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1 INTRODUCTION 

Technology is changing how businesses operate and their competitive landscape at a 

rapid rate. Instead of being an option, innovation and digital transformation have 

become a must for companies not to fall behind their competitors. This demand for 

innovation is even reflected in the M&A market, where according to the findings of BCG, 

the proportion of targets in the high-tech industry is growing faster than the overall 

market and represented 30% of the total M&A market in 2016 (Kengelbach, Keienburg, 

Schmid, Degen, & Sievers 2017). Furthermore, 70% of these high-tech acquisitions 

involved a buyer from outside of the technology sector, indicating that this appetite for 

high-tech companies is not limited to the technology sector.  

When used correctly, mergers and acquisitions can be a powerful part of a company’s 

strategy. Motives for M&A range from decreasing industry competition through 

consolidation and acquiring knowledge to expanding to new markets or industries. If a 

company purchases another, be it a competitor or a player in a different field, the 

opportunity to create synergies arises. The technology sector has even witnessed an 

increasing trend in large companies attempting to buy innovation through strategic 

acquisitions (Vella 2008). A prime example is Google. It completed 108 takeovers during 

the six years following its initial public offering (Efrati 2011). Acquiring innovative firms 

can fuel growth and ensure that the business does not fall behind in terms of 

technological advancements. In Google’s case, some of the companies purchased were 

search engines whose technology it implemented into its software, while others allowed 

it to enter new industries.  

Acquisitions are suggested to be an alternative approach to developing new products and 

services. They enable faster access to a complementary asset needed to improve the 

firm’s current product portfolio (Teece 1986). By relying on acquiring, rather than 

developing, firms avoid the risk of losing the race of innovating, i.e., spending resources 

developing a product inferior to their competitors. In this regard, acquired firms are 

expected to be more innovative and produce superior products. Firms generally wish to 

be considered innovative, but how could one define the word innovation? The famous 

Austrian economist Joseph Schumpeter (1934) has five descriptions for innovation listed 

as follows:  
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1. The introduction of a new product. 

2. Adoption of a new method of production. 

3. The opening of a new market. 

4. The conquest of a new source of raw materials or semi-manufactured goods. 

5. Re-organization of production processes within a firm. Innovations are the 

commercial applications of inventions by entrepreneurs. 

Innovation is expected to change the competitive dynamics of an industry or a whole 

sector. In the academic context, the definition of innovation is often simplified and used 

interchangeably to describe variables like R&D intensity and the number of patents the 

firm holds. R&D intensity, the ratio of R&D expenses to either revenue or total assets, is 

typically described as a measure of innovation input. In contrast, the number of patents 

the firm holds is generally used as a proxy of its innovation output.  

The potential benefits of acquiring innovation are broader than just employing new 

intellectual property or decreasing industry competition. Ahuja and Katila (2001) found 

that M&A can lead to the modernization of business functions within the acquirer while 

Capron (1999) argues that M&A deals can benefit the acquirer by leading to more 

efficient use of capital. This is supported by Lewellen (1971), who claims underutilized 

debt capacity to be a key motive for M&A acquisitions.  

Despite the potential to create value, shareholders of the acquiring company are seldom 

the short-term beneficiaries of acquisitions. The shareholders of the takeover target are 

aware that the deal is expected to increase the value of their shares and are therefore 

reluctant to sell out at the market price. Driven by personal interests and behavioral 

factors like managerial overconfidence (Roll 1986) and empire building (Jensen & 

Meckling 1976), the acquiring firm’s management usually ends up paying premium 

larger than the value created in the transaction.  From an investor’s point of view, being 

able to assess the likelihood to be acquired, may enable a more accurate valuation of the 

company. According to BCG’s estimates, the long-run average premium paid on takeover 

targets is 32.7% (Kengelbach, Keienburg, Schmid, Degen, & Sievers 2018), providing 

shareholders of the target company with a substantial compensation for giving up their 

shares. 



 3 

1.1 Problem statement  

If innovative technology firms are indeed more likely to be acquired, their share prices 

should reflect this potential upside. In academic literature, a firm’s level of innovation 

input is usually measured as its research and development expenditure relative to its 

revenue, a term typically called R&D intensity. Despite the generally accepted association 

between investments in R&D and innovation, it is far from the only factor affecting who 

is coming up with the next revolutionizing technology. Innovation input does not go hand 

in hand with innovation output, making identifying great innovators difficult. Some 

firms may invest more heavily in research and development and still produce fewer 

patents and new products than their competitors. Excellent management and a sound 

understanding of customers are also of great importance when trying to identify the next 

company to revolutionize an industry. The late Steve Jobs, CEO of arguably one of the 

most innovative companies of its time, attributed factors other than R&D and patents to 

Apple’s success. Rather than investments in research and an extensive patent portfolio, 

Jobs emphasized the importance of having the right people, managing them correctly, 

and “getting it” (Kirkpatrick 1998). Hence, the findings of this study will be limited to 

one measure of innovation and not necessarily applicable to all companies that are 

considered innovative.   

As stated earlier, R&D investments do not correlate perfectly with how successfully a 

company manages to innovate. Wakelin (1997) notes that R&D expenditure has a 

positive effect on productivity growth, but the exact nature of the relationship is unclear. 

She states that: “Innovative firms may have internal resources which mark them out 

from other firms and explain their better productivity history and ability to innovate over 

time.” As these internal resources are impossible to assess from the outside, even this 

study relies on R&D intensity as a measure of innovation.  

Hall (1988), Laamanen (2007) and, Bena & Li (2014) found that acquiring companies 

tend to pay a premium on targets with higher R&D intensities, but whether a high R&D 

intensity makes a technology company more likely to be taken over, is somewhat unclear. 

The findings of Desyllas and Hughes (2009) indicate that such a connection could exist; 

however, their observed period from 1984 to 1999 leaves out the whole Big Tech era and 

the latest merger waves. Although innovation as a determinant for acquisition targets 

has previously been studied (Valentini 2004; Bena & Li 2014; Wu & Chung 2019), 

Desyllas and Hughes (2009) seem to be the only ones that have focused on the 

technology sector in specific. If the probability of being targeted in a takeover attempt 
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increases with R&D intensity, both the higher likelihood of receiving a takeover bid and 

the premiums paid on innovative companies should be reflected in the business value, 

ceteris paribus.  

1.2 Purpose 

The purpose of this study is to explore whether R&D intensity is a suitable determinant 

for identifying takeover targets in the technology sector. 

The research questions are phrased in the following ways:  

1) Is R&D expenditure a relevant variable for modeling technology company 
acquisitions?  

2) Could technology company acquisitions be predicted using a model 
consisting of R&D intensity and other empirically established takeover 
determinants?  

 

1.3 Limitations 

This thesis focuses on acquisitions of American technology companies between 1990 and 

2018. The choice of market is made primarily due to the high M&A activity and the broad 

technology sector of the United States. The American technology sector provides an 

adequate sample size, which could cause problems due to the high number of firms with 

missing values for research and expenditure. The observed time frame is selected based 

on the availability of data.  To be considered acquired, the transaction must be marked 

as completed by the end of 2018, and the acquirer needs to have purchased more than 

50% of the shares in the target company in that given transaction. Acquisitions that 

increase the acquirer's ownership above 50% but involve less than half of the company’s 

shares are therefore not considered.  

The thesis aims to uncover whether R&D intensity is a suitable determinant for takeovers 

and if a model built around the variable is able to distinguish between future takeover 

targets and non-targets. Although the predictive capabilities of the model are assessed, 

signal-based trading strategies are outside the scope of this thesis.  

1.4 Contribution 

This study contributes to the existing literature by examining how innovation affects the 

M&A behavior of a sector that has experienced rapid change recently. While there are 

previous studies that used R&D intensity as a determinant for takeovers, the literature 

on the interplay of R&D and M&A is rather scarce and somewhat contradictory. Valentini 
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(2004), Desyllas & Hughes (2009), and Bena and Li (2014) have previously found the 

variable to be relevant; however, neither Frey & Hussinger (2006) nor Hall (1988) were 

able to find similar results. Previous studies on the interplay between R&D intensity and 

takeover likelihood are fragmented both geographically and across sectors. Generally, 

studies focusing on a given sector or industry seem to be more likely to find a relevant 

relationship between the two. Valentini (2004) studied the industry for medical devices 

and photographic equipment in the United States, whereas Desyllas and Hughes (2009) 

focused on the American high-technology sector.  

This thesis narrows down the sample examined to the technology sector, similarly to 

Desyllas and Hughes (2009), but with a more modern set of observations. The last year 

included in these author’s data set is 1998, implying that they left out the IT-bubble and 

the Big Tech era from their sample. Building on the findings of these authors, a longer 

and more recent data set is used, which covers multiple merger waves and even the 

financial crisis of 2008. By focusing on a particular sector, this study aims to provide a 

deeper understanding of the dynamics between innovating and M&A. Also, by 

investigating the aspect of the predictive capabilities of innovation input and the 

constructed model, predictability of technology company acquisitions is analyzed. 

1.5 Definitions of expressions used 

To make the paper easier to follow, abbreviations and expressions used are defined here. 

R&D and R&D intensity are two of the most frequently used terms in the thesis. R&D 

refers to the research and development expenses that the given company has incurred 

during the financial year. These costs generally occur from conducting research or trying 

to develop new products and services. The amount of R&D expenses a company incurred 

can be found on its income statement. R&D intensity, on the other hand, is defined as 

the ratio of research and development costs to the revenue of the given financial year and 

is used as a measure of innovation. Innovation input generally refers to research and 

development costs, while innovation output refers to immaterial assets such as patents 

that are obtained from successful innovating efforts. Table 1 summarises the definitions 

to some of the most frequently used terms in this study.  
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Table 1 Frequently used terms and abbreviations 

Term Definition 

R&D expense Costs arising from conducting research and developing new 

products and services 

R&D intensity The ratio of R&D expenses to revenue 

Financials Acquirers that view the target solely as an investment 

Strategics Buyer aiming to incorporate the target into their long-term 

strategy 

ROC curve The receiver operating characteristic curve plots the true 

positive rate (sensitivity) against the false positive rate 

(specificity) 0f a model’s predictions 

AUC The area under a ROC curve 

 

1.6 Outline 

The following chapter explains theories behind M&A activity and the different factors 

motivating its’ agents to participate. Then, the main factors associated with acquisition 

likelihood will be discussed, followed by relevant previous studies covering the topic in 

chapter four. The process of collecting sample data will be described thereafter, along 

with descriptive statistics of the sample variables and the observed groups of companies. 

This is followed by the methodological part of the paper, which aims to describe and 

motivate the different empirical choices made. The results will be presented in the 

following chapter, along with a comparison with the findings of previous papers. Finally, 

the conclusions will be drawn along with a reflective analysis of the paper and its 

contribution. 
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2 ACQUIRING INNOVATION 

This chapter outlines the motives behind acquisitions. First, different reasons for 

acquisitions are presented. Then, the different types of acquirers are introduced, and 

their preferences in targets are discussed. The reason for large companies not to conduct 

R&D and rely on acquiring proven innovators is examined thereafter, which is followed 

by the premiums paid on M&A transactions along with factors affecting their size. 

Finally, the cyclical nature of the number of mergers and acquisitions is discussed. 

2.1 Underlying motives for mergers and acquisitions 

Mergers and acquisitions are usually defined as the consolidation of company assets 

through different types of transactions. Although the words mergers and acquisitions are 

often used together or separately almost interchangeably, they do have slightly differing 

definitions. A merger is typically described as a situation where two equal companies 

combine to build a new entity. An acquisition, on the other hand, is a transaction where 

there is a clear acquirer and a target company that gets purchased in the transaction. In 

these transactions, the target may be melted into the acquirer or resume its operations 

as before under a new owner. This thesis focuses on the latter, acquisitions, which are 

referred to when the word M&A is used later in this thesis.  

Powell (1997) lists three commonly considered motives for takeovers. First, they create 

value by replacing inefficient management teams, giving them a governing function 

(Grossman & Hart 1980; Jensen 1988). The second reason is to exploit synergies 

between firms, and the third is to pursue the management’s personal interests. If the 

takeover leads to a new combined entity that is worth more than the two companies by 

themselves, the transaction can be viewed successful (Hodgkinson & Partington, 2008). 

However, the acquirer does have challenges to overcome for the acquisition to succeed. 

Henningsson (2014) lists target selection, negotiating contracts, and information system 

integration as crucial steps for M&A transactions to be successful.   

