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Abstract:  
 
This study aims to discover how FinTech M&A announcements impact the stock returns 

of the acquirers as well as the acquiring firms’ peers, companies similar in size and 

operating in the same industry as the acquirer. The topic is motivated by the rapid 

growth of FinTech M&A activity during the recent decade and lack of academic research 

focusing on its impacts in a similar two-fold manner as done in this study. In addition 

to understanding whether engaging in FinTech M&A impacts acquirer returns 

positively, this study aims to assess the hypotheses of complementarity and disruptive 

innovation by focusing also on the peer group returns. The geographical focus of the 

study is United States and the studied time period covers years 2010 to 2018. The 

sample of FinTech transactions are screened through by applying certain industry 

criteria and manually screening each target company to ensure that the target operates 

in the FinTech sector. The final sample includes 160 FinTech transactions. 

 
The study applies an event study methodology for estimating the impact of the 

acquisition announcement on the acquirers’ and peers’ stock returns. Furthermore, the 

obtained abnormal returns are regressed against a set of variables in multivariate 

regression models. The empirical results indicate no significant impact of FinTech M&A 

announcements on the acquirer returns. This could be explained by the often-small size 

of FinTechs in relation to acquirers as well as by the hypothesis of managerial hubris. 

On the contrary, the peers are found to experience a small positive short-term impact 

following an announcement, giving support for the so-called complementarity 

hypothesis. Furthermore, acquiring a cybersecurity target is found to generate the most 

positive impact on acquirer returns. Signaling further complementarity, acquirers and 

peers operating in the banking sector are found to respond most positively to FinTech 

acquisition announcements. The empirical results give indication to that FinTechs are 

not viewed as disruptors putting non-acquirers into competitive disadvantage, but 

rather that FinTech M&A signals positive complementarity effects and value-adding 

acquisition opportunities also for the peer companies, resulting in the observed positive 

post-announcement returns. This study contributes to existing academic literature 

through its novel findings based on a two-fold way of studying acquisition impacts and 

well as through conducting the study on a manually collected sample, which gives the 

FinTech sample highest possible accuracy. 
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1 INTRODUCTION 

Fundamental transformations are shaping the financial industry. Financial technology 

or “FinTech” startups revolutionise the way customers experience financial services by 

offering innovative service solutions through the utilization of new technologies. During 

the last couple of years, FinTech startups have gained foothold in fields such as asset 

management, lending and insurance (Gimpel, Rau & Röglinger, 2017).  

Digitalization and technological developments play crucial roles in the financial services 

sector. Through successful technological implementations, firms are able to maintain 

and increase their value in the competitive and quickly changing business landscape of 

today. Being “asset-light and compliance-easy organisations”, FinTech startups have 

rapidly emerged to challenge traditional institutions and players in the financial services 

sector (Chuen & Teo, 2015: 5). One way for the traditional financial companies to obtain 

essential information related to technological developments is the acquisition of a firm 

specialised in financial technologies. In order to sustain competitiveness and 

profitability, firms must increasingly make large investments in projects and acquisitions 

that increase their technological competencies in the current era of digital 

transformation. 

Not only has the funding volume directed at FinTech companies increased dramatically 

in recent years (Li, Spigt & Swinkels, 2017), but also the merger and acquisition (M&A) 

activity targeting FinTech companies has risen considerably. Global FinTech M&A rose 

from $91 billion in 2018 to a record-high of $97.2 billion in 2019, while the number of 

M&A deals experienced a sharp drop from 622 to 426 deals (KPMG, 2020). Three 

megadeals, namely the acquisitions of FIS - WorldPay, Fiserv - First Data and Global 

Payments - TSYS, made up the majority of the funding activity in 2019 and will arguably 

continue to reshape the FinTech landscape as the three largest FinTech mergers to date 

(Javaid, Stone & Rasay, 2019). The trend is ongoing: many financial companies are 

pursuing acquisitions of FinTech firms as their proprietary technological know-how may 

potentially lower the acquiring firms’ expenses, simplify their business processes as well 

as aid in various problems related to IT, cybersecurity and operational inefficiencies. The 

ongoing trends of high investment volumes and increased prominence of FinTechs call 

for a deeper understanding of the impacts FinTech M&A activities have on the financial 

services sector at large. 
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1.1 Motivation for the study 

Notwithstanding the rising importance of FinTech and increased M&A activity within 

the field, the subject is low on theoretical insights. Recent academic studies have 

concentrated on the way FinTech M&A announcements impact the acquirer’s stock 

returns (see e.g. Dranev, Frolova & Ochirova, 2019) and how FinTech funding 

announcements and funding volumes impact incumbent retail banks’ stock prices (see 

e.g. Li et al., 2017). Whereas previous studies have partially helped to reveal the 

magnitude of disruptive innovation effects FinTechs impose on the acquirers and on the 

traditional players in the field, these studies have lacked a wider focus on the way 

FinTech M&A activities impact not only the acquiring firms or the banking sector alone, 

but also the acquirers’ peer companies operating in various industry sectors related to 

finance.  

This research aims to generate knowledge on a less-researched area of FinTech by 

simultaneously studying the impact FinTech M&A announcements have on the acquirer 

as well as on the acquiring firm’s competitors’ stock returns. The study utilizes an event 

study methodology in which the abnormal returns following deal announcements will be 

assessed, followed by multiple regression analysis that focuses on exploring whether 

certain transaction specific factors help to explain variations in the abnormal returns.  

The data period of focus is from 2010 to 2018. By imposing a specific industry 

classification selection criterion to the sample, this research aims to study the impact of 

FinTech M&A not only on traditional banks, but also on the acquirers’ peer companies 

operating in various related fields. For the purpose of clarity, in the forthcoming sections 

the concepts “competitor” and “peer company” shall be used interchangeably to refer to 

companies operating in the same industry sector and geographical context as the 

acquiring firm. 

