variation to consider. In further 

analysis, we find that firms with higher R&D productivity are more likely to engage in smaller 

acquisitions, thus conforming to the ‘systems vs. components’ theory of innovation proposed by Egan 

(2013).  

 

Second, the dilemma of whether increased merger activity is good or bad on firms’ innovation efforts 

has thus far failed to deliver conclusive results. On the one hand, economies of scale and scope may 

result in an improvement of research performance of the firms involved in a merger. On the other 

hand, integration challenges or motives to soften competition may have a detrimental effect on the 

R&D productivity. Using a three-year post-acquisition timeframe, our findings point to a strong 

decrease of -19.6% in RQ following acquisition. Complementing previous research, these results 

suggest a lack of synergies most likely attributable to integration challenges. Nevertheless, a critical 

question remains whether M&A is a short-sighted management decision or a long-term solution to 

declining global R&D productivity
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10. Appendix 

 

Appendix A 

 

Variable Definitions 

 
 

Variable Definition   

ACQUISITION VALUE Acquisition value in million USD. Source: Thomson One 

ACQUISITION COUNT Number of acquisitions per firm per year. Source: Thomson One 

SMALL ACQUISITION Acquisition where the market capitalization of the target is less than 5% of that of the acquirer. 

Source: Thomson One 

BIG ACQUISTITOINS Acquisition where the market capitalization of the target is more than 5% of that of the acquiring 

acquirer. Source: Thomson One 

RESEARCH QUOTIENT 

(RQ) 

The firm-specific output elasticity, which indicates the marginal increase the company gets in 

revenue from a 1% increase in R&D spending. It allows for universal, uniform, and reliable measure 

of R&D effectiveness using firms’ financial data. Source: Wharton Research Database (WRDS) 

Bad RQ Dummy variable which groups firms based on their RQ. Done in two specifications, the first using 

the median and the second on the 25th and 75th percentile. 

ACQUISITION [t] Dummy variable indicating 1 if a firm has acquired at least one target in the corresponding year.  

RETURN ON ASSETS 

(ROA) 

Ratio of net income over the total assets. Source: COMPUSTAT Daily Updates - Fundamentals 

Annual 

DEBT RATIO Ratio of Total liabilities over the total assets. Source: COMPUSTAT Daily Updates - Fundamentals 

Annual 

TOBIN’S Q Ratio of the market value of equity plus total assets minus book equity over the sum of total assets. 

Source: COMPUSTAT Daily Updates - Fundamentals Annual 

SIZE The natural logarithm of Total Assets. Source: COMPUSTAT Daily Updates - Fundamentals 

Annual 

CURRENT RATIO The ratio of Current assets over current liabilities. Source: COMPUSTAT Daily Updates - 

Fundamentals Annual 

FIRM AGE Current Fiscal Year minus the minimum value between the first year when the firm appears in the 

CRSP (Center for research and security prices), its COMPUSTAT IPO date and the Ritter IPO 

Database. Sources: COMPUSTAT Daily Updates - Fundamentals Annual. CRSP. J. Ritter.  

R&D INTENSITY The ratio of R&D Expenditures over the sum of total Assets. Source: COMPUSTAT Daily Updates 

- Fundamentals Annual 

SALES GROWTH Percent growth in the net sales of a firm from one fiscal period to the following. Source: 

COMPUSTAT Daily Updates - Fundamentals Annual. 

WITHDRAWN DEAL Dummy variable indicating 1 if the target or acquiror in the transaction has withdrawn the 

agreement. Source: ThomsonOne 
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Appendix B 

 

Regression of RQ on a Time Trend 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

RQ Regressed on a Time Trend 

  RQ 

   (1) 

Time  -0.002** 

 
 (0.00004) 

Constant  0.160** 

 
 (0.001) 

   
   
Firm Fixed Effects  Yes 

No. of Observations  47,779 

R2  0.006 

Note: *p < .1; ** p < .05; ***p < .01     
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Appendix C 

 

 Top 10 deals ranked by value 
 

Rank Date Acquiror Target Value (million USD) 

1 10.01.00 America Online Inc Time Warner 164.747 

2 04.11.99 Pfizer Inc Warner-Lambert Co 89.555 

3 17.01.00 Glaxo Wellcome PLC SmithKline Beecham PLC 75.961 

4 05.03.06 AT&T Inc BellSouth Corp 74.559 

5 28.10.04 Royal Dutch Petroleum Shell Transport & Trading 72.671 

6 15.07.02 Pfizer Inc Pharmacia Corp 69.445 

7 24.06.98 AT&T Corp Tele-Communications Inc 67.286 

8 26.01.09 Pfizer Inc Wyeth 59.515 

9 05.07.99 Total Fina SA Elf Aquitaine 54.907 

10 22.04.99 AT&T Corp MediaOne Group Inc 53.592 
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Appendix D 