As ownership of assets changes through M&A transactions, they are a part of the market 

for corporate control. Hence, if the acquirers do create synergies, this market can be 

viewed as a mechanism that reallocates assets to more efficient users as takeovers have 

a governing effect on companies. Companies that are not run according to the interests 

of their shareholders' risk of being acquired and having their management replaced. 

Despite the potential benefits provided to society, M&A activity is restricted through 

regulation to ensure fair competition and discourage the concentration of corporate 
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power. The goal of these antitrust laws is to prevent transactions that would make a 

company too dominant for fair competition through, e.g., collusion or exclusion.  

2.1.1 Horizontal acquisitions 

A horizontal acquisition involves two companies that can be viewed as competitors. 

Typically, these acquisitions are expected to create synergies by deriving benefits from 

economies of scale and scope, avoiding duplicate costs associated with R&D and 

management. Companies in the technology sector may use horizontal acquisitions to 

increase their market share by acquiring competitors, or to fill in technological gaps by 

acquiring patents or products to strengthen their industry competitiveness.  These kinds 

of synergies are referred to as collusive synergies by Chatterjee (1986).   

The high share of value stemming from intangible assets makes technology companies 

generally challenging to value. However, due to lower information asymmetries, 

horizontal acquirers may have an advantage in valuing the target company if there exists 

a technological overlap in their know-how and patent portfolios (Kaplan 2000). This is 

consistent with the findings of Bena and Li (2014), who showed technological overlap to 

be an essential factor in the formation of merger pairs. The results of Hoberg and Phillips 

(2010) show horizontal mergers to perform better than conglomerate or vertical ones, as 

they are associated with the highest increase in profitability and growth, ceteris paribus.  

2.1.2 Vertical acquisitions 

Vertical acquisitions are transactions where the acquired company and the acquirer 

share the same value chain. By integrating up or down its value chain, the acquirer allows 

itself better control over its value chain. This strategy may be especially effective if the 

acquirer is reliant on the acquired company, amplifying its pricing power. An example of 

such a vertical acquisition is Apple’s purchase of chip designer P.A Semi in 2008. It 

enabled Apple to use processors solely designed for its products and made it less reliant 

on Intel (Christensen, Alton, Rising, & Waldeck 2011). The value created by vertical 

acquisitions has been studied by Fan and Goyal (2006), whose results indicate vertical 

mergers to create more value than conglomerate ones.  

2.1.3 Conglomerate acquisitions 

Conglomerate acquisitions describe transactions where the acquirer and the target 

companies have few similarities, operating in separate industries and value chains. While 

it might be more challenging to imagine synergies achieved through conglomerate 
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acquisitions, they do enable the company to enter new markets swiftly, without having 

to build any capacity or knowledge themselves. Another suggested benefit from them 

stems from diversifying business risk onto unrelated industries. In its 2017 M&A report, 

BCG claimed that most tech-related acquisitions in 2016 involved buyers from outside 

of the tech sector, displaying that decreasing industry competition is far from the only 

reason to acquire technology companies (Kengelbach et al. 2017). However, identifying 

pure conglomerate acquisitions is becoming increasingly difficult as the M&A literature 

also recognizes concentric acquisitions. These transactions involve companies with 

different operations but with similarities in terms of technology or intellectual property, 

which could be the main drivers of many cross-sector deals.  

2.2 Types of acquirers 

Generally, acquirers can be grouped by their motives for the transaction, strategic, and 

financial acquirers. To avoid repetition, strategic acquirers will be referred to as 

strategics and financial acquirers as financials. Acquisitions carried out by strategics are 

usually driven by the expectation of being able to exploit different operational synergies 

from horizontal or vertical acquisitions. If these expected synergies do exist, the value of 

the company will increase as its ownership changes. Strategic acquirers have been 

suggested to look for targets with assets that complement their product portfolio by 

Rhodes-Kropf and Robinson (2008).  

In contrast to strategic acquirers, there are financial buyers. Their goal is to improve the 

company operationally and then exit their position by selling off their ownership at a 

later point of time. The financial buyers are not looking for operational synergies and are 

usually different investment companies and funds. Therefore, they rarely operate in the 

same industry nor sector as the targets they acquire.  

The two groups of buyers differ in their motives behind the transaction and also in the 

premiums they tend to pay. The reason why financial buyers tend to pay lower premiums 

than strategics is still a mystery to this day. However, one potential explanation 

suggested by Bargeron,  Schlingemann, Stultz, and  Zutter (2008) is the tendency of 

targets acquired by financials to display a worse recent performance.  

2.3 M&A activity as an incentive to innovate 

Phillips and Zhdanov (2013) argue that acquiring innovation is a way of outsourcing 

R&D to smaller firms. This is supported by Blonigen and Taylor (2000), whose findings 

https://econpapers.repec.org/RAS/psc684.htm
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indicate that electronic and electric equipment manufacturers substitute R&D 

investments with acquisitions. By not engaging in the race of innovating, large 

companies let others come up with innovations and acquire those who do it successfully. 

Similarly, an active acquisition market incentivizes small firms to innovate, as the 

increased likelihood to be acquired amplifies their potential returns on R&D 

investments. This is consistent with the findings of Bena and Li (2014), who discovered 

that firms with a high number of patents and low investments in R&D tend to acquire 

innovative companies. Another variable affecting innovating is industry competition. 

According to industrial organization theory, increased industry competition should 

reduce innovation, as it diminishes the monopoly rents available to successful innovators 

(Dasgupta and Stiglitz 1980).  

Bena and Li (2014) claim that acquiring innovation not protected by patents is an 

infeasible option, which is motivated by the argument that a high level of information 

needs to be disclosed for it to be valued. If the relevant information is given, the buyer 

could replicate these innovation efforts, rather than paying for it by acquiring. This view 

on the risk of information leakage provides support to a relationship between acquisition 

likelihood and innovation but would not contribute to R&D intensity being a relevant 

determinant for acquisitions.  

2.4 Overpaying for acquisitions 

Paying too large of a takeover premium is one of the key reasons many acquisitions end 

up being considered failed. According to the findings of Grubb & Lamb (2000), only a 

mere 20 percent of M&A transactions end up creating value for the shareholders of the 

acquirer. One explanation for the inability of takeovers to create value for the acquirer is 

a hypothesis coined by Richard Roll in 1986, called the theory of managerial hubris.  

According to Roll (1986), managers overestimate their abilities, leading them to 

overestimate the synergies they can create in an acquisition. These managers believe that 

the transactions do create value but fail to do so due to their overly optimistic estimates 

of the synergies they can create. The effect of overconfidence is amplified in a situation 

where multiple firms bid for the same acquisition target, leading to the highest bidder 

potentially exposed to the winner’s curse. Signs of managerial hubris have previously 

been found by Berkovitch and Narayanan (1993) in takeovers in the United States and 

by Goergen and Renneboog (2004) in Europe.   
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Empire building is another theory striving to explain takeover premiums. It builds on 

conflicting interests between the management and the shareholders of a firm. According 

to the theory, managers may have incentives to increase the size of the firm through 

acquisitions due to a compensation structure tied to firm size, or for the glamour of 

managing a large firm. Hence, they make decisions that are in their own best interest 

rather than that of the shareholders of the firm. This theory is supported by the findings 

of Harford and Li (2007), who found managers to benefit from 75% of transactions that 

destroy shareholder value. 

This value-destroying effect is even believed to be magnified if the firm creates cash flows 

that clearly exceed its needs to reinvest. According to the free cash flow hypothesis, 

introduced by Jensen (1986), firms with high levels of excess cash flows are likely to 

initiate value-destroying M&A transactions. Firms with highly diluted ownership are 

especially vulnerable to this, as no shareholder has a stake large enough to incentivize 

them into monitoring the management closely.  

For the past 30 years, shareholders of American takeover targets in the technology sector 

have been paid handsomely to hand over their shares. If the capital markets are assumed 

to be at least semi efficient, the share prices of the firms affected by the transaction 

should adjust to it, as soon as the takeover bid is announced (Fama 1970). Based on the 

transactions reported in Thomson Reuters Eikon database, the average premium on 

these transactions relative to the market values one week and four weeks before the 

announcement has been 43.4% and 46.8%, respectively. This far surpasses the long-run 

average stock market takeover premium of 32.7%, reported by BCG (Kengelbach et al. 

2018). Technology sector acquisition premiums increase rapidly after the burst of the IT-

bubble, reaching a peak of 98% in 2003. Although these peak premiums sound incredibly 

high, the valuations of these acquired companies were quite modest compared to their 

market values a couple years earlier. The historical yearly averages of takeover premiums 

paid on American technology companies can be viewed from Figure 1. 
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Figure 1 Premiums paid on American technology companies (Thomson Reuters 
Eikon Database) 

In most cases, the acquisition premium is larger when the bid is compared to the 

company’s market value four weeks prior to the announcement, rather than a week prior. 

The decrease in the size of the premium can be explained by factors such as information 

leakage (Yilmaz & Tanyeri 2016) and the long term upward sloping trend of the stock 

markets.  

2.5 M&A Waves 

Historically, mergers haven’t occurred evenly throughout time, rather in clusters often 

referred to as merger waves. Although there are many theories on what causes merger 

waves to occur, Brealey, Myers, and Allen (2010, p. 908) describe the reason for merger 

waves as” one of the 10 Unsolved Problems in Finance”. 

Changes in the economic, regulatory, and technological changes in the business 

environment have been suggested to be part of the reason for these sharp increases and 

decreases in the number of M&A transactions (Cordeiro 2019). According to Harford 

(2005), another driver behind merger waves stems from industry shocks that require 

reallocation of assets. For these waves to arise, there needs to be both economic motives 

to reallocate assets and cheap financing available from the capital markets. Hence, the 

macroeconomic environment needs to be suitable for a wave of mergers to arise. Even 

broad stock market valuations are believed to affect births of merger waves. Shleifer and 
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Vishny (2003) argue that as firms become overvalued during stock market booms, their 

managers aim to “cash in” by either finding an acquirer or acquiring other companies 

using their own shares.  

According to Carderio (2019), The United States has experienced seven merger waves so 

far, the first commencing in 1890 while the last begun in 2014. As this thesis focuses on 

a time frame stretching from 1990 to 2018, it considers transactions from three of the 

most recent merger waves. The number of listed American technology company 

acquisitions, as reported by Thomson and Reuter’s Eikon database, can be viewed from 

the Figure 2 below.  

 

Figure 2 Listed American technology companies acquired by year 

Source: Thomson Reuters Datastream Database 

Based on the graph, technology companies were sought after acquisition targets at the 

turn of the century, after which the number of these transactions sharply declined. 

During the sixth and seventh merger waves, a slight increase in the number of 

acquisitions can be witnessed. 
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3 DETERMINANTS OF TAKEOVER TARGETS 

To further develop the understanding of the interplay between target company 

characteristics, and its likelihood of being acquired, the rationale for a determinant has 

to be understood. This chapter introduces a set of empirically established explanatory 

variables that have previously been used as determinants for takeovers, along with the 

rationale behind them.  

3.1 Innovative company hypothesis 

Resources like new technology and patents can either be developed in house or acquired 

through M&A transactions. Ali-Yrkkö, Hyytinen & Pajarinen (2007) find a relationship 

between the number of patents held by Finnish companies and the likelihood to be 

acquired in a cross-border transaction; however, this link does not exist with domestic 

acquirers. Frey and Hussinger (2006) state that acquisitions can be used to enhance a 

company’s technological competitiveness, although the usefulness of acquired 

technology is related to industry proximity. This hypothesis is supported by the findings 

of Hall (1988), which indicate acquirers to prefer targets similar to themselves in terms 

of R&D investments. One explanation for this is provided by Bena and Li (2014), who 

find overlapping premerger technologies to enhance the number and quality of patents 

produced post-merger. When M&A transactions are executed to obtain technological 

capabilities, the R&D intensity of the target company is expected to increase after the 

transaction (Wubben, Batterink, Kolympiris, Kemp, & Onno 2015). Desyllas and Hughes 

(2009) even coined a hypothesis about firms that are weak innovators to be likely 

acquisition targets. The authors expect firms that do not invest in R&D to be possible 

takeover targets as the lack of innovative commitments and intellectual property makes 

them easier to improve. Their results did back this hypothesis, as the coefficient estimate 

for the indicator variable for zero patents showed a strong positive relationship with 

being acquired in the following period.  