Information regarding the wider effects of FinTech M&As is valuable in assessing the 

nature of the current FinTech era. New FinTech startups and solutions are emerging at 

a fast pace and these innovations are gradually incorporated also into traditional players’ 

service offerings, thereby reaching a wider customer base. As the merger and acquisition 

activity targeting FinTech firms has peeked only during the last couple of years, the long-

standing value-creating effects of these acquisitions must be researched in the future 

with a longer time-horizon. However, at this stage assessing the market reactions 

FinTech M&A cause in the acquiring firms’ peer companies allows one to research 

whether the observed market reactions incorporate assumptions related to disruptive 
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technologies and competitive advantages, or whether FinTech M&As are viewed more 

neutrally from a wider industry perspective. The focus on FinTech M&A impacts in this 

two-fold manner allows to assess the hypotheses of disruptive innovation and 

complementarity effects, whilst shedding light on the potential future of FinTechs. 

1.2 The aim of the research 

The aim of this study is to answer the following research question: 

”How does FinTech M&A announcements impact the stock returns of the acquirer and 

the acquirer’s peers?”  

By answering this research question, this study aims to fill an existing research gap in 

the FinTech literature by uncovering wider effects of FinTech M&A announcements by 

incorporating peer effects into the study. 

1.3 Research hypothesis 

Keeping up with technological developments is critical for every businesses’ survival. The 

impact is felt even more strongly in the financial services industry, in which technological 

developments pose concrete benefits of lower transaction and operational costs for 

companies. FinTech firms are often considered to be a disruptive force in the financial 

services industry, forcing traditional players to innovate and strive for more efficient 

solutions. Given the prominent role FinTech firms play in offering innovative and 

customer-centric financial services, the research hypothesis this study aims to test is the 

following: 

The acquisition announcement of a FinTech company causes a negative stock reaction 

for the acquiring company’s competitors and peers operating in the same field, whilst 

the stock reaction for the acquirer is positive. 

Gaining access to innovative technologies through a FinTech merger or acquisition 

allows the acquirer to gain synergy effects, which in turn can be expected to cause a 

negative stock reaction for the acquirer’s competitors as they face competitive 

disadvantages. This assumption has also been incorporated by other academics: Sood 

and Tellis (2009) as well as Liu and Miller (2014) both concluded that the possibility of 

disruption through an innovation or increased competitive advantage in an industry 

cause the established firms’ stock prices to decrease as a result of announcements 

signaling such factors. Given this, the stock returns of the peer companies are also 
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expected to face a decrease when disruption in the form of a FinTech M&A 

announcement takes place. However, in case a positive reaction in peer post-

announcement returns is found, the hypothesis of complementarity effects will find 

support, which presupposes that emerging technologies may work to complement 

existing service offerings and cause positive spill-over effects across an industry.  

1.4 Statement of contribution  

This research contributes to the existing FinTech literature by assessing wider impacts 

of FinTech M&As on the peer companies operating in the same industry as the acquirer.  

The research findings will contribute to the ongoing discussion of whether FinTech 

startups pose a substitutive and disruptive force to which competitors respond 

negatively, or whether the M&A announcements create positive spill-over effects and 

complementarity effects felt across companies operating in the same field. An additional 

contribution is the novelty of this study’s findings given the utilized sampling method, in 

which all transaction targets are manually screened to ensure that they fit the description 

of FinTech. As most previous FinTech studies have relied on industry classification 

criteria for sampling FinTechs, the manual screening of each target company in this 

study allows for a more accurate and representative sample of FinTech transactions. 

In addition to contributing to the existing academic literature, the generated findings 

will be of practical importance considering the growing magnitude of M&A deals 

involving FinTech companies and the prominent role they play in transforming the 

financial services industry through their innovative, cost-effective and technologically 

advanced service offerings. Understanding the market reactions of not only the acquiring 

companies but also their peers allows for uncovering the nature of FinTech firms in the 

eyes of competitors and perhaps also the role they will play in shaping the field in the 

future: whether FinTech firms are perceived as value-adding disruptive entities or 

whether their impact is considered less significant. 

1.5 Limitations  

Due to the limited scope of this research, the forthcoming analysis will be based on a 

relatively small sample of M&A deals. Despite the rapidly growing number of FinTech 

M&A announcements during last years, the industry itself is relatively young, explaining 

the small sample available for analysis. Furthermore, the geographical concentration of 

FinTech M&A deals in the United States imposes another limitation for this study and 

the generalizations that can be inferred from its findings. As the sample comprises only 
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of FinTeach M&A deals in the United States, one should be cautious of applying the 

findings to other geographical contexts without appropriate modifications. 

1.6 Structure of the research 

The research will proceed as follows. First, an overview of the most relevant theoretical 

frameworks and previous literature on the topics of FinTech, M&As and FinTech M&As 

more specifically will be outlined. Second, the data used for the analysis and the 

empirical methods applied will be introduced in sections 4 and 5, respectively. Section 6 

presents the empirical results and section 7 covers a thorough discussion of the findings 

from the perspective of the presented research hypothesis and the applied theoretical 

framework. Lastly, section 8 summarizes the main research findings and proposes new 

approaches for future research on the topic of FinTechs based on the limitations 

uncovered in this study. 
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2 THEORETICAL FRAMEWORK 

 

2.1 Defining FinTech 

Technology has always played a key role in shaping the financial industry, from the 

establishment of ATM machines to the use of wire transfers in transactions, to name a 

few groundbreaking innovations. What makes the current FinTech revolution special is 

the rapid pace at which new innovations and technologies are developed and applied in 

the financial industry. Another unique characteristic of the current FinTech revolution 

is that most of the innovative activities originate from outside of finance. Young 

technology startups have taken the lead in introducing new products and technologies to 

be utilized in the financial markets, which in turn has led to more intensified competition 

in the industry (Goldstein, Jiang & Karolyi, 2019).  