 

Acquisitions by Year 
 

 

 

 

Years Acquisitions 
Small 

Acquisitions 
Big Acquisitions Withdrawn Deals Average RQ 

1981 56 14 40 9 0,174 

1982 57 26 29 5 0,156 

1983 62 25 35 3 0,144 

1984 79 29 42 4 0,140 

1985 70 7 21 0 0,139 

1986 115 8 31 0 0,142 

1987 107 13 32 0 0,147 

1988 120 18 36 0 0,167 

1989 140 37 4 0 0,158 

1990 158 24 45 1 0,161 

1991 168 24 38 0 0,156 

1992 188 29 54 1 0,163 

1993 209 43 56 1 0,154 

1994 247 51 58 3 0,150 

1995 254 60 74 1 0,151 

1996 304 76 89 1 0,144 

1997 317 87 92 0 0,143 

1998 355 83 116 1 0,139 

1999 366 98 109 2 0,141 

2000 221 82 54 2 0,122 

2001 346 97 116 3 0,115 

2002 335 120 99 1 0,108 

2003 360 126 96 1 0,108 

2004 427 160 125 1 0,132 

2005 432 152 129 2 0,149 

2006 432 140 135 1 0,151 

2007 405 118 114 1 0,153 

2008 402 101 118 0 0,154 

2009 337 121 78 0 0,145 

2010 360 110 85 0 0,132 

2011 393 112 110 0 0,136 

2012 326 87 98 0 0,147 

2013 323 92 82 1 0,144 

2014 390 95 114 0 0,124 

2015 337 85 86 0 0,106 
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Appendix E  

 

Linear Probability Model 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

P(Acquisition Count = 1) 

  

Contemporan

eous Model 

Lagged 

Model 

Non-Linear 

Model 
Non-Linear 

Lagged Model 

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

RQ   0.003 0.004* 0.021*** 0.022*** 

  (0.002)    (0.002)    (0.003) (0.004) 

RQ^2    -0.006*** -0.006*** 

    (0.001) (0.001) 

R&D Intensity  -0.0001** -0.0001** -0.0001** -0.0001** 

  (0.00002)    (0.00002)    (0.00002)    (0.00004)    

Return on Assets  0.019** 0.020** 0.018*** 0.019*** 

  (0.004)    (0.005)    (0.004)    (0.004)    

Debt Ratio  0.0000 0.0002 0.0001 0.0001 

  (0.001)    (0.001)    (0.001)    (0.001)    

Current Ratio  0.0002 0.0002 0.0004 0.0004 

  (0.001)    (0.001)    (0.001)    (0.001)    

Tobin’s Q  0.00002 0.00002 0.0001    0.0001    

  (0.0003)    (0.0004)    (0.0003)    (0.0004)    

Age  0.0001 0.0001 0.0001 0.0001 

  (0.0002)    (0.0002)    (0.0002)    (0.0002)    

Sales Growth  0.0001 0.0001 0.0001 0.0001 

  (0.0003)    (0.0003)    (0.0003)    (0.0003)    

Log(Assets)  -0.0003 0.0005 -0.0003 0.0001 

  (0.001)    (0.001)    (0.001)    (0.001)    

  

  
Year FE’s  Yes Yes Yes Yes 

Industry FE’s  Yes Yes Yes Yes 

Country FE’s  Yes Yes Yes Yes 

No. of Observations  45,910 40,986 45,910 40,986 

R2  0.074 0.072 0.084 0.074 

Note: *p < .1; ** p < .05; ***p < .01   
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Appendix F  

 

Median Dummy Model 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Median Dummy 

    Acquisition Count  Acquisition Value 

  

Contemporane

ous 
Lagged 

 

Contemporane

ous 
Lagged 

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

Bad RQ  -0.079*** -0.084***  -35.226 ** -45.305*** 

  (0.016) (0.017)  (15.423) (15.875) 

R&D Intensity  -0.0001** -0.0001**  -0.081* -0.161** 

  (0.00003) (0.0001)  (0.043) (0.081) 

ROA  0.037*** 0.039***  9.797*** 10.692*** 

  (0.008) (0.009)  (2.993) (3.644) 

Debt Ratio  -0.003 -0.0001  -0.364 -0.372 

  (0.001) (0.001)  (0.333) (0.340) 

Tobin’s Q  -0.0003 -0.0001  -0.344 -0.379 

  (0.001) (0.001)  (0.261) (0.328) 

Current Ratio  0.001 0.0003  1.825 1.754 

  (0.001) (0.001)  (2.039) (2.183) 

Log (Assets)  -0.001 -0.0002  -0.308 -0.330 

  (0.002) (0.002)  (3.094) (3.506) 