 If investments in R&D result in useful intellectual property, R&D will lead to an increase 

in the number of interested acquirers. On the other hand, successful R&D is also 

expected to increase the value of the firm, which would decrease the likelihood of being 

acquired, if acquisition targets are assessed based on valuation. Support for the theory of 

innovative companies being more likely acquisition targets has previously been provided 

by, e.g., Valentini (2004), Desyllas and Hughes (2009), Bena and Li (2014), and Phillips 

and Zhadanov (2013).  
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3.2 Company size hypothesis 

A measure of company size is often used as a determinant for acquisition targets. The 

variable is usually expected to be negatively associated with acquisition likelihood, as 

larger companies have a smaller universe of potential acquirers due to financing 

constraints. Furthermore, Ambrose and Megginson (1992) argue that larger companies 

are better positioned to fend off hostile takeover attempts, while Powell (1997) claims 

that absorption costs increase with target company size (Powell 1997). Even the 

likelihood of a company becoming too dominant according to antitrust laws can be 

argued to increase with the size of the target firm, further hampering the opportunity to 

acquire large companies. Previous findings by Palepu (1986) and Powell (1997) support 

the company size hypothesis.  

3.3 Replacement of inefficient management hypothesis 

When a company is managed, inefficiently private equity companies and corporate 

raiders may spot an opportunity to create value through replacing its management. This 

risk of a hostile takeover plays a governing role on managers who are not acting 

according to the interest of the shareholders, i.e., maximizing company value. 

Accordingly, Palepu (1986) finds that companies whose shares have recently performed 

well are less likely to be acquired, while the company’s overall profitability displayed no 

significant impact.  

3.4 Company undervaluation hypothesis 

Companies are often valued based on balance sheet- or earnings-based multiples, like 

the price to book or the price to earnings ratio. If overvalued firms do, on average, have 

higher valuation multiples, their managers should be eager to participate in M&A deals, 

making them more likely acquisition targets as theorized by Shleifer and Vishny (2003). 

From the acquirer’s point of view, valuation theory for acquisitions states that the 

acquiring firm’s management can value the target more accurately than the capital 

markets (Ravenscraft & Scherer, 1987). 

On the other end of the spectrum, Danzon, Epstein & Nicholson (2007) suggest that 

small firms with low valuations seek mergers to escape financial distress. They found 

Tobin’s Q to be significant and to be positively associated with the likelihood of being 

acquired among pharmaceutical and biotech companies. Contrary to them, Palepu 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4691872/#bb0215
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(1986) found PE and the PB ratios to be insignificant. These variables can also be viewed 

as a measure of expected growth, as high valuation multiples are usually associated with 

having a low risk profile or high expectations for growth.  

3.5 Mismatch between growth and resources hypothesis 

A mismatch between resources and growth potential is a variable originally suggested by 

Palepu (1986). Companies with high growth potential but limited resources available to 

finance investments can be attractive acquisition targets for a mature company excess 

capital. After acquiring such a company, the acquirer may unlock the target’s potential 

growth by providing it with capital for profitable investment opportunities, increasing its 

value. Similarly, if activist investors recognize a company with little room to grow but a 

high cash balance, they may see it as an opportunity to create value by distributing the 

extra cash as dividends. Hence, the combination of having either high growth potential 

and low resources or low growth potential and lots of resources is expected to increase 

the likelihood of being targeted in M&A transactions. This variable displayed a 

significant positive relationship with acquisition likelihood in Palepu’s (1986) study, 

providing support for the hypothesis.  

3.6 Leverage and liquidity hypothesis 

Eddey (1991) argues that acquirers prefer targets with high liquidity and low leverage to 

decrease the leverage of the combined entity.  High leverage can also be a driver for being 

acquired if the company suffers from financial distress (Danzon, Epstein & Nicholson 

2007). Support for insolvent companies being acquired as a means for avoiding 

bankruptcy is even supported by the findings of Shrieves and Stevens (1979), who found 

that 15.2% of M&A targets are close to bankruptcy when acquired. Generally, private 

equity companies, one of the main types of financial acquirers, prefer firms with stable 

cash flows and low levels of debt to support potential debt issued in the takeover. Hence, 

low leverage can be argued to make a company more attractive for certain financial 

buyers that focus on leveraged buyouts. High liquidity could make a company an 

attractive takeover target if it is caused by inefficient use or allocation of assets. 
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4 PREVIOUS RESEARCH  

This chapter presents previous studies relevant to the topic of determinants for 

acquisition targets. The chapter consists of five different papers that are discussed in 

detail. Finally, a short discussion of the findings and contribution of each paper is 

provided.  

4.1 Palepu (1986) 

In his article: “Predicting takeover targets: A methodological and empirical analysis” 

Krishna Palepu (1986) discusses the biases of previous acquisition prediction models and 

aims to test whether predicting takeover targets is possible after accounting for these 

biases. He points out authors like Simkowitz & Monroe (1971), Stevens (1973), and 

Belkaoui (1978), who were able to obtain accuracies ranging from 70% to 90%. 

Accuracies this high would imply the possibility to predict future takeover targets rather 

accurately. Palepu mentions a few sources of systematic bias arising in these papers. The 

first being usage of an equal share of targets and non-targets in the evaluation data sets. 

As the distribution of the sample is highly skewed, using a similar number of acquired 

and non-acquired companies in an evaluation test set overstates the share of takeover 

targets, limiting the effect type 1 error has on the performance of these models. 

Furthermore, previous studies have chosen the cut-off values for predictions arbitrarily, 

making it difficult to interpret their true prediction accuracies due to the possibility to 

engineer an accuracy that is as high as possible.   

4.1.1 Data 

Palepu (1986) uses a sample of 163 targets and 256 non-target companies listed on New 

York and American stock exchange between 1971 and 1979 to train his model for takeover 

prediction. All the target companies that met the data requirements are included, as well 

as a sixth of the companies belonging to the non-target group. All sample companies 

belonged to either the manufacturing or to the mining industry. After estimating the 

coefficients, the model is then evaluated using a separate set of data from 1980, 

consisting of 30 acquired companies and 1087 non-targets.   

The evaluated model consists of nine different explanatory variables. Palepu uses return 

on equity and abnormal returns as measures of inefficient management. Price to book is 

included as a measure of how highly the company is valued, despite the author himself 

noting that the fact that the balance sheet does not necessarily reflect the true 

reproduction cost of the company.  
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Price to earnings ratio is included as an additional measure of company valuation. The 

hypothesis behind the variable is that firms with high PE ratios acquire firms with lower 

ratios, hoping that the market values the combined entity according to the PE ratio of 

the acquirer. Another variable used is a dummy variable for industry disturbances. 

According to the author, firms operating in industries experiencing disturbances are 

more likely to be acquired. These disturbances could be triggered by technological 

advancements, changes in industry structure, or political changes. The variable takes the 

value of 1 if at least one company within the industry has been acquired the year before, 

else the variable takes the value 0. Palepu (1986) also uses the natural logarithm net total 

assets as a measure of company size.  

The mismatch between growth and resources is measured using revenue growth, 

liquidity, debt to capital ratio. Firms that are above the 70th percentile in revenue growth 

and leverage while being below the 30th percentile in liquidity are considered firms with 

high growth potential but few resources. Companies below the 30th percentile in leverage 

and revenue growth while above the 70th percentile in liquidity are deemed companies 

with low growth potential but a lot of resources. Both groups are deemed to have a 

mismatch between resources and growth potential and obtain the value of 1 for the 

indicator variable.  

4.1.2 Method 

Palepu (1986) uses a logistic regression model to estimate the probability for a company 

to be acquired. The model uses maximum likelihood to estimate the value of its 

coefficients.  

4.1.3 Results 

Palepu (1986) constructs four different models, varying excess returns and return on 

equity as the measure of management efficiency and the growth resource imbalance 

dummy variable with its constituents. Palepu’s (1986) models were able to explain a 

relatively large part of the variation in takeover targets, achieving McFadden R2 measures 

of 0.0695 to 0.1245. Abnormal returns are significant at a 5% level, implying that 

companies that have recently performed well are less likely to be acquired, while ROE is 

insignificant. Size was also significant at the 5% level, as supported by the hypothesis 

that larger companies are less likely acquisition targets. Industry imbalance was also 

statistically significant, but surprisingly the coefficient of the variable was negative, 

implying that firms who operate in industries with recent M&A activity would be less 
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likely to be acquired. Price to earnings and price to book ratios were both irrelevant 

predictors.   

These models are then used to predict which sample companies get acquired in 1980. 

None of the models manages to create abnormal returns by investing in the predicted 

acquisition targets, indicating that acquisitions cannot be predicted reliably enough to 

make an investing strategy out of it.  

4.2 Ali-Yrkkö, Hyytinen & Pajarinen (2007) 

In their paper titled “Does patenting increase the probability of being acquired? Evidence 

from cross-border and domestic acquisitions”, Ali-Yrkkö, Hyytinen, and Pajarinen 

(2007) investigate whether the number of existing patents increases the likelihood of 

Finnish firms becoming targets for national and cross-border acquisitions.  

4.2.1 Data 

The observed sample period extends from 1998 to 2000. The authors collect their 

financial data from the Balance Consulting database and the transaction-specific data 

from the financial magazine Talouselämä. The number of patents held by companies is 

meanwhile provided by the European Patent Office. For each acquired company, a non-

target is selected and added to the sample if its financial data is available, resulting in a 

sample of 817 companies.  

Eight different explanatory variables are used in the model. These are the number of 

patents held, return on investment, free cash flow, the natural logarithm of total assets, 

ratio of tangible assets to total assets, and indicator variables for the different industries 

and firms with a mismatch between their potential to grow and resources.  

4.2.2 Method 

The authors use a multinomial logit model, which allows for both domestic and cross-

border acquisitions. If a company is not acquired, the dependent variable obtains the 

value of 0, making it the reference case.  If it is acquired by a local firm, the variable 

obtains the value of 1 while targets with a foreign acquirer take the value of 2.  

4.2.3 Results 

A significant positive association with the likelihood of being acquired by a foreign firm 

and the number of patents held by the target is found. While surprising, the number of 

patents does not affect the probability of being acquired by a domestic firm. Size and the 
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industry dummies are also found to have a statistically significant positive effect on the 

likelihood of being acquired, while return on investment, free cash flow, and the 

imbalance between growth and resources provide insignificant results.  

4.3 Desyllas & Hughes (2009) 

In their paper labeled: “The revealed preferences of high technology acquirers: An 

analysis of the innovation characteristics of their targets” Panos Desyllas and Alan 

Hughes (2009) aim to investigate whether high technology firms are acquired due to 

their superior, innovative capabilities, or due to their inferior innovating performance. 

Great innovators are hypothesized to be purchased to gain control of their intellectual 

property, while the motive to acquire a weak innovator is the opportunity to turn it 

around.  In other words, they expect target firms to be characterized by low R&D- and 

patent-intensities and l0w patent stocks.  

4.3.1 Data 

The authors use a data sample consisting of American listed high-technology companies 

from 1984 to 1998. For a company to be included in the sample, a part of its main 

business has to be in one of the high-tech industries. The initial sample consists of 4752 

companies and 626 transactions, although the sample is reduced to 317 transactions 

when patent data is included as an explanatory variable.  

Innovation expenditure measured as R&D intensity defined as the ratio of R&D expenses 

to total assets. Patent intensity is measured as the number of patents divided by total 

assets, while patent stock is measured as the natural logarithm of the number of patents 

after adjusting for their depreciation. The authors state that according to the US 

Financial Accounting Standards Board, firms with an immaterial R&D expenditure, i.e., 

less than a percentage of sales, are not required to report their R&D expenses. Two 

dummy variables are created for companies that are considered weak innovators. One 

indicates whether the company holds zero patents while the criteria for the other is an 

R&D intensity less than a percentage. These variables are used to estimate the 

relationship between being a weak innovator and becoming an acquisition target. Firm 

growth is measured as the growth in total assets, and Tobin’s Q is included as a proxy for 

growth opportunities. Two separate measures for firm size are used—the natural 

logarithm of total assets, and the natural logarithm of the squared value of total assets. 

The latter is included to account for a possible non-linear relationship between size and 

acquisition likelihood.  
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4.3.2 Method 

The data used by the authors contains both a cross-sectional and a time series 

component. Hence, a panel data model could be used. However, when testing for panel 

effects, only a low proportion of the total variance attributable to the panel variance 

component, making a pooled logistic regression model the preferred choice. Five 

different models are estimated, where the use of R&D intensity and the different patent-

related variables is varied, while controlling for the firm-specific variables mentioned 

earlier. Dummy variables are used to control for industry-specific effects and differences 

between observed years.  

4.3.3 Results 

The Chi-squared test is rejected for all five models at the 1% level, implying that the 

models perform better than a constant term. The likelihood ratio indexes range from 4% 

to 7%, which is comparable to the results obtained by Palepu (1986) and Powell (1997). 