The concept of FinTech and the phenomenon itself are relatively young. The earliest 

FinTech ventures focused on mobile payments, peer-to-peer loans and crowdfunding. 

Recent innovations utilizing newer technologies have expanded the scope of FinTech to 

include applications of blockchain, cryptocurrencies as well as robo-investing. These 

advancements in FinTech offerings can be expected to broaden and develop even further, 

as high-tech startups continue to compete with traditional players through offering new 

innovative service solutions to customers (Goldstein et al., 2019). As FinTech keeps 

finding its form, several classifications and definitions of FinTech companies have 

emerged both in everyday language as well as in academic literature. To put it most 

simply, according to Financial Stability Board (2020) FinTech is "technology-enabled 

innovation in financial services”. According to the Oxford English Dictionary, the word 

FinTech itself is an abbreviation of ”financial technology”, which combines both 

”financial services” and” information technology” sectors.  

Previous academic literature on the topic has defined FinTech in various ways. Most 

often FinTech is referred to as ”innovative and personalized financial services and 

products” (Gimpel et al., 2018: 246). Some consider FinTech to be a specific business 

model of its own (Drummer et al., 2016) whilst some consider it to be an entire sector 

(Kim et al., 2016). Dany et al. (2016) emphasize customer centricity as one of the most 

fundamental characteristics of FinTech firms. However, most sources do agree that 

”FinTech leverages digital technologies such as the internet, Internet of Things, mobile 

computing and social media” as well as ”the use of data analytics and artificial 
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intelligence” (Gimpel et al., 2018: 247). Gimpel et al. (2018: 247) define FinTech as firms 

with operations that ”characterizes the usage of digital technologies such as the Internet, 

mobile computing, and data analytics to enable, innovate, or disrupt financial services”. 

The authors define FinTech startups as ”newly established businesses that offer financial 

services based on FinTech” (Gimpel et al. 2018: 247).  

Focus on the technologies utilized by FinTech firms has also been followed by Chen, Wu 

and Yang (2019), who classified FinTech innovations based on the underlying 

technologies utilized. According to the authors, FinTech consists of ”digital computing 

technologies that have been applied – or will likely be applied in the future - to financial 

services” (Chen et al., 2019: 2066). Utilizing a large textual database on patent 

applications, the authors formulated a typology of FinTech comprising of seven 

categories of technologies, namely cybersecurity, mobile transactions, data analytics, 

blockchain, peer-to-peer (P2P), robo-advising as well as Internet of Things (IoT) (see 

Table 1). In addition to utilizing one of these technologies, in order to qualify as FinTech 

the intended end use of the technological application must be directed to the field of 

financial services.   
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Table 1 FinTech categorization (Chen et al., 2019) 
This table presents the seven most commonly discussed categories of FinTech, their definitions and key 
technologies utilized. The categorization follows that of Chen et al. (2019), who categorized FinTechs to 
seven main categories based on the underlying technology applied. 
 

Category Definition Key technology 

Cybersecurity  Practice of securing computers, 

servers and devices against malicious 

attacks 

Cryptography, authentication, Public 

Key Infrastructure, biometrics 

Mobile transactions Payments enforced using a wireless 

device (smartphones, tablets, smart 

watches) 

Digital and smartphone wallets, quick 

payment platforms allowing 

immediate transactions 

Data analytics Technologies, tools and algorithms 

for managing and drawing 

conclusions from transactions or 

consumer data 

Cloud computing, artificial 

intelligence, machine learning, big 

data 

Blockchain Data structure (decentralized ledger) 

that holds transactional information 

with application in finance 

Cryptocurrencies, proof-of-work, 

smart contracts 

Peer-to-peer (P2P) Platforms and systems that facilitate 

C2C transactions 

Crowdfunding, P2P, C2C payments 

Robo-advising Digital platforms providing 

automated financial planning 

services 

Artificial intelligence, big data, 

machine learning 

Internet of things (IoT) Technologies that relate to smart 

devices 
Smart devices 

 

Dranev et al. (2019: 353) defined FinTech firms as firms ”involved in business activities 

in both the IT and financial sectors”. Given that FinTech firms base their operations on 

advanced IT technologies, the authors conclude that a FinTech firm can be defined as 

one that possesses strong IT expertise whilst focusing its operations on the financial 

sector (Dranev et al., 2019: 354). As such, their definition excluded firms that offer 

”innovative financial services but outsource software development” (Dranev et al., 2019: 

354). This was due to the fact that the motivation behind acquiring such financial 

companies may not be directly linked to their technology-specific factors, an assumption 

that is counterintuitive for sampling in a FinTech-focused study. In their study of 

FinTech startups impact on incumbent retail banks’ share prices, Li et al. (2017) followed 

a similar logic and defined FinTech startups as firms operating in Internet, Mobile and 

Telecommunications and Financial Services industries. To further specify their sample, 

sub-industries such as ”Internet Software and Services, ”Accounting and Finance”, 

”Mobile Software and Services” as well as ”Asset/Financial management” were applied 

(Li et al., 2017: 7).  
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For the purpose of this study, a FinTech firm is defined as a one that is involved in 

operations in both IT and financial sectors. In order to screen out target companies that 

fit the description, a target company industry classification criterion will be applied when 

screening M&A deals. Furthermore, each target company will be manually screened to 

ensure the target company’s fit with the definition of FinTech. For a more detailed 

discussion regarding the sampling method, see section 4.1.1. 

2.2 FinTech and the banking sector: hypotheses of disruptive innovation 
and complementarity 

Academics have introduced several competing hypotheses aiming to explain the impact 

young companies with disruptive technological offerings may pose on the traditional 

players in industries. FinTech startups have often been viewed in light of these 

hypotheses, given the perception of FinTechs as entities providing new, disruptive 

technological solutions for the financial sector, thereby threatening the status-quo of 

traditional industry players.  