Age  0.0005 0.001  0.116 0.154 

  (0.0004) (0.0004)  (0.523) (0.583) 

Sales Growth  0.00002 -0.00000  -0.150 -0.151 

  (0.0003) (0.0003)  (0.131) (0.138) 

       

Year FE’s  Yes Yes  Yes Yes 

Industry FE’s  Yes Yes  Yes Yes 

Country FE’s  Yes Yes  Yes Yes 

No. of Observations  45,910 40,986  43,697 37,544 

R2  0.073 0.074  0.011 0.012 

Note: *p < .1; ** p < .05; ***p < .01 
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Appendix G 

 

 Quartile Dummy Model 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

25th Percentile Dummy 

    Acquisition Count  Acquisition Value 

  

Contemporane

ous 
Lagged 

 

Contemporane

ous 
Lagged 

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

Bad RQ  -0.111*** -0.119***  -58.883** -74.682*** 

  (0.018) (0.020)  (16.815) (19.186) 

R&D Intensity  -0.0001** -0.0001**  -0.039 -0.102* 

  (0.00003) (0.0001)  (0.029) (0.060) 

ROA  0.028*** 0.027***  7.305** 6.880** 

  (0.007) (0.008)  (2.990) (3.377) 

Debt Ratio  0.002* 0.0001  0.197 -0.362 

  (0.001) (0.001)  (0.444) (0.361) 

Tobin’s Q  -0.0001 0.0001  -0.280 3.857 

  (0.001) (0.001)  (0.344) (4.033) 

Current Ratio  0.001 0.0001  3.660 -2.993 

  (0.001) (0.002)  (3.400) (5.148) 

Log (Assets)  -0.001 -0.001  0.503 -0.455 

  (0.002) (0.002)  (4.597) (0.431) 

Age  0.001 0.001  0.326 -0.455 

  (0.0005) (0.001)  (0.823) (0.431) 

Sales Growth  -0.00001 -0.00000  -0.126 -0.148 

  (0.0001) (0.0001)  (0.116) (0.128) 

       

Year FE’s  Yes Yes  Yes Yes 

Industry FE’s  Yes Yes  Yes Yes 

Country FE’s  Yes Yes  Yes Yes 

No. of Observations  22,939 18,844  21,465 17,549 

R2  0.061 0.064  0.012 0.008 

Note: *p < .1; ** p < .05; ***p < .01 
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Appendix H  

 

Hausman Test 
 

Null Hypothesis (Ho): Preferred Model is Random Effects 

 

Data: 

 
𝐴𝑐𝑞𝑢𝑖𝑠𝑖𝑡𝑖𝑜𝑛𝐶𝑜𝑢𝑛𝑡𝑖𝑡

= 𝛽1𝑅𝑄𝑡 + 𝑅&𝐷𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑡 + 𝑅𝑂𝐴𝑡 + 𝐷𝑒𝑏𝑡𝑅𝑎𝑡𝑖𝑜𝑡 + 𝑇𝑜𝑏𝑖𝑛𝑠𝑄𝑡 + 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑅𝑎𝑡𝑖𝑜𝑡

+ log (Assetst) + 𝑆𝑎𝑙𝑒𝑠𝐺𝑟𝑜𝑤𝑡ℎ𝑡 + 𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠

+ 𝑇𝑖𝑚𝑒𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝑒𝑖,𝑡 

 

Chi.sq df p-value 

638.84 155 <2.2e-16 

 

p-value less than 0.05 rejects the null hypothesis that the preferred model is random effects for the 

alternative of fixed effects. Therefore, we use the fixed effects model. 

 

Data: 

 
𝐴𝑐𝑞𝑢𝑖𝑠𝑖𝑡𝑖𝑜𝑛𝑉𝑎𝑙𝑢𝑒𝑖𝑡

= 𝛽1𝑅𝑄𝑡 + 𝑅&𝐷𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑡 + 𝑅𝑂𝐴𝑡 + 𝐷𝑒𝑏𝑡𝑅𝑎𝑡𝑖𝑜𝑡 + 𝑇𝑜𝑏𝑖𝑛𝑠𝑄𝑡 + 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑅𝑎𝑡𝑖𝑜𝑡

+ log (Assetst) + 𝑆𝑎𝑙𝑒𝑠𝐺𝑟𝑜𝑤𝑡ℎ𝑡 + 𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠

+ 𝑇𝑖𝑚𝑒𝐹𝑖𝑥𝑒𝑑𝐸𝑓𝑓𝑒𝑐𝑡𝑠 + 𝑒𝑖,𝑡 

 

Chi.sq df p-value 

346.6 155 <2.2e-16 

 

p-value less than 0.05 rejects the null hypothesis that the preferred model is random effects for the 

alternative of fixed effects. Therefore, we use the fixed effects model. 

 

 