R&D intensity has a statistically significant effect on being acquired, while patent 

intensity is insignificant. However, the coefficient estimate for accumulated patent stock 

is relevant and displays a positive relationship, implying that firms that have earlier 

accumulated patents are likely acquisition targets. The indicator variable for firms with 

zero patents is significant with a positive coefficient, i.e., firms that hold no patents are 

more likely to be acquired. In contrast, no relationship is found between low R&D 

intensity and being acquired.  

Firm size is positively related to acquisition likelihood, but only to a certain limit, based 

on the significant negative coefficient estimate of the squared size variable. Operating 

returns and liquidity both had a negative coefficient and were significant, providing 

support to the inefficient management- and growth resource-mismatch hypotheses. 

Growth obtains a negative coefficient, which is statistically significant in the first model, 

which leaves out the patent-related explanatory variables.  

4.4 Bena and Li (2014) 

In their article titled “Corporate Innovations and Mergers and Acquisitions”, Jan Bena 

and Kai Li (2014) investigate how technological synergies drive the choices of individual 

firms to participate in M&A and how they affect the pairings in merger outcomes. The 

paper has three separate goals. First, the authors aim to estimate how innovation 

activities affect a corporation’s probability of becoming an acquirer or a target firm. 

Second, they study how technological overlap affects the choice of a target company. 
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Lastly, the effect M&A deals have on the merging firm’s innovation output is studied in 

cases where technological overlap existed before the transaction.  

4.4.1 Data 

The authors construct a sample of companies whose shares have been publicly traded in 

the United States between 1984 and 2006. For a transaction to be considered in the data 

set, the acquirer must own less than 50% of the target prior to the transaction and own 

more than 90% of it once the deal is completed. Also, the book value of the target’s total 

assets needs to be more than $1 million, or the transaction needs to be at least worth the 

same amount. The authors motivate this choice to get rid of small and insignificant 

transactions. These requirements provide the authors with a data set consisting of 2572 

acquirers and 1744 targets and 1759 deals.  

Technological overlap is measured using three sets of variables. The first set, 

technological proximity, is measured using variables for knowledgebase overlap and 

patent overlap. The overlap in knowledgebase is proxied by the extent to which the 

patents awarded to the two firms cite the same previous patents. Similarly, patent 

overlap is measured using the count of patents received in the same technology classes. 

The second set of variables are reciprocal measures that estimate the base knowledge 

overlap of the acquirers and the target’s information base. The last set variable, cross-

cites ratio, measures to which extent the two companies patent portfolios reference 

directly to each other.   

In addition to the variables related to innovation, seven control variables are used. Total 

assets are used to measure firm size and change in sales as a measure of firm growth. 

Profitability is proxied by return on assets, while book to market ratio measures firm 

valuation. Total debt to total capital measures the firm’s leverage, and total stock return 

from the previous year is used to estimate firm performance.  Existing cash balances are 

proxied with a ratio of cash and short-term investments to total assets.  

4.4.2 Method 

Three samples are constructed using different approaches to select the pool of non-

acquired observations. Each transaction is matched with five observations of non-

acquired companies from the previous year. First, a random sample that consists of five 

observations of firms that were neither have been an acquirer nor acquired during the 

previous three years. The second sample matches observations by industry and size. It 
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includes five non-targets of similar size from the same industry each transaction. The 

third sample matches each transaction with non-targets of similar industry, size, and 

book to market ratios. The different samples are constructed to account for M&A 

clustering in time and by industry and to account for potential book to market effects.  

The authors use a conditional logistic regression model to estimate the effect the 

explanatory variables have on acquisition likelihood.  

4.4.3 Results 

The findings of the authors support the hypothesis by Phillips and Zhadov (2013) that an 

active M&A market encourages companies to innovate. The level of R&D intensity seems 

to respond to the excess returns of target companies, an effect that is amplified for 

smaller companies. Larger firms appear to have more procyclical R&D activities 

compared to their smaller counterparts. Targets and acquirers have, on average higher 

technological overlap and proximity. Technological overlap is identified as a relevant 

determinant of the formation of merger pairs; however, companies with overlapping 

product markets are less likely to merge. Lastly, innovation output tends to increase post-

merger when technological overlap exists between the firms.  

Firms with large patent portfolios and low investments in R&D are identified as likely 

acquirers, and firms with low growth and high commitment to R&D are typical targets.  

Furthermore, acquirers tend to be more R&D intensive than their non-participating 

counterparts matched peers but less than the control group matched by size and market 

to book ratios. They even display higher innovation output than their non-acquiring 

peers. In general, acquirers are larger, have experienced faster sales growth, stronger 

operating performance, lower book to market ratios, and enjoyed greater stock returns 

the prior year. 

Targets, on the other hand, tend to have more cite their acquirers more frequently than 

reverse and companies with a high degree of self-citation, i.e., companies that rely on 

their past innovative output in their innovating efforts are less likely to become acquirers. 

The self-citation variable displays a negative coefficient and is significant at the 1% level, 

something the authors refer to as evidence for complementarity of intangible assets 

trigger merger pairing. All the variables relating to technological proximity display a 

positive relationship with merger formation on at least a 10% level.   
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4.5 Wu & Chung (2019) 

In their paper titled:” Corporate innovation, likelihood to be acquired, and takeover 

premiums” Szu-Yin and Wua Chung study how a firm’s efforts to innovate are related to 

its probability of becoming an acquisition target, and the takeover premium paid for the 

acquisition.  

4.5.1 Data 

The authors’ data set consists of observations of listed company es in the United States 

between 1980 and 2011. Three measures of innovation are constructed. The first measure 

used is the cumulative number of patents and forward citations received during the past 

ten years. The second variable is the market share of patents relative to peers operating 

in the same industry, and the third variable, R&D intensity, is defined as the firm’s R&D 

expenditure relative to the total R&D expenditure in the given industry.  Besides these 

proxies for innovation, the authors include return on assets, financial leverage, and total 

share returns as control variables. These variables are all winsorized at the 1st and 99th 

percentiles.  

4.5.2 Method 

The authors use a logistic regression model to measure the impact of innovation on the 

likelihood of being acquired, and a linear regression model to measure the effect the 

innovation-related variables have on the premium paid on the transaction.  

4.5.3 Results  

The authors find that both R&D intensity and the two measures of innovation output 

have a significant positive relationship with the likelihood of being acquired. These 

variables have a similar association with the premiums paid for the transaction, 

indicating that acquirers are willing to pay a higher premium on innovative firms, which 

is further amplified by the number of bidders. High innovation input and output even 

contribute to the firm being more likely to receive unsolicited takeover bids and multiple 

offers.  

In accordance with previous findings of Bena and Li (2014), the authors find a strong 

positive association between the book to market ratio, return on assets, and financial 

leverage, while the coefficient estimate for total share returns was also statistically 

significant but negative.  
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4.6 Summary 

Palepu’s paper from 1986 is one of the most referenced works within the field of takeover 

determinants. Many of the variables used by the author are still being applied frequently 

in the field of takeover prediction. Furthermore, by exposing issues and correcting for 

biases some of the previous works were subject to, the author changed the trajectory of 

the literature in the field. He showed that takeover prediction is not as easy as portrayed 

by some of the previous articles at the time.  

Ali-Yrkkö, Hyytinen & Pajarinen (2007) expanded the field of the interplay between 

innovation and acquisition likelihood by modeling the acquisitions by foreign and 

domestic buyers separately. The authors find a strong relationship between innovation 

output and becoming a target in a cross-border acquisition; yet, domestic acquisitions 

display no such association.  

Desyllas and Hughes (2009) seem to be the first who studied innovation as a 

determinant for M&A targets in the high-technology sector. The authors’ findings 

displayed a significant positive relationship between acquisition likelihood and both 

innovation input and output. Even lousy innovators, i.e., firms with no patent stock, 

displayed a higher likelihood of becoming acquisition targets. However, the data set used 

is a bit outdated, with the last observed year being 1998.  

Contrary to many of the other studies mentioned, who mainly focus on factors affecting 

the likelihood of being acquired, Bena and Li (2014) focused on how the 

complementarity of innovation affects the likelihood of being acquired and the forming 

of acquirer-target pairs. The authors found technological proximity to be a significant 

variable for explaining the formation of acquirer-target pairs, displaying the importance 

of complementarity of intangible assets in mergers and acquisitions. Also, they shed light 

on the hypothesis of large companies intentionally not participating in the R&D race. 

According to their findings, firms with low R&D investments are not necessarily 

incompetently managed; rather, they may outsource it to smaller companies that do it 

more efficiently.  

Wu and Chung (2019) provided the most recent paper on innovation as a determinant 

for M&A targets. They found both R&D intensity and two measures of the current patent 

stock to be relevant determinants of takeover targets. Furthermore, a significant positive 
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relationship was uncovered between innovation and the premium paid for the target but 

also the number of bidders trying to acquire the company. The previous studies described 

in their chapter are summarised in Table 2.  
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Table 2 Summary of previous studies 

Author Purpose Period Market Findings 

Palepu 

(1986) 

Evaluate whether 

acquisitions can be 

predicted after correcting 

for biases in previous 

studies 

1971-

1980 

USA Abnormal returns cannot be obtained 

by investing in companies based on 

predicted acquisition likelihoods 

Ali-Yrkkö, 

Hyytinen 

& 

Pajarinen 

(2007) 

Asses if the number of 

patents is associated with 

the likelihood of becoming 

an acquisition target 

1998-

2000 

Finland The number of patents is an 

insignificant determinant of 

acquisitions by domestic buyers but 

relevant for transactions by foreign 

firms 

Desyllas & 

Hughes 

(2009) 

Investigate whether high-

technology firms are 

acquired due to their 

capability to innovate or 

due to inferior innovative 

performance 

1984-

1998 

USA R&D intensity and accumulated patent 

stock are associated with a higher 

acquisition likelihood while patent 

intensity is not 

Bena & Li 

(2014) 

Study how innovation 

affects the likelihood of 

becoming an acquirer or a 

target and how 

technological overlap 

affects merger pairing 

1984-

2006 

USA Firms with large patent portfolios and 

low investments in R&D are identified 

as likely acquirers while low growth 

and high commitment to R&D makes 

the company a likely target. 

Technological overlap is a significant 

predictor of formation of merger pairs 

Wu & 

Chung 

(2019) 

Determine how innovation 

affects likelihood to be 

acquired and the takeover 

premium paid 

1980-

2011 

USA Innovation is associated with an 

increased likelihood to be taken over, 

and a higher takeover premium 

received 
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5 DATA 

The data used in this thesis is gathered from the Thomson Reuters Eikon database, which 

provides information on completed M&A transactions and company financial 

information. This study focuses on listed American technology firms due to the large 

amount of available transaction data. Whether the acquirer’s shares are publicly traded 

is deemed irrelevant for this study and hence not included in the screening process. The 

data for the non-acquired companies, on the other hand, is obtained from Thomson 

Reuters Datastream database.  

5.1 Sample construction process 

The sample period used in this paper extends from 1990 to 2018. The choice regarding 

its length is made somewhat arbitrarily, guided by the availability of acquisition data. All 

the American technology companies available on the Thomson Reuters database are 

included in the data sample if their shares have been publicly traded between 1990 and 

2018. Additionally, there needs to be at least two consecutive observations available for 

a company to be included in the data set. As innovation is the variable of interest in this 

study, firm years with missing entries for R&D expenditure are dropped from the sample. 

This screening process yields a total of 13104 company year observations and 1347 

different firms observed.  

5.1.1 Acquisition screening 

For an acquisition to be included in the sample, it has to fulfill a few additional criteria 

relative to the companies in the data set. First, its announcement day must have been 

between January 1, 1990, and December 31, 2018. Second, the acquirer needs to obtain 

at least 50% of the outstanding shares in that transaction, i.e., acquiring 25% and 

previously owning 30% of the total shares does not meet this hurdle. Additionally, the 

takeover premium paid by the acquirer needs to be higher than 0%.  The screening 

criteria used to screen for the acquisitions are summarized in Table 3.  
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Table 3 Screening criteria for takeover sampling 

        
           Screening criteria for acquisition sampling 

 
        

 
1. Announcement date: 1.1.1990 to 31.12.2018  

 
2.  