Academics have applied consumer theory to discuss such impacts. According to its 

theoretical premise, a new service complements an existing one if it can be combined 

with it to create a new service offering. On the contrary, a service acts as a substitute if it 

is able to replace an old service by satisfying the same needs (Li et al., 2017). As such, 

FinTech firms can be perceived as beneficial from the perspective of traditional financial 

players in the first case and as threats in the latter.  

2.2.1 Disruptive innovation and substitution effects 

The concept and studies surrounding the theory of disruptive innovation was initially 

pioneered by Christensen (1997), who studied the impact of technological innovations 

on industries. Of special interest was to find explanations as to why even great companies 

are subject to the threat of failure when novel technologies are introduced by industry 

incumbents. Introduction of novel technologies were found to have two kinds of impacts 

on industries: they either sustained the industry and its rate of improvement or disrupted 

and redefined its ways of working, resulting at times in the failure of industry market 

leaders.  

According to the proposed dichotomy, sustaining technological innovations are 

pioneered and mastered by the established players in an industry and later on adopted 

by the entrants and the industry at large. Sustaining innovations often aim to improve 

and complement the already existing service offerings. On the contrary, industry leaders 
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are challenged when new innovation is of disruptive nature and pioneered by industry 

entrants. In light of the theory, disruption can be defined as a process in which ”a smaller 

company with fewer resources is able to successfully challenge established incumbent 

businesses” (Christensen, Raynor & McDonald, 2015). Disruptive technologies provide 

inherently different values compared to mainstream technologies and are initially 

inferior in terms of the dimensions most important to mainstream customers, serving 

originally only specific niche market segments that value its non-standard performance 

attributes (Yu & Hang, 2010). Entrants often focus on targeting segments previously 

overlooked by industry incumbents and as they place their focus on their largest 

customer segments, they often overlook the threat of entrants. As a result, entrants are 

able to move upmarket and gain foothold in larger customer segments while preserving 

the advantages that determined their early success. Disruption is said to have occurred 

when large segment of the mainstream customers starts adopting the entrants’ products 

and services in considerable volumes, thereby making the once-novel innovation the new 

norm (Christensen et al., 2015: 4).  

FinTechs have often been analysed in light of the disruptive innovation theory. Being 

often small companies focusing on untargeted segments, FinTechs are disrupting the 

way financial services are offered and utilize various innovative technologies in their 

service provisions. The disruptive effects of FinTechs have been argued to stem from 

their novel business model applications, new market mechanisms, technological 

infrastructures, cross-border innovations as well as segment-of-one marketing strategies 

(Gomber et al., 2018). Furthermore, the disruptive effects are also felt in customer 

experience that is subsequently enhanced through the offering of new products and 

functionalities.  

2.2.2 Complementarity effects  

Another theoretical stance presupposes that innovative young firms do not necessarily 

pose a threat to incumbents, but they rather complement their already existing service 

offerings with the novel innovations they present to the market. The growing number of 

FinTech transactions may indicate that incumbents have recognized the significance of 

FinTechs and aim to incorporate their technologies into their own service offerings 

through co-operations and acquisitions, implying that incumbents see FinTechs as 

complementary to their already existing business (Li et al., 2017). The complementarity 

effects FinTechs provide stem from enhanced business models, extended access by 
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customers, various hybridized services and shared technological infrastructures, among 

other aspects (Gomber et al., 2018).  

The complementarity hypothesis stems from the Resource-based view (RBV) theory, 

according to which a company’s competitive position is largely determined by the 

resources it possesses (Newbert, 2007). According to an influential conceptual model 

presented by Barney (1991), a valuable, rare resource or capability translates into a 

competitive advantage, thereby resulting in superior performance. Valuable capabilities 

can be either obtained through internal channels through innovation or it can be 

acquired in a merger with another company possessing the wanted capabilities. 

The role of FinTechs in providing incumbents with innovative, novel capabilities relating 

to technological enhancements is evident. According to the complementarity hypothesis, 

acquiring a FinTech company works to complement already existing business processes 

and offers internal capabilities that will translate into superior performance in 

businesses focusing on financial and business applications. In addition to acquirers, 

industry peers may also enjoy positive reactions stemming from FinTech 

complementarity. In case market reactions to FinTech acquisitions seem to be positive 

and transactions prove to be value-adding, peer company investors may view the success 

as a possibility to also seek value-adding acquisition targets in order to complement their 

existing operations and to increase value-add. Following this logic, the anticipated future 

complementarity effects may be reflected also in the peers’ stock returns following a deal 

announcement. 

 

2.3 Mergers and acquisitions 

2.3.1 Motives behind M&A transactions 

The motivations behind mergers and acquisitions have been widely studied by 

academics. In their seminal paper on merger motivation theory, Berkovitch and 

Narayanan (1993) divide the main motives for takeovers into three hypotheses: synergy, 

agency and hubris. The authors conclude that the different motives behind M&A deals 

seem to explain why certain transactions prove to be value-creating, whilst some value-

reducing for acquirers, targets and peers alike. 
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2.3.1.1 The synergy motive 

The synergy motive hypothesis assumes the underlying motivation for transactions to 

result from the potential economic gains that firms may obtain through combining the 

resources of two firms. In their study, Berkovitch and Narayanan (1993) found synergies 

to be the underlying rationale for the majority of takeovers studied. In transactions 

fueled by the synergy motive, the authors assume the correlation of target and total gains 

to be positive, given that managers of both targets and acquirers aim to maximize 

shareholder wealth and engage in a transaction only if it results in gains to both 

companies’ shareholders.  