Number of shares 
acquired: 

> 50%  
 

 3.  Takeover premium paid > 0%   

 
4. Target location: The United States    

 5.  Target ownership: Publicly listed   

 6.  Target sector:  Technology   

 7.  Transaction status:  Completed  

    

 

The number of acquisitions obtained for each sample year is given in Figure 3. The 

modest amount of transactions in the early 1990s, relative to the overall data set, is 

caused by the decreasing quality of data on older observations.  However, this data issue 

is assumed to affect both non-targets and targets to a similar extent; therefore, not to 

cause any systematic biases in the sample. The number of acquisitions can be viewed 

from Figure 3, grouped by year and acquirer type. 
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Figure 3 Number of sample acquisitions by year 

The sample consists of 643 transactions, 526 of them completed by strategic buyers, and 

117 by financial acquirers. The Eikon database even groups acquisitions by the 

management’s attitude towards them into three categories. The three alternatives are 

friendly, hostile, and unsolicited. Out of the 643 transactions in the data set, three are 

marked as hostile, six as unsolicited, and the remaining 634 as friendly. The distribution 

of acquisitions by management’s attitude and acquirer type is summarized in Figure 4.  

 

Figure 4 Distribution of acquisitions by attitude and acquirer type  
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5.2 Sample variables 

5.2.1 The dependent variable 

If the company is acquired during the given year, the dependent variable obtains the 

value of one if the acquirer is a strategic, two if it is a financial acquirer, and zero if the 

firm is not acquired during the observed year. The time dimension of the data set allows 

the dependent variable to vary for a given company, e.g., to stay at 0 throughout the 

sample timeframe, or alternate between 0, 1, and 2.  

5.2.2 Explanatory variables 

To reduce misleading effects outliers could have on the obtained results, the non-

categorical explanatory variables are winsorized to the 1st and 99th percentiles. This 

reduces the impact individual observations may have on the model and its coefficient 

estimates. The ratios that do not obtain values larger than two are expressed in 

percentage terms, i.e., the ratio is multiplied by 100. This transformation is done due to 

the nonlinear nature of most binary probability models, where the coefficients represent 

the impact an increase of one unit has on the modeled outcome. These variables are 

highly unlikely to experience unit changes, making percent changes more interesting to 

interpret.    

Innovation input, the primary variable of interest, is proxied using the ratio of R&D 

expenditure to revenue. To test the hypothesis whether weak innovators are sought after 

turnaround targets, as suggested by Desyllas and Hughes (2009), an indicator variable 

is used for firms that have an R&D expenditure to revenue ratio of less than 0.01. Counter 

to Desyllas and Hughes (2009), who measured low innovation using patent stock, lousy 

innovators are determined based on their innovation input. 

Company size is measured as the natural logarithm of company revenue. As most 

technology companies have relatively modest balance sheets, a sales-related variable is 

expected to perform better than a balance sheet related one. Also, revenue is expected to 

give a more accurate depiction of the firms’ market share, which is typically considered 

when assessing potential anticompetitive problems arising from M&A.  

Managerial performance is measured by return on capital invested and the continuously 

compounded share return the of holding the company’s share the previous year. Return 

on invested capital is used, as it is the most comparable profitability ratio between 
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different capital structures. Total share returns are preferred over share price returns to 

catch the impact of dividends paid and share repurchases.  

Valuation is measured using the ratio of enterprise value to sales. Due to many of the 

sample firms generating negative operating profits, as can be seen from the low ROI 

values in the descriptive statistics, the EV to revenue ratio is preferred over other income-

related valuation multiples. Leverage is measured as the ratio of net debt to total assets, 

while liquidity is proxied by current ratio.  

Following Palepu (1986), the growth resource mismatch is constructed using three 

separate variables. These are liquidity, growth, potential, and leverage. This indicator 

variable obtains the value of one, if the observation has high growth potential and few 

resources or lots of resources but little potential to grow. The first description is met if 

the observation has a current ratio below that of the 30th percentile and a growth 

potential combined with a leverage that is above the 70th percentiles, respectively. 

Similarly, if the observation has a current ratio higher than that of the 70th percentile and 

both its leverage and growth potential is below that of the 30th percentile, the variable 

obtains the value of one. To asses this mismatch, growth potential is measured using the 

price to book ratio, leverage is measured using net debt to enterprise value, and liquidity 

is measured using current ratio. Table 4 displays how each of the explanatory variables 

are calculated, and their expected relationship with acquisition likelihood.  
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Table 4 Sample variables and their hypothesized effects on acquisition likelihood 

Variable Formula Expected 
Relationship 

Current Ratio 
𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
 − 

EV / Revenue 
𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑉𝑎𝑙𝑢𝑒

𝑅𝑒𝑣𝑒𝑛𝑢𝑒  
 − 

Growth Resource 
Imbalance 

1 if liquidity is below the 30th percentile and P/B and leverage are 
higher than the 70th percentile or liquidity is above the 70th 

percentile, and P/B and leverage are below the 30th percentile 
+ 

Leverage 
𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐵𝑒𝑎𝑟𝑖𝑛𝑔 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 × 100  − 

LN Revenue LN(Revenue) − 

Low R&D 1 if R&D intensity > 1 + 

R&D Intensity 
R&D Expenditure

𝑅𝑒𝑣𝑒𝑛𝑢𝑒  
× 100 + 

ROI 
Operating Income

𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑎𝑏𝑙𝑖𝑡𝑖𝑒𝑠 − 𝑁𝑜𝑛-𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡-𝐵𝑒𝑎𝑟𝑖𝑛𝑔 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠   
× 100 − 

Total Share Return 
 

LN( 
Share Indexed Price𝑡0 

Share Indexed Price𝑡−1
) × 100 + 

 

5.3 Descriptive statistics 

To provide an insight into the data set, descriptive statistics are presented in Table 5. 

Ideally, all the variables would be normally distributed, which can be measured using 

their skewness and kurtosis. Normality would imply a kurtosis of 3 and a skewness of 0. 

As can be seen from the table, some of the variables are not ideal regarding their 

statistical properties. Especially the ratio of enterprise value to revenue displays clear 

non-normalities as the variable has a higher kurtosis and skewness than optimal. 
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Table 5 Descriptive statistics of sample variables 

  Min Mean Median Max Kurtosis Skewness Standard Deviation 
        
Share Return % -201.14 -1.35 4.08 163.17 0.46 -0.45 64.39 

ROI % -176.515 -5.07  3.65  56.71  7.15 -2.28 31.97 

R&D Intensity % 0.00 16.23 14.72 132.69 16.11 3.72 18.02 

LN Revenue 7.06 12.08 11.08 17.44 1.23 0.30 1.87 

Leverage % -86.78  -25.17  -26.61  58.33 -0.56 0.26 31.23 

Current Ratio 0.544 3.52 2.62 17.28 6.91 1.74 2.84 

EV / Revenue -0.13 3.28 1.75 62.13 17.91 3.35 7.72 

 

 

    
   

 

The average R&D intensity is 16.23% amongst the sample companies, implying that their 

investments in R&D are more than 16% of their revenue on average. For some 

observations, investments in R&D even surpass revenue leading to a maximum R&D 

intensity of 133% in the sample. The sample companies have performed poorly in terms 

of share return and ROI, with both measures having mean values below 0. These weak 

values can partly be explained by the IT bubble, after which the profitability of most 

companies deteriorated, and some even left the sample because of bankruptcy. Another 

variable obtaining interesting values is leverage. Technology companies are known for 

typically having relatively little debt on their balance sheet, which is reflected by the 

average leverage being -25%. Negative leverage occurs due to observations having little 

or no debt on their balance sheet, and the ratio of debt net of cash holdings to total assets 

being used as the measure for leverage. Another rare characteristic of the sample is 

observations with negative enterprise values, which leads to negative enterprise value to 

revenue ratios. The sample also exhibits some extreme returns on the observed shares of 

the observed companies. The lowest log return is -201%. Normal returns cannot exhibit 

values less than a negative 100%, which would indicate that the stock has become 

worthless. Log returns, however, are calculated differently and can exceed this value. The 

extreme log return of 201% corresponds to a decrease in the indexed price of the security 

of approximately 87%, an extremely low return for a year nevertheless.  

As mentioned in chapter 2, preferences in target characteristics may vary with the type 

of acquirer. A first glance at these different characteristics of the acquired companies can 

be taken from Table 6, which displays descriptive statistics of targets grouped by acquirer 

type. As can be seen from the table, the average R&D intensity is approximately the same 

for both groups of acquirers, but the range of values is wider among companies acquired 

by strategics. Furthermore, strategics target businesses that are, on average smaller, 
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more profitable, and whose shares have performed better during the past year. 

Financials seem to target companies with lower current ratios, and enterprise to revenue 

ratios.  

Table 6 Target characteristics grouped by acquirer type 

 

 

 

 

 

 

 

  
Acquired by Financial 

  

  Return % ROI % 
R&D 

Intensity % LN Revenue Leverage %  Current Ratio EV/Revenue 

Min -173.15 -159.31 0.00 8.56 -82.43 0.70 -0.13 

Q1 -38.43 -14.72 13.35 11.11 -52.18 3.16 0.89 

Mean -6.70 -10.13 19.35 12.12 -30.07 1.81 2.19 

Median 0.54 -1.73 18.12 12.18 -31.98 2.47 1.63 

Q3 33.18 -8.55 24.30 12.95 -11.49 1.81 2.87 

Max 135.61 48.91 65.84 15.58 54.33 14.63 8.34 

        

   

 

Acquired by Strategic 

  

  Return % ROI % 

R&D 

Intensity % LN Revenue Leverage %  Current Ratio EV/Revenue 

Min -201.14 -176.51 0.00 7.05 -86.66 0.54 -0.13 

Q1 -50.00 -18.03 10.91 10.73 -54.11 1.61 0.68 

Mean -13.15 -9.06 20.50 11.76 -32.03 3.41 4.40 

Median -6.51 1.33 17.10 11.63 -35.08 2.51 1.31 

Q3 26.80 9.48 23.93 12.61 -11.70 4.02 2.80 

Max 163.17 56.77 132.69 17.44 58.33 17.28 62.13 
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6 METHODOLOGY 

This chapter describes the methodological approach to conducting the research. First, 

the research hypothesizes of the paper are stated, followed by an explanation of the 

relevant mathematical models. Finally, model diagnostics will be conducted to ensure 

that the obtained results of the study are indeed valid.  

6.1 Statistical hypotheses 

The first statistical hypothesis of this study is whether input innovation is a suitable 

determinant of takeover targets. The variable of interest is R&D intensity and how it 

affects acquisition likelihood. Two measures are used, the ratio of R&D expenditure 

relative to the company’s revenue, and an indicator variable for firms whose investments 

in R&D are immaterial. Hence, the following hypothesizes are drawn:  

 

H0 R&D intensity and the probability of being acquired are not associated. 

H1 = R&D intensity and the probability of being acquired are associated. 

As well as: 

H0 = Minimal R&D intensity is not related to the probability of being acquired. 

H2 = Minimal R&D intensity is related to the probability of being acquired.  

 

The first hypothesis of this study states that R&D commitments affect a firm’s likelihood 

of being acquired, ceteris paribus. The second hypothesis, as suggested by Desyllas and 

Hughes (2009), is that firms with minimal R&D expenditure are also likely M&A targets, 

all else equal. When estimating for the likelihood of a takeover, the covariates are lagged 

by one time period, i.e., a year, to avoid problems with endogeneity. In other words, the 

likelihood of a firm to be acquired at t0 is modeled using the explanatory variables at t-1.   

6.2 Modeling categorical outcomes 

The empirical part of this research estimates the likelihood of categorical, rather than 

numerical outcomes. As the dependent variable only obtains given values, a model that 

estimates probabilities of an outcome within a bounded interval from zero to one is more 
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suitable than a linear regression model. Using a nonlinear model also alleviates problems 

such as heteroscedasticity and non-normality in the error term, weaknesses of the linear 

probability model.    

There are two commonly used regression models for estimating the categorical 

outcomes, the logit and the probit model. This thesis utilizes the logistic regression 

model; however, the two models are often compared and could generally be used in 

similar situations. The main difference between the models is the underlying probability 

distribution they follow. The logit function follows a cumulative logistic distribution, 

while the probit model follows a cumulative normal distribution. Figure 5 displays the 

cumulative logistic and normal functions. The graph shows that the logistic function has 

fatter tails, while a larger proportion of the observations are centered around the average 

in the normal likelihood function. Despite the differing distributions, the two models do 

provide highly similar results, according to Brooks (2008, 517–518).  

 

 

Figure 5 Cumulative logistic and normal density function 

Source: Statisticssolutions.com 

The data set consists of a cross-sectional dimension and a time series dimension, but the 

pooled model does not account for panel properties. In other words, the model estimates 

a common intercept for all the observations, and the regression coefficients vary neither 

with time nor across observations. As the number of observed years varies by firm, the 

data set forms an unbalanced panel.  
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The logit model uses a maximum likelihood estimator to estimate the values of its 

coefficients. The model is estimated using the equation below where Pit is the probability 

of company i being acquired at time t. The equation for the binary logit model is given in 

Equation 1 below. 𝛼 is a constant, and 𝛽1t – 𝛽nt are explanatory variables. The intercept 

and the beta coefficients are both constants and do not vary with time. The panel 

component allows for a greater number of observations, increasing the model’s degrees 

of freedom from N-K-1 (the cross-sectional model) to NT-K-1.  

 
𝑃𝑖𝑡 =   

exp (𝛽0 +  𝛽1𝑋𝑖𝑡1 + ⋯  + 𝛽𝑁𝑋𝑖𝑡)

1 + exp (𝛽0 +  𝛽1𝑋𝑖𝑡1 + ⋯  + 𝛽𝑁𝑋𝑖𝑡)  
 

(1) 

   

6.2.1 Multinomial models 

When modeling more than two potential outcomes, a binary logistic regression does not 

suffice. Here, the acquirers are divided into two groups, those acquired by financial 

buyers and those acquired by strategic acquirers.  

A multinomial logistic model is used as it estimates separate coefficients for the two 

groups of acquirers, potentially decreasing loss of information. According to Morck, 

Schleifer, and Vishny (1988), differing characteristics drive hostile and friendly 

takeovers, as friendly takeovers can be viewed as driven by synergies and hostile 

takeovers as disciplinary for bad performance. Powell (2004) showed that by accounting 

for these differences in event characteristics, not just whether they took place, the 

model’s explanatory power could be enhanced.  

This thesis groups the firms into three categories based on the observed outcome. Non-

targets, those acquired by a financial buyer and those acquired by a strategic buyer. Only 

three acquisitions in the data set were marked as hostile and six as unsolicited 

acquisitions. Hence, potential differences in the characteristics of these events are 

assumed not to affect the overall results obtained in the study. Modeling acquisitions by 

financial and strategic buyers separately, rather than as one homogenous group, is 

expected to provide more comprehensive information about the characteristics acquirers 

look for in technology companies. According to Powell (1997), clustering two groups with 

differing characteristics into one takeover target group can even produce misleading 

results.   
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The multinomial model estimates the likelihood of multiple separate outcomes, making 

it a bit more complicated than the binary logit model. The likelihood, Pij, that firm i will 

belong to group j (i.e., non-acquired, acquired by financial, or acquired by strategic 

buyer) is measured as a function of a vector of variables, Xi, of observation i. Maddala 

(1983) describes the model according to Equation 2.  

 
𝑃𝑖𝑗 =   

exp (𝛽𝑗𝑋𝑖𝑡)

1 +  ∑ exp (𝛽𝑗𝑋𝑖𝑡)𝑗
 

(2) 

 

The model estimates two sets of parameters, one for the probability of being acquired by 

a strategic and one for being acquired by a financial buyer with the predicted outcome 

being the one with a higher probability. Both equations use the non-acquired group as a 

reference. The two sets of equations are illustrated below with Equations 3 and 4: 

 𝐴𝑐𝑞𝑢𝑖𝑟𝑒𝑑 𝑏𝑦 𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙𝑖 = 𝛽10 + 𝛽11𝑋𝑖 +. . . +𝛽1𝑛𝑋𝑖 +  𝜀1𝑖 (3) 

 𝐴𝑐𝑞𝑢𝑖𝑟𝑒𝑑 𝑏𝑦 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐𝑖 = 𝛽20 + 𝛽21𝑋𝑖 +. . . +𝛽2𝑛𝑋𝑖 + 𝜀2𝑖   (4) 

 

After obtaining the coefficient estimates, the likelihood for each company belonging to 

group 1 or 2 is then calculated for each observation in the test set using equation 2.   

6.2.2 Equality of coefficient estimates between equations 

As the multinomial logistic regression model produces two sets of parameter estimates 

for each variable, comparing whether they differ from each other is of interest. This is 

done using a chi-squared test. The test indicates whether the coefficient estimate for a 

given variable differs between the two obtained equations with the null hypothesis being 

that the pair of coefficient estimates are equal, and the alternate hypothesis is that they 

differ. The two hypothesizes are summarised in Equations 5 and 6.  

 H0:  𝛽1 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 −  𝛽1 𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐 = 0 (5) 

 H1:  𝛽1 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 −  𝛽1 𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐 ≠ 0 (6) 
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Analyzing whether the coefficient estimates differ between the two groups may provide 

insight into the differing preferences of the acquirers.  

6.3 Coefficient of determination 

The McFadden pseudo R2 value is used to measure how well the constructed model 

explains the variation in the dependent variable. The measure compares the estimated 

log-likelihood of the full model with a model consisting solely of the intercept. The 

pseudo R2 measure is calculated differently and is not comparable with the R2 values 

obtained from OLS models. For reference, McFadden (1973) refers to a value of 0.2 to 

0.4 as an indicator for an excellent fit. The equation for the McFadden R2 is given in 

Equation 7, where �̂� stands for estimated log-likelihood, and M stands for model.  

 
𝑀𝑐 𝐹𝑎𝑑𝑑𝑒𝑛 𝑅2 = 1 −

ln �̂�(𝑀𝐹𝑢𝑙𝑙)

ln �̂�(𝑀𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡)
 

(7) 

   

6.4 Time series effects 

As mentioned in chapter 2.4, global M&A activity doesn’t occur evenly throughout time, 

rather in wavelike clusters. This is evident in the dataset used in this thesis, as the 

number of transactions occurring in 1999 is roughly twice the yearly average. To account 

for this time series effect, binary variables denoted by  𝜆  are added for each but one the 

observed years. Therefore, ∑ 𝜆𝑇
𝑡=2  terms are added to the estimated regression equation. 

These terms control for time series effects, but their estimation causes a loss of T – 1 

degrees of freedom. As all but one of the observed years is represented by a dummy 

variable, the intercept of the regression model becomes the effect of the year not 

accounted for, making it arbitrary and uninteresting.   

6.5 Capability to predict 

To assess the predictive capabilities of the constructed model, the model has to be tested 

on out-of-sample data, i.e., observations that have not been used to obtain the regression 

coefficients. The model’s discriminatory power is tested on multiple holdout samples 

that consist of the observed outcomes from 2010 to 2018 grouped by year. The test set 

consists of the observations from a given year, while all the observations from the years 

leading up to it are used to construct the model. This is done to emulate a model that 

predicts takeover targets and is updated on an annual basis.  



 41 

After obtaining the prediction accuracy for a given year, the observations from that year 

are added to the training set and used to model the outcomes of the following year. This 

enables the prediction accuracy of the model to be tested on nine different test sets and 

a total of 206 acquisitions, while leaving enough acquisitions for the training set in the 

first years of model testing. This approach allows the model to be annually updated based 

on acquisitions from the previous years, increasing the number of observations in the 

training set. As the year effects cannot be known beforehand, dummy variables are not 

used to assess the prediction accuracy of the constructed models.   

6.5.1 Receiver operating characteristic curves 

The uneven distribution between the potential outcomes makes assessing takeover 

prediction difficult. Optimizing a model based on its accuracy at a given cut off value 

makes little sense as only about 5% of the observations in the test set are acquisitions. A 

highly insensitive model, one that predicts there to be no takeovers, would be right about 

95% of the time but would provide little value. Additionally, like Powell (2004) argues, 

the benefit of being right is typically vastly higher than the penalty suffered from being 

wrong in this context. Therefore, a receiver operating characteristic (ROC) curve is used 

to estimate how well the model performs. ROC curves plot the cumulative proportion of 

occurrences predicted correctly (sensitivity) on the y-axis against the cumulative 

proportion of false predictions (1 - specificity) on the x-axis. Therefore, both the x and 

the y-axis range from 0 to 1. First, the probability of each company being acquired is 

calculated based on the two sets of coefficients, and then they are ordered by the 

likelihood of being acquired.  

A crystal ball, i.e., a model that could forecast all the events perfectly, would display a 

straight line going from the origin straight up to the top left corner and right from there. 

In other words, the model would give the acquired observations the highest likelihood of 

being acquired; hence, it would be able to identify the targets from the non-targets 

perfectly. This model would have an area under the curve, or an AUC of 1. Similarly, a 

model with no predictive capabilities, one that guesses all the outcomes and the order of 

which companies are the most likely to be acquired, would have an AUC of 0.5 beneath 

it.  Moreover, if the model has an AUC between 0 and 0.5, it does have meaningful 

information in it, but that information is incorrectly interpreted as going against the 

model’s predictions would result in an AUC greater than 0.5. The ROC curves of a perfect 

and a predictor that guesses each outcome are displayed in Figure 6.  
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Figure 6 ROC curves of a perfect and worthless predictor 

With the multinomial regression model, the likelihood for each observation becoming 

acquired by a financial and a strategic buyer can be estimated, and hence two separate 

sets of probabilities and ROC curves are be obtained. Both curves display the model's 

performance identifying the observations belonging to the given group. Therefore, the 

predictions of the model are evaluated based on its ability to recognize companies 

belonging to that given group. Predicting a takeover but getting the group wrong is hence 

considered a misclassification. 

 To assess the accuracy of the model, both estimated curves are plotted for each year, and 

the areas beneath them are calculated. To obtain a uniform value for model performance, 

the area under the two curves for a given year are then averaged together, in proportion 

to the number of transactions belonging to the given group that given year. I.e., if nine 

acquisitions by strategics were observed in 2010 but only one by financials a 90% 

weighting is put on the AUC value for the strategic acquirers when calculating a general 

AUC-value for 2010. Relative weighting is used to adjust for the uneven number of 

transactions by the observed groups of acquirers and differences between years.  
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7 RESULTS  

This chapter presents the results of the study. First, the results from the regression model 

will be presented and discussed. Then, the marginal effects of the model are discussed, 

followed by an analysis of the predictive capabilities of the model. Lastly, the results will 

be compared to previous studies, and the economic implications of these findings will be 

analyzed.  

7.1 Regression output 

The multinomial logistic regression model produces two sets of parameter estimates, one 

displaying how the covariates affect the likelihood of being acquired by a strategic buyer 

and one for the relationship with being acquired by a financial acquirer. The regression 

results are given in Table 7, along with the p-values for the chi-squared test for equality 

between coefficient estimates for the explanatory variables. The code used to obtain the 

test results is available in Appendix 1.  

The estimated model obtains a likelihood ratio of 234, rejecting the null hypothesis that 

the model doesn’t perform any better than a constant term. The likelihood ratio of the 

model increases from 112.6 to 234.3 when the binary variables that control for time series 

effects are included. When comparing these two models, the likelihood ratio test yields a 

value of 122.02, indicating that the less restrictive model fits the data considerably better.  

The estimated model explains a reasonable proportion of the variation in the Y-variable, 

based on its McFadden R2 ratio of 0.052, which is comparable to Powell (1997), who 

achieved R2 ratios ranging from 0.044 to 0.077. Adding the time dummies to the model 

increases its coefficient of determination from 0.0217 to 0.0452. 

Out of the explanatory variables, five of the regression coefficients are at least significant 

at the 10% level in the equation for transactions by strategics, while the corresponding 

number of relevant parameter estimates is two for the group acquired by financial 

acquirers.  

Comparing the coefficient estimates of the explanatory variables in the two equations, 

no pronounced differences between the two sets of parameters can be found according 

to the chi-squared test. When comparing the coefficient estimates, the lowest p-value 

obtained is 0.21 between the coefficient estimates of the ROI variable.   
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The coefficient estimate for R&D intensity displays a positive relationship with the 

likelihood of being acquired by a strategic buyer at the 5% level but displays no relevant 

association with being acquired by a financial buyer. No meaningful relationship is found 

between having a low R&D expenditure, i.e., not engaging in innovation and acquisition 

likelihood.  The parameter estimate for current ratio is negative in both equations, but 

irrelevant when modeling acquisitions by financial buyers and significant at the 1% level 

for strategic acquisitions.  

The estimated coefficient for EV to Revenue ratio is significant at the 10% level in the 

first equation and at the 1% level in the second one, providing support for the hypothesis 

that acquirers take valuation into account when considering M&A transactions. The 

parameter estimate for mismatch between growth and resources is insignificant in both 

modeled equations, while for it is leverage is significant at the 5% and the 1% levels 

respectively and negatively associated with the likelihood of being acquired.  

Surprisingly, the regression coefficient for revenue, the measure for firm size, is only 

significant in the equation for the strategic buyers. It obtains a negative sign and is 

significant at the 10% level. This negative association could be related to larger 

companies being more difficult to acquire and implement into the acquirer's operations. 