From a FinTech M&A perspective, empirical evidence has tapped on the importance of 

acquired technology in realizing merger synergies. Al-Sharkas, Hassan & Lawrence 

(2008) found that the most significant source of efficiency in bank mergers and 

acquisitions was obtained through advancements in technologies. Merged banks were 

found to experience superior productivity growth compared to non-merged banks and 

this productivity growth was largely attributable to the obtained advancements in 

technology. From the obtained results, the authors concluded that an economic rationale 

exists for future mergers in the banking industry, which further allow the traditional 

banking institutions to take advantage of opportunities created by more sophisticated 

technologies (Al-Sharkas et al., 2008: 50). Given this view, FinTech startups are feasible 

acquisition targets for banks looking for more modern and efficient technology solutions 

from the synergy realization perspective. 

In relation to FinTech M&As and potential synergies, Ma and Liu (2017) conclude that 

acquiring firms engage in transactions to boost their technological know-how in one of 

the two ways: they either aim to obtain new technology know-how through expanding 

into new industry sectors or they engage in transactions to improve their already existing 

technologies. A large acquirer may prefer to absorb the technological know-how of a 

smaller target firm instead of investing heavily into research and development. 

Furthermore, the importance of IT integration in mergers and acquisitions has been 

studied by Burke and Kovela (2017), who argue that successful IT integration is a vital 

factor for post-merger synergy realization. Given the central role M&A plays in 

transforming industries and companies, the opportunity for businesses to obtain IT 

enabled synergies and efficiencies is more significant than ever before given the rapid 

technological advancements. Adding further weight to the claim, the authors argue that 

problems with IT integration may hinder value creation from an otherwise perfectly good 
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acquisition, cause post-deal crises and lead to acquisition aftershocks if the technological 

capabilities are not integrated in the most optimal manner to yield synergy effects (Burke 

& Kovela, 2017: 22).  

2.3.1.2 The agency motive 

On the contrary, the agency motive hypothesis argues that the underlying motivation for 

takeovers stems from the selfish interests of an acquirer management. More specifically, 

an acquiring management is assumed to pursue transactions for the sole purpose of 

improving their own welfare, often at the expense of the company’s shareholders. 

Berkovitch and Narayanan (1993: 350) mention several exemplary reasons for this 

deviation, including the need to diversify the management’s personal portfolio, empire 

building strategies utilizing the firm’s free cash flow as well as attempts to increase the 

firm’s dependency on the management through acquisition of specialized assets. In such 

takeovers fueled by management’s self-interest rather than pure economic 

considerations, the authors assume the total gains from the transaction to be negative.   

One practical example of agency motives are so called ”specialist managements”, which 

aim to acquire firms in their own specialized lines of business. In doing so, the success of 

the combined entity will depend largely on their set of specialized skills. Whilst this 

dependency allows the management to defeat rivals that may succeed better in certain 

other areas of business operations, the actions increase perquisite consumption and 

result in agency costs that reduce the total value of the combined entity available to the 

shareholders (Berkovitch & Narayanan, 1993). In the context of FinTech M&As, 

technology-focused managements in financial sectors may aspire to pursue FinTech 

transactions in order to increase the firm’s dependency on their technological know-how, 

although the transaction may not be viable from a synergy perspective. 

2.3.1.3 The hubris hypothesis 

Lastly, the hubris hypothesis presupposes that transactions occur merely due to 

managers making incorrect inferences when estimating the potential gains related to a 

transaction. As such, the price paid for a target company may not be in proportion to the 

increase in the economic value of the corporate combination. The correlation between 

target and total gains is therefore assumed to be zero, as target gains are merely a transfer 

of wealth from the acquirer to the target in cases where there are no synergy effects 

(Berkovitch & Narayanan, 1993). 
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According to an influential paper by Roll (1986), bidding firms pay too high prices for 

their targets on average. Bidding firms tend to abandon their bids if their valuation of 

the target implies a figure that is less than the target’s current market price. On the 

contrary, bids are executed when the valuation exceeds the target firm’s current market 

valuation. In case no synergy gains are available from a transaction but a bidding firm 

still executes its bid, the hubris hypothesis would work to explain why managers do not 

abandon these bids since they likely represent positive errors in valuation (Roll, 1986: 

212). Intrinsically, the takeover premium in such cases can be considered as a random 

error, a mistake made by the bidding firm. In contrast to the agency motive claims, 

management’s intentions may be fully consistent with the shareholder’s best interests, 

although the actions undertaken do not always prove to be appropriate.  

The hubris hypothesis is intuitively also applicable to the context of FinTech M&As, in 

which managements may underestimate the resources required for IT integration and 

synergy realization. In addition, bidders may be inclined to pay disproportionate 

premiums when acquiring early-stage, high-technology firms given the lack of historical 

data and uncertainty about the firm’s future development, both elements which make 

valuing high-tech startups cumbersome (Festel, Wuermseher & Cattaneo, 2013).  

2.3.1.4 Other commonly discussed motives 

In addition to the three most commonly discussed motives presented by Berkovitch and 

Narayanan (1993), academics have introduced several competing and supplementing 

theories to explain M&A reasonings.  

The merger wave hypothesis is based on the findings of Song and Walkling (2000), who 

argued M&As to be a trend phenomenon. Given this premise, management’s motivation 

to engage in a transaction is not fueled by economic considerations such as synergies, 

but rather by “herding” pressures. As a result of increased M&A activities in their 

industry of operations, managers are more likely to engage in mergers irrespective of 

whether the given transaction is beneficial for their company (Hankir, Rauch & Umber, 

2011). For the acquiring firm's peers, the impact may be felt in varying ways: the 

increased merger activity may either signal value-adding opportunities for the peers to 

engage in acquisitions themselves, resulting in positive returns, or it may signal 

increased competition and competitive disadvantages, resulting in a negative stock 

response. 
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Relatedly, Eckbo & Wier (1985) studied the collusion hypothesis, according to which 

challenged1 horizontal mergers endorse tacit or explicit cooperation among the members 

of the merging parties’ industries. Based on the hypothesis’ assumptions, returns to both 

merging firms and rival firms are expected to be positive following a merger 

announcement. The positive abnormal returns are assumed to derive from the arising 

opportunities to extracting monopoly rents under increased cooperation, thereby 

reflecting the potential increases in future cash flows. 