A reason for the variable being unimportant for modelling acquisitions by financials 

could be related to antitrust laws. These companies do not need to worry about becoming 

achieving too high of a market share via a transaction, leaving them with one less hurdle 

preventing them from acquiring large companies. 

Strategic acquirers seem to prefer companies that have performed poorly based on their 

share returns, while no support for the managerial performance hypothesis can be found 

regarding the preferences of financial buyers nor measured by ROI. The regression 

coefficient for total share return obtains a negative sign in both equations and is 

significant at the 5% level when explaining the M&A behavior of strategic buyers.  
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Table 7 Regression output  

  Acquired by Financial Acquired by Strategic 
Equality of 
Coefficients      

    Coefficient Coefficient P-value  

R&D Intensity  0.0078  0.0077** 0.9872 
  (1.12) (2.37)  
Low R&D  0.1134 -0.2022 0.5354 
  (0.25) (-0.82)  
Current Ratio   -0.0797 -0.0771*** 0.9560 

  
(-1.55) (-3.19)  

EV / Revenue   -0.0785* -0.0508*** 0.5506 

  
(-1.83) (-3.43)  

Growth Resource Imbalance  0.0753 -0.2350 0.3622 

  
(0.25) (-1.41)  

Leverage   -0.0106** -0.0103*** 0.9224 

  
(-2.55) (-5.10)  

LN Revenue  -0.0048 -0.0618* 0.3868 

  
-0.03 (-1.91)  

ROI  -0.0037 0.0009 0.2078 

  
(-1.07) (0.56)  

Total Share Return  -0.oo16 -0.0022** 0.7983 

  
(-0.78) (-2.39)  

          

Number of observations 
 

9642 
 

 
Likelihood ratio 

 
234.30*** 

 

 
McFadden R2  

 
0.0452 

 

 
Year dummies (LR test) 122.02***     
 
Z-values are given in the parenthesizes. *, **, *** indicate significant p-values at the 10%, 5% and 1% 
respectively. The constant is left out due to the yearly dummy variables. As they represent all but one of the 
observed years, the constant arbitrarily takes the value of the coefficient estimate for the year left out, 
making it uninteresting.   

 
 
Generally, the significant regression coefficients in the two equations obtain the same 

sign and only slightly differing sizes. The chi-squared test displays no notable differences 

between the pairs of coefficient estimates for any of the explanatory variables. The lack 

of difference in the coefficients of the two models indicates that there is no pronounced 

difference in preferences between the two groups of observed acquirers. The equation for 

transactions by financial acquirers only obtains two statistically significant coefficient 

estimates, clearly less than the six in the other equation. This difference could be due to 

the predictors being generally worse at identifying transactions by financials, but also 

due to the low number of transactions by financial acquirers in the data set. The impact 
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the differing sizes of acquisitions by groups could be a reason for the systematically larger 

standard errors the regression coefficients displayed in the equation for transactions by 

financial acquirers.  

7.1.1 Odds ratios  

The coefficient estimates of a logistic regression model are often transformed into odds 

ratios to make them easier to interpret. Odds ratios are obtained by exponentiating the 

coefficient estimates, and they display how a unit change is estimated to affect the 

outcome of interest. Odds ratios display the constant effect a unit change in the variable 

has on the outcome of interest in odds to one, an odds ratio above 1 indicates that there 

is a positive relationship between the modeled likelihood and the outcome of interest. In 

contrast, an odds ratio of 0.9 indicates that a unit increase would decrease the odds of 

the modeled outcome by 1 – 0.9 = 10%.  

The odds ratios of R&D intensity are 1.0078 for financial acquirers and 1.0077 for 

strategics, implying that an increase of one unit in R&D intensity would be associated 

with an increase in odds of being acquired by either group by approximately0 0.8%. The 

corresponding odds ratios for low R&D are 1.12o and 0.817, indicating that a low R&D 

expenditure is associated with a 12% expected increase in the odds to be acquired by a 

financial and an 18% decrease in the odds of being acquired by a strategic.  

7.2 Choice between pooled and panel model 

As the observed data set consists of a cross-sectional and a time series component, a 

panel model utilizing random effects could be applied just as well. This approach would 

have taken into account potential panel properties in the data. However, when fitting a 

pooled logistic model, the likelihood ratio test indicates that the cross-sectional error 

term is equal to zero at the 1% level. In other words, the parameter estimates of the model 

capture essentially all of the variation caused by observation specific random effects. 

Also, the coefficients of the two models vary only modestly, providing further support to 

the assumption that the additional error term is obsolete. Only the relevance of the cross-

sectional error term is tested, as the time variation is already accounted for with the year-

specific indicator variables.  

7.3 Multicollinearity 

Multicollinearity is a problem that arises if a model includes covariates with high 

correlation. It may lead to variables having nonintuitive signs, high errors, or just loss of 



 47 

power in the model. While there are no formal limits to what is considered 

multicollinearity, Brooks (2008) states that if two variables display a correlation higher 

than 0.8, adjustments should be made to the model. None of the pairs of variables used 

in this study display a pairwise correlation greater higher than 0.5. Therefore, linear 

relationships between the predictors can be expected not to cause loss of power in the 

model. The highest pairwise correlation of -0.49 can be found between leverage and 

current ratio. The correlations between the explanatory variables are reported in Table 

8.  

Table 8 Pairwise correlations of explanatory variables 

  1. 2. 3.  4. 5. 6. 7. 8. 9. 

1. Current Ratio 1         

2. EV_Revenue 0.19 1        

3. Leverage -0.49 -0.16 1        

4. LN Revenue -0.23 -0.16 0.28 1      

5. Low R&D -0.06 0.05 0.20 0.05 1     

6. Mismatch 0.23 -0.07 0.01 -0.07 0.01 1    

7. RD Intensity 0.18 0.37 -0.30 -0.35 -0.26 0.02 1   
8. Return 0.01 0.14 -0.03 0.08 0.00 -0.05 -0.15 1  
9. ROI 0.11 -0.13 -0.03 0.34 0.04 -0.01 -0.44 0.32 1 

 

7.4 The marginal effect of R&D intensity on acquisition likelihood 

Due to the non-linear nature of the logit model, variables and their effect on the 

dependent variable cannot be interpreted as those of the linear regression model. Rather, 

they are typically interpreted through marginal effects. Average marginal effects display 

how a small change in the covariate impacts the likelihood of the modeled outcome, 

keeping the other explanatory variables at their observed values. As a small increase in 

categorical variables cannot be observed, marginal effects are computed as a change from 

0 to 1 when dealing with indicator variables. Table 9 below displays the average effect a 

change in the explanatory variables has on the likelihood of being acquired by the two 

groups of interest.   
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Table 9 Explanatory variables and their marginal effect on acquisition likelihood by group 

    Acquired by Financial     Acquired by Strategic 
        

Coefficient Estimate   Marginal Effect %       Marginal Effect %   

R&D Intensity  0.00680     0.03020  
Low R&D  0.11539    -0.80941  
Current Ratio  -0. 07081    -0.30290  
EV / Revenue   -0. 07092    -0.19844  
Growth Resource Imbalance  0.81402    -0.93808  
Leverage   -0.00945    -0.04022  
R&D Intensity  0.00680     0.03020  
ROI  0.00341    0.00401  
Total Share Return  -0.00152    -0.00874  
    

  
                 

 
 

As can be seen from Table 9, a one percent increase in R&D intensity is, on average, 

associated with an increase in the likelihood of being acquired by a financial and a 

strategic by 0.068% and 0.032%, respectively. Similarly, if a company has low R&D 

intensity, its likelihood to be acquired by a financial buyer increases by 0.115%, while an 

acquisition by a strategic buyer decreases by 0.809% all else equal. Interestingly the 

indicator variable for low R&D obtains opposing estimated marginal effects; however, 

the regression coefficients did not display a strong relationship with acquisition 

likelihood and are therefore noisy. The indicator variables low R&D and growth resource 

imbalance have the highest marginal effects, which can be explained by the fact that a 

small change in these variables implies them changing from zero to one, a change that is 

proportionally significantly greater than the changes in the continuous variables.  

7.5 Predictive ability 

As explained in chapter 6.5, the prediction accuracy of the model is measured based on 

the area under the estimated ROC curves for each test set. The closer the obtained AUC 

value is to 1, the better the prediction accuracy of the estimated model. Table 10 presents 

the obtained area under the curve for each group of acquirers for the years 2010 to 2018, 

as well as the, averaged together value for the year. The code used to obtain the prediction 

results is available in Appendix 2. 
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Table 10 Obtained area under the curve by transaction type and year 

Year AUC 
Financials 

AUC 
Strategics 

Uniform 
AUC 

2010 0.578 0.703 0.677 

2011 0.598 0.528 0.559 

2012 0.674 0.527 0.569 

2013 0.666 0.575 0.603 

2014 0.496 0.508 0.503 

2015 0.735 0.548 0.576 

2016 0.610 0.557 0.575 

2017 0.825 0.548 0.613 

2018 0.624 0.542 0.569 

 

As can be seen from Table 10, the obtained uniform AUC values hover between 0.5 and 

0.67, reaching a peak of 0.677 in 2010 and a low of 0.503 in 2014. The combined AUC 

value exceeds 0.5 for every year in the test set, indicating that the model does have some 

predictive capabilities. Based on the AUC values in Table 10, the model seems to be more 

accurate predicting acquisitions by financials than strategics. The predictors used in the 

model may be more suitable predicting transactions by this group, but the strong 

performance may also be attributable to luck and the low number of observed 

transactions by financial buyers.  

The predictions for acquisitions by financial buyers in 2014 are the worst predictions of 

the model, with an AUC of 0.496. This AUC value lower than 0.5 indicates that the model 
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performed worse than guessing. Furthermore, transactions by financials were predicted 

at an exceptional accuracy in 2017, with an AUC value of 0.825. In general, the model 

seems to outperform guessing, but the importance R&D intensity has on prediction 

accuracy cannot be distinguished. The estimated ROC curves for the test years are given 

in Appendix 3, Figures 7-15. 
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8 DISCUSSION 

This chapter discusses the results of this study. First, the observed relationship between 

R&D intensity and becoming a takeover target analyzed. Then the implications on 

takeover prediction are presented, followed by the contribution and the limitations of 

this paper.  Finally, suggestions for further research within the area are given.  

8.1 Relationship between innovation and takeover likelihood 

The findings of this study provide support to the hypothesis that a relationship between 

the likelihood of being acquired and innovation input does exist; although, this effect is 

limited to strategic acquirers. This difference between acquirer groups may be caused by 

differing acquirer preferences where strategic buyers who understand the technology 

sector better are less inclined to obtain complex companies whose immaterial assets are 

hard to value. Another and more probable reason could be that the significance of the 

coefficient estimate of R&D intensity is understated in the equation for financial buyers, 

due to the low amount of transactions by this group of acquirers. Only 117 out of the 643 

acquisitions in the sample were by financial buyers providing the equation with clearly 

less observations to base its regression coefficients on. The equation for acquisitions by 

financials only obtained two statistically significant regression coefficients, while the 

equation for acquisitions by the strategics obtained six.  

The observed positive relationship between R&D intensity and acquisition likelihood 

supports the previous findings of Bena and Li (2014), and Wu and Chung (2019). 

Contrary to them, a data set focusing on the technology industry is used. The American 

technology sector has been previously studied in a similar setting by Desyllas and Hughes 

(2009), who found R&D intensity, along with other measures of innovation to be relevant 

predictors of acquisitions. However, their sample included no observations from the 

2000s, making the findings of this paper more up to date.  

This thesis provides no support to the hypothesis suggested by Desyllas and Hughes 

(2009) that companies who make little effort to innovate are more likely to be acquired. 

The regression coefficient for the indicator variable displayed no importance in either of 

the modeled equations. The authors did, however, find a relationship between lousy 

innovators measured in patents, rather than the level of R&D intensity. The variable 

displayed no relationship with acquisitions by either group of acquirers, but the true 

relationship between being a bad innovator and becoming an acquisition target may be 

better captured using patent information.   
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The coefficient estimates for the explanatory variables were generally rather similar in 

both equations, and no clear differences were found in their size with the chi-squared 

test.  This indicates that the variables do have similar relationships with the likelihood of 

being acquired by both groups of acquirers.  

8.2 Using innovation to predict acquisitions 

This paper is among the first to use a measure of innovation to predict future takeovers. 

The model constructed consists of variables supported by previous research and was able 

to display predictive capabilities. The model did obtain a uniform area under its ROC 

curve higher than 0.5 in all of the tested years, indicating that it does perform better on 

the test data than simple guessing. However, the importance of R&D intensity in the 

model or whether the model could be used for financial gain is difficult to assess. Due to 

the limited size of the test set, the performance of the model may even be attributable to 

chance. Based on the AUC values reported in Table 10, the model seems to be more 

accurate predicting acquisitions by financials than strategics most of the test years, based 

on the larger areas beneath the green curves. This is somewhat surprising, as based on 

the z-values of the coefficient estimates, the explanatory variables would be expected to 

perform better predicting takeovers by the strategic acquirers. Furthermore, even if the 

model had some predictive power indeed, the potential advantage it provides would 

likely not exceed the transaction costs. 

Some previous studies have also reported predictive capabilities, e.g., Palepu (1986) 

Powell (2004), but when tested whether a profitable investing strategy could be built 

around their models have failed. It is probable that even the predictive capabilities 

displayed by this model are too weak to enable an investor to benefit from it. Despite 

displaying some predictive power on this given test sample, the model may not perform 

as well on another set of observations.  

The findings of this study are encouraging in terms of innovation, potentially being a 

suitable determinant for predicting takeover targets. However, it takes a whole model to 

predict M&A deals, and quantifying the relative importance of R&D intensity is difficult. 

Besides measures for innovation, the constructed model consists of many theoretically 

relevant variables. R&D intensity could provide very little information, making the 

performance of the model stem from other predictors. Nevertheless, the usefulness of 

R&D intensity and innovation, in general, still has plenty of room to be explored in terms 

of their suitability for predicting takeover targets in the M&A literature.  
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8.3 Economic implications of findings 

The findings of this paper indicate that there does exist a statistically strong positive 

relationship between the likelihood of being acquired by a strategic buyer and R&D 

intensity, ceteris paribus. From the perspective of small technology companies, this 

potential of being acquired could provide further incentive for innovative efforts, if it was 

larger. Due to the low estimated marginal effects, even if a relationship between efforts 

to innovate and becoming targeted in an M&A deal, it would be too small to influence a 

management team’s capital allocation decisions. Interestingly, a similar relationship is 

not found between R&D intensity and acquisitions by financial buyers, although it could 

be explained by the low amount of acquisitions by financials in the data set.  

No association between acquisition likelihood and low commitment to innovation can be 

found, i.e., technology companies that are putting little effort into innovating being 

turnaround targets for acquirers cannot be confirmed. This could indicate that acquirers 

do not believe they could improve the target company by solely increasing the 

investments in research and development efforts.  

Despite many of the coefficient estimates of the explanatory variables and the overall 

model displaying statistical significance, the low McFadden R2 measure of 0.0452 

indicates how small of a proportion these financial statement related variables display of 

acquisition preferences. 

The constructed model is able to identify future takeover targets more accurately than 

pure guessing, as can be seen from the AUC-scores in Table 10.  The AUC-values are, 

however, volatile, indicating that the performance of the model varies quite a bit by year. 

The results do nevertheless suggest that there is a degree of predictability to future 

takeover targets in the technology sector. The model performed well on this set of data, 

but the possibility of the model performing well due to chance alone cannot be excluded, 

considering the limited sample size.  

8.4 Discussion of potential issues 

Innovation is a very broad area of research, giving this paper a few limitations. First, the 

approach to studying innovation is somewhat one dimensional as the other side of the 

coin, the output from R&D investments, is not considered. R&D intensity is by no means 

a perfect measure for innovation, and the number of patents and the number of citations 

they receive have previously been used in some comparable papers, e.g., Laamanen 
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(2007), Desyllas & Hughes (2009), and Bena & Li (2014). He & Tian (2018) list a few 

weaknesses of using R&D intensity as the only measure of innovation. These including 

R&D expenditure only capturing one dimension of the innovating process and its 

sensitivity to accounting standards and changes in them. Therefore, using R&D 

expenditure as the sole measure of innovation is potentially subject to some 

measurement error.  

Furthermore, this paper focuses solely on American technology companies, and the 

results are, therefore, not necessarily applicable across different geographical markets or 

business sectors. Differing legislation and competitive environments may well lead to 

different kinds of relationships between innovation and M&A activity.  

In terms of prediction, some discriminatory power is displayed by the constructed model, 

but assessing whether but based on its AUC values alone, it is difficult to tell whether it 

is enough for an investor to benefit from. Unlike some of the previous papers mentioned 

in this study (Palepu 1986; Powell 2004), the investment return obtained by investing in 

companies with high predicted probabilities of being acquired is not tested here. 

However, considering the somewhat volatile prediction accuracy, and the infrequent 

occurrence of takeovers outperforming the market by investing in likely takeover targets 

seems highly improbable if transaction costs were to be considered. From an investors 

point of view, a predictive model that performs as consistently as possible would be ideal, 

although without a doubt difficult to construct.   

8.5 Suggestions for further research 

The field of M&A determinants is an interesting area with many relationships to uncover. 

As the relative value of companies is steadily shifting from tangible assets to intangible 

ones such as brand value and patents researching these from a broad perspective is 

important to understand their true meaning. The findings of this paper are encouraging 

in terms of the importance of innovation in M&A research. The variable displayed a 

strong relationship with acquisitions by one of the acquirer groups, and the constructed 

model performed relatively well in terms of predicting transactions. While this paper did 

not aim to answer whether an investor could benefit from relying signals based on 

takeover likelihood, measures of innovation could be incorporated in such studies.   

Another interesting area of research is how acquirers view patent information. Although 

publicly available, patent information has been utilized surprisingly scarcely in 

acquisition forecasting and would potentially provide further insights on whether the 
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markets price this information efficiently. This would contribute to the field enormously, 

as patents are probably the most tangible form of value created by innovation. Especially 

financial buyers, who possess a lesser understanding of the industry, could place greater 

emphasis on existing patents when making their investment decisions. In an era with a 

growing emphasis on immaterial assets, understanding the interplay between 

innovation and M&A is vital to truly understand how the competitive environment 0f 

businesses is changing.  

Moreover, the United States is known to produce companies that revolutionize industries 

globally, making it interesting to see more studies from other markets. A differing 

emphasis could be placed on innovation by acquirers in other regions, possibly leading 

to differing results. Regulatory factors could even play a role in how acquirers view 

innovative efforts of potential target companies.  
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9 CONCLUSIONS 

This paper aimed to shed light on whether innovation input is a suitable determinant for 

takeover targets in the technology sector. Two variables were used to measure it, R&D 

intensity, i.e., the ratio of R&D expenditure to sales and low R&D, an indicator variable 

for firms with R&D investments less than 1% of their revenue. These variables, along with 

additional control variables, were used to model the likelihood of American technology 

companies being acquired either by either a financial or a strategic buyer. While the 

variable for low R&D intensity displayed no strong relationship with either for both 

groups of acquirers, R&D intensity displayed a positive relationship, with its covariate 

being statistically significant at the 5% level for determining acquisitions by strategic 

buyers. This supports the previous findings of Bena & Li (2014) and Wu & Chung (2019). 

While the authors studied broader data sets containing multiple sectors, this paper 

focuses more narrowly on the technology sector. Previously, Desyllas and Hughes (2009) 

have focused on similar companies as they narrowed their scope of research to the high-

technology industry. Acquisitions of technology companies have not previously been 

modeled separately by acquiring rationale, but this study does give a reference point for 

the future.  

Furthermore, the estimated marginal effect R&D intensity has on acquisition likelihood 

is too small to expect the relationship to have true economic significance. The estimated 

marginal effect a change in R&D intensity has on being acquired by a strategic buyer was 

approximately 0.007%, while the corresponding effect on acquisitions by strategics was 

0.03%.  

This paper further investigated whether the model built on financial theory could be used 

to predict future technology sector acquisitions. The trained model was used to predict 

the transactions that occurred from 2010 to 2018 and did display performance better 

than grouping companies by guessing. However, due to the limited sample size, its 

predictive capabilities might be due to chance alone. The question of whether an 

investing strategy could be built on a model like this is left outside of the scope of this 

paper, but considering the low AUC values the model displayed and the level of difficulty 

based on previous papers, it is highly unlikely.  

The findings of this study provide credible support for the importance of innovation in 

M&A research. Not only did R&D intensity display a strong positive relationship with 

being targeted by a strategic acquirer, the statistical model displayed a capability to 
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predict future takeover targets. More studies are, however, needed to distinguish 

whether the predictive capabilities of innovation are persistent and whether variables 

constructed around patent information would perform even better.  
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APPENDIX 1 STATA CODE USED TO OBTAIN COEFFICIENT 
ESTIMATES 

# Indicates comments regarding the output 

xtlogit Acquired Return ROI RD_IntensityR Low_RD LNRevenue Leverage 
Current_Ratio  EV_Revenue Mismatch yr_1989 yr_1990 yr_1991 yr_1992 yr_1993 
yr_1994 yr_1995 yr_1996 yr_1997 yr_1998 yr_1999 yr_2000 yr_2001 yr_2002 
yr_2003 yr_2004 yr_2005 yr_2006 yr_2007 yr_2008 yr_2009 yr_2010 yr_2011 
yr_2012 yr_2013 yr_2014 yr_2015 yr_2016, re 

LR test of rho=0: chibar2(01) = 2.4e-04 Prob >= chibar2 = 0.48 #Rho shrinks to 
essentially zero, indicating that the variables explain essentially all the random effects. 
No need to account for random effects in the cross section 

estimates store m1 # (LR = 112.57, R2 = 0.0217) 

mlogit Acquired_Year Return ROI RD_IntensityR Low_RD LNRevenue Leverage 
Current_Ratio EV_Revenue Mismatch 

estimates store m2 #(LR = 234.30, R2 = 0.0452) 

mlogit Acquired_Year Return ROI RD_IntensityR Low_RD Leverage Current_Ratio 
LNRevenue EV_Revenue Mismatch yr_1989 yr_1990 yr_1991 yr_1992 yr_1993 
yr_1994 yr_1995 yr_1996 yr_1997 yr_1998 yr_1999 yr_2000 yr_2001 yr_2002 
yr_2003 yr_2004 yr_2005 yr_2006 yr_2007 yr_2008 yr_2009 yr_2010 yr_2011 
yr_2012 yr_2013 yr_2014 yr_2015 yr_2016 

lrtest m1 m2        #(LR = 122.02) 

# LR chi2(46) =     95,69, Prob > chi2 =    0.0000 (Assumption: m2 nested in m1)                          

# The time dummies are Significant at the 0,1% level.  

#Testing for equivalence in coefficient stimates between equations 

test ([1 = 2]: RD_IntensityR) 
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APPENDIX 2 R CODE USED FOR ASSESSING PREDICTIVE 
CAPABILITIES 

Library(nnet); library(pROC) 

formula1 <- formula(Acquired_Year ~ Return +  ROI + RD_IntensityR +  Low_RD + 

Leverage  + Current_Ratio + EV_Revenue) 

for (i in 0:8) { 

  training_data <- myData[myData$Year < 2008 + i , ] 

  test_data <- myData[myData$Year == 2008 + 1 + i  , ] 

#Fit the model 

  model = multinom(formula1 , data = training_data) 

#Obtain predictiosn 

  pre = predict(model, newdata = test_data, type='probs')  

  pre2 <- as.data.frame(pre) 

  strategic <- ifelse(test_data$Acquired_Year == 2,1,0) 

  num_strategic <- sum(strategic) 

#ROC for Strategics 

  roc2 <- roc(strategic, pre2$`1`) 

#AUC for strategics 

  auc_strategic <- auc(roc2) 

plot(roc2) 

financial <- ifelse(test_data$Acquired_Year == 1,1,0) 

  num_financial <- sum(financial) 

  roc <- roc(financial, pre2$`2`) 

plot(roc, add = TRUE) 

  auc_financial <- auc(roc) 

uniform_auc <- (roc_financial * num_financial + roc_strategic * num_strategic) / 

(num_strategic + num_financial) 

} 
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APPENDIX 3 ESTIMATED ROC CURVES FOR EACH TEST YEAR 

 

Figure 7 Obtained ROC curve for the predicted transactions in 2010

 

Figure 8 Obtained ROC curve for the predicted transactions in 2011 
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Figure 9 Obtained ROC curve for the predicted transactions in 2012 

 

Figure 10 Obtained ROC curve for the predicted transactions in 2013 
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Figure 11 Obtained ROC curve for the predicted transactions in 2014 

 

Figure 12 Obtained ROC curve for the predicted transactions in 2015 
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Figure 13 Obtained ROC curve for the predicted transactions in 2016 

 

Figure 14 Obtained ROC curve for the predicted transactions in 2017 
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Figure 15 Obtained ROC curve for the predicted transactions in 2018 

 

 

 

 

 

 