The market power hypothesis entails that the primary motive behind M&A transactions 

is the striving for market power, given that each takeover reduces the number of players 

in the industry which in turn leads to reduced competition. According to the hypothesis, 

a prevalent intention of the bidder is to take over one of its direct competitors and in this 

way take advantage of unilateral price effects. For the merging firms, the expected return 

is assumed to be positive due to their increased competitive foothold. On the other hand, 

cases in which the new combined entity is feared to engage in predatory conduct such as 

price wars, the rival firms’ stock prices are expected to fall as a result of their 

disadvantageous position in relation to the more powerful company combinations 

(Eckbo & Wier, 1985).  

Lastly, the pre-emptive merger hypothesis proposes that the acquirer’s main motivation 

behind a transaction is to prevent its competitors from acquiring its preferred targets. As 

such, pre-emptive mergers are not steered by the idea of creating value for the company’s 

shareholders, but rather aim to secure the bidder’s own market position and preempt 

their preferred targets from merging with someone else. According to Fridolfsson and 

Stennek (2005: 1084), unprofitable mergers may be a result of merging for pre-emptive 

purposes if acquirers view that “becoming an insider is better than becoming an outsider” 

and engage in transactions regardless of the synergy realization opportunities. Even if 

the merger reduces the acquirer’s profits, it may increase their profits compared to an 

alternative in which their rival gains greater competitive advantage through acquiring 

preferred targets. 

 

 

 
1 In their paper, Eckbo & Wier (1985: 120) refer to challenged mergers as horizontal mergers (mergers 
between competitors) that have been investigated by government entities for anti-competitive reasons. 
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Table 2 Summary of M&A theories 
This table summarizes the expected direction of abnormal returns to the merging firms and their peers as 
predicted under the different theories explaining M&A motives. The rationale behind the expected direction 
of abnormal returns is given in parentheses. 

Theory predicting M&A 

motives 

Abnormal returns to merging 

firms 

Abnormal returns to peer 

companies 

Synergy motives  Positive (cost savings) Negative (competitive disadvantage) 

Agency motives Negative (no synergies) Zero (no synergies) 

Hubris hypothesis Zero (mainly transfer of wealth) Zero (mainly transfer of wealth) 

Merger wave hypothesis  Positive / depending on the target (following the 

industry trends) 

Positive / depending on the target (signals 

acquisition opportunities or increased 

competition) 

Collusion hypothesis Positive (monopoly rents) Positive (monopoly rents) 

Market power hypothesis Positive (monopoly rents) Negative (costs of price war) 

Pre-emptive merger hypothesis Positive / depending on target (competitive 

advantage) 

Negative / depending on target (increased 

consolidation) 
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3 PREVIOUS RESEARCH 

 

3.1 The impact of FinTech on traditional service offerings 

3.1.1 General background 

As a result of financial crises and advancements in technological innovations, the last few 

years have exhibited disruptions and novel challenges for the traditional ways of 

banking. One such challenge is the increased attention to regulatory compliance in the 

post-financial crisis era, which has increased banks’ compliance costs. Regulatory costs 

have also made it more expensive for firms to serve clients considered riskier. 

Characterized by higher risk and greater complexity, small and medium enterprises 

(SMEs) have suffered as banks have limited their exposure to serve these riskier, low-

scale clients (Ventura et al., 2015). Coupled with these factors, traditional banks also 

suffer from weaknesses stemming from their complex corporate structures, high levels 

of bureaucracy as well as high levels of operating costs. 

The underserved market of SMEs has created an opportunity for FinTech firms to enter 

the financial services market. The hindered access of financing has forced SMEs to seek 

alternative lending sources, such as FinTech financing. In addition, these new entrants 

enjoy loosed regulatory framework, offering additional cost advantages for FinTech 

startups over traditional banks. Given their utilization of technological innovation, 

FinTech startups can provide more customized solutions for customers when comparing 

to traditional banks who often lack flexibility. They require fewer but highly specialized 

staff and hardly any physical infrastructure for their operations. However, the traditional 

players often enjoy a stronger brand reputation coupled with considerably larger 

customer base when comparing to FinTech firms that often focus on individual segments 

of the value chain and primarily target private customers. For instance, around a quarter 

of FinTechs operate in the sphere of payment transactions, such as one of the largest 

FinTech companies PayPal, a former eBay subsidiary (Drummer et al., 2016).  

Research has argued that due to the fast development of highly efficient competitors, 

banks may face a 29-35% decrease in their revenues in the following years in case they 

are unable to respond to the technological developments of today (Drummer et al., 2016). 

Temelkov (2018) argues that given the evident development and dependency in 

technology and potentially decreasing profitability levels as a result of increased 

competition, traditional banks ought to seek opportunities of co-operation with FinTech 
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firms. Alliances between traditional banks and FinTech companies would provide 

opportunities to decrease heavy capital expenditures and lower their cost of business 

activities, among others. The large customer bases of traditional banks would allow them 

to implement novel digital solutions swiftly and effectively, whilst allowing FinTech firms 

to benefit from their broad product portfolios and strong, trustworthy brands (Drummer 

et al., 2016). On the other hand, potential adverse effects could be uncovered in the areas 

of security, investment risk level as well as regulatory and compliance issues (Temelkov, 

2018).  

The academic literature on FinTechs has focused on analyzing these factors and the role 

FinTech plays in shaping the financial services sector. Next, some of the most relevant 

studies on FinTechs based on the aim of this study are presented. 

3.1.2 Li, Spigt & Swinkels (2017) 

In their study titled ”The impact of FinTech start-ups on incumbent retail banks’ share 

prices”, Li, Spigt and Swinkels (2017) elaborate how funding received by FinTech 

startups and their level of innovativeness impact the stock returns of traditional banks 

operating in the United States. The research applies consumer theory as its central 

framework, according to which ”a new service will act as a complement when utilized 

jointly with an old service and will serve as a substitute if it can replace the old service by 

satisfying the same needs” (Li et al., 2017: 3). In order to assess whether FinTechs prove 

to be supplementary or complementary in nature, the study aims to test whether 

FinTechs have a significant impact on the retail banking industry through statistical 

panel data analysis. 

To assess the likelihood of innovative disruption by FinTech startups, the authors use 

external funding events as a proxy, given the critical role external funding plays in startup 

growth, survival and level of innovation. Funding is proxied by the volume of funding 

and the number of funding deals. After retrieving a list of 138 US retail banks and 

excluding non-listed firms, the final sample of incumbent retail banks consists of 47 

entities. The FinTech sample and data on received funding are gathered from CB 

Insights, a platform combining data from various sources, including regulatory filings, 

investor as well as company webpages. The sample is retrieved through selecting firms 

included in ”Internet”, ”Mobile and Telecommunications” and ”Financial” industries, 

further dividing these into more specific sub-industries closely related to retail banking. 
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The final sample consists of 522 US-based FinTech firms that received funding from 

January 2010 to March 2016.  

In order to estimate normal stock returns for the incumbent banks, the authors utilize 

both Fama-French three-factor as well as five-factor models. The following regression 

equation is studied utilising three panel data model specifications, namely pooled, fixed 

effects and free: 

𝑅𝑖,𝑡 − 𝑅𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖𝑅𝑀𝑅𝐹𝑡 +  𝑠𝑖𝑆𝑀𝐵𝑡 + ℎ𝑖𝐻𝑀𝐿𝑡 + 𝑟𝑖𝑅𝑀𝑊𝑡 +  𝑐𝑖𝐶𝑀𝐴𝑡 +  𝛾𝑖𝐹𝑖𝑛𝑇𝑒𝑐ℎ𝑡 + 휀𝑖,𝑡  (1) 

Where RMRF is the excess return of the equity market in relation to risk free rate, SMB 

is small minus large capitalization stocks, HML is the return of high minus low book-to-

market stocks and CMA is the difference between conservative and aggressive investing 

stocks. In the three-factor model, RMW and CMA variables are omitted. Depending on 

the model studied, the FinTech variable represents the standardized FinTech funding 

volume and its growth rate or the number of funding deals and growth in the number of 

deals.  

The findings of the study uncover that FinTech’s receiving funding resulted in positive 

stock returns for the traditional retail banking institutions. Based on the panel data 

model results, funding volume as a proxy is not found statistically significant, whereas 

the coefficients for number of deals as well as growth rates in both deals and funding are 

both positive and statistically significant. What this suggests is that there appears to be 

complimentary effects between FinTechs and traditional banks, whereas support for 

theories of substitution effects or disruptive innovation is not evident. More specifically, 

the results indicate that stock returns for retail banks are higher at times when there is 

considerable growth in FinTech funding or in the number of funding deals. However, the 

authors do point out the weak statistical significance of the results and possible 

shortcomings related to spurious effects. Firstly, the FinTech startups included in the 

sample may be too small in size to have a significant impact on traditional banking 

institutions. Secondly, it is possible that the observed complementarity effects and 

potential substitutive effects partially offset each other.  

3.1.3 Chen, Wu, Yang (2019) 

In their study ”How Valuable is FinTech Innovation?”, Chen, Wu and Yang (2019) 

attempt to gain understanding on the value-adding impacts of FinTech innovation 

through an in-depth study utilizing FinTech patent application data. Focusing on the 
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innovators themselves, financial industry at large as well as market leaders and their 

rivals, the study attempts to shed light on the large-scale impacts of FinTech innovation. 

Firms’ FinTech innovation activities are proxied by number of patent filings. Obtaining 

patent filings data from Bulk Data Storage System (BDSS) provided by the U.S. Patent 

and Trademark Office, the authors obtain a sample of patent applications published 

between 2003 and 2017. In the first stage, only patent applications belonging to patent 

classes ”G” and ”H” are selected, covering areas potentially related to most FinTechs’ 

underlying technology, digital computing. In the second stage, patent applications with 

textual references to finance-related words are screened and non-financial patents are 

excluded. In order to detect FinTech innovations from the patent filings data, several 

machine learning tools concentrating on text-based filtering techniques are utilized to 

find patent applications with key words related to different FinTech categories 

(cybersecurity, mobile transactions, data analytics, blockchain, peer-to-peer, robo-

advising and Internet of Things). The patent filings are subsequently linked to firms 

whose stock market data is obtained from CRSP and Compustat databases. The study’s 

final sample consists of 6511 FinTech patent filings. 

In order to study the impact FinTech innovations have on firms and industries, the 

authors utilize a methodology based on observed stock market reactions to patent filings, 

while accounting for possible market anticipation effects. The anticipation effect is 

measured by innovation arrival intensity parameters, obtained through fitting a series of 

Poisson regressions utilizing innovator-year panel data on patent filing counts. Three 

different regressions are estimated using maximum likelihood estimation method for 

public, private and individual innovator companies respectively to construct a time-

varying estimates for the Poisson intensity parameter. In order to examine the value-add 

obtainable for publicly traded financial firms, the Poisson intensities are combined with 

cumulative market-adjusted abnormal returns over a four-day window around news on 

patent filings. For studying FinTech innovations impact on different financial industry 

segments, the authors calculate value-weighted 4-day CARs for firms in a given financial 

industry segment and compare the median value impacts across them around patent 

filing news.  Lastly, the authors apply multivariate regressions to investigate whether 

value-add of FinTech innovations depends on the underlying technology applied through 

running several dummy variable regressions. 

The results obtained from the study suggest that stock price reactions to FinTech 

innovations tend to be systematically positive across the financial services industry, 
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symbolizing that FinTech innovation is generally viewed as valuable to the financial 

sector as a whole. Furthermore, the value accruing to the FinTech innovator itself was 

found to be generally large and positive, with a median value of $46.7 million. 

Innovations concentrating on blockchain, cybersecurity and robo-advising were found 

to be the most value-creating for the financial services industry at large. However, 

innovation that stems from a young non-financial startup or innovation that represents 

disruptive technology were found to be associated with lower value-adding effects for the 

financial industry.  

Lastly, the authors study the impact FinTech innovations impose on individual firms 

such as market leaders and their rivals. The results suggest that firms with a market-

leading position are less sensitive to the negative effects of disruptive innovation brought 

forth by small non-financial firms. This finding can be explained by large economies of 

scale market leaders possess that allow them to innovate new lines of business more 

swiftly compared to rivals. Supporting this, the findings also indicate that the more 

resources the firm invests into their own R&D, the more likely they are to avoid the 

negative implications of disruptive innovation.  

 

3.2 FinTech M&A and post-acquisition performance 

3.2.1 Dranev, Frolova & Ochirova (2019) 

Dranev, Frolova and Ochirova (2019) study the impact of FinTech M&As on the 

acquiring firms in their article titled ”The impact of fintech M&A on stock returns”. 

Focusing upon post-acquisition performance measured by abnormal returns, the study 

aims to discover both short and long-term effects of acquiring FinTech companies. In 

addition, the study focuses on differences in acquirer stock returns in domestic and 

international FinTech takeovers, takeovers in emerging and developed markets as well 

as analyses deal factors that impact the post-acquisition stock returns of the acquirers 

utilizing an event study methodology coupled with multiple regression analysis. 

The authors define FinTech firms as firms having multiple SIC-codes relating to both IT 

and finance sectors. The obtained sample using this criterion was further screened 

through to exclude target firms that did not engage in financial technology related 

activities despite belonging to the right SIC-classification group. In addition, 

transactions with multiple acquirers were excluded given that ownership shares are not 
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disclosed. Given these specifications, the final sample of FinTech deals consists of 178 

M&A transactions that took place between 2010 to 2018 around the world.  The data on 

M&A transactions is collected from Zephyr (Bureau Van Dijk) database, whereas the 

stock price data is obtained from Bloomberg.  

The event study is specified as consisting of an event window of 41 days (20 days before 

and after the event). With an estimation window of 180 days, several other event window 

specifications with shorter event window periods were also applied to gauge the 

sensitivity of the obtained results to the event window lengths. Using market model, 

market adjusted model as well as the mean adjusted return models, cumulative 

abnormal returns (CARs) are calculated. Long-term abnormal returns are measured 

through calculating buy-and-hold returns (BHARs). Furthermore, the model specifies 

several control variables based on previous literature that may partly explain the 

acquirer’s abnormal returns considering the transaction specifics. The employed 

regression model is as follows: 

𝐶𝐴𝑅𝑖 =  𝛽0 + 𝛽1𝑀𝐵𝑖 + 𝛽2𝑙𝑛𝑇𝐴𝑖 + 𝛽3𝑇𝑎𝑥𝑖 + 𝛽4𝐷𝑒𝑎𝑙𝑆𝑖𝑧𝑒 + 𝛽5𝑅𝐷𝑖 + 𝛽6𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑖 + ∑ 𝐵𝑗𝐷𝑢𝑚𝑚𝑦𝑗
4
𝑗=1 + 휀𝑖    (2) 

In which MB is the target’s ratio of market capitalization to book value, lnTA is the 

natural logarithm of acquiring company’s total assets, tax is the effective tax rate of the 

acquiring company, DealSize the ratio of the transaction value to the market 

capitalization of the acquiring company, RD the acquiring company’s expenses for R&D, 

industry dummy that takes the value of 1 if the target belongs to the finance sector and 0 

otherwise, and finally four dummy variables for categorizing targets into ”money 

transfers and trade credit”, ”brokers and dealers’ services”, ”accounting, research and 

advisory services” and ”consumer credit” sub-sectors, respectively.  

The obtained results indicate the abnormal returns to be positive for the acquirers in the 

short event windows, suggesting that FinTech acquisitions are perceived as value-adding 

by investors in the short-term. However, negative average abnormal returns were 

discovered when the effect was studied within a longer time perspective following a 

FinTech transaction. When discussing the findings, the authors refer to the hubris 

hypothesis, according to which managers are inclined to pay too high prices for their 

targets and may overestimate the required integration efforts following a transaction, 

resulting in poorer performance in the long term (Roll, 1986). Another explanation for 

the obtained findings is suggested to be that investors in firms that have historically 

managed to provide above-market returns may be more inclined to accept overestimated 
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transactions. As a result, the market will adjust the overestimated price paid for the 

target accordingly in the long run (Lakonishok et al., 1994 in Dranev et al., 2019: 360). 

Furthermore, the authors find there to be differences in the ways transactions are 

perceived by investors depending on whether the transaction took place in a developed 

or in a developing country. The results indicated that the CARs were considerably higher 

for developed country companies when compared to companies from emerging markets. 

This suggests that investors perceive developed market transactions as less risky 

investments, perhaps due to better resource availability for successful implementation 

of new technologies. For acquirers from developed countries, cross-border M&A deals 

were found to result in higher stock returns whereas acquirers in emerging markets 

benefitted most from local transactions, signaling investors’ perceptions of the risks 

related to each type of transaction depending on the acquirer’s location. Acquirer 

experience from a previous FinTech M&A was also found to positively impact abnormal 

returns post-transaction.  

In addition, investor reaction is found to be more positive in cases in which the acquirer 

commits to investing heavily on its research and development efforts, again signaling 

readiness and resources for successful technological integration post-transaction and 

potential for growth. The findings also pointed that greater abnormal returns post-

acquisition were witnessed in cases in which the acquirer was a small company. Lastly, 

differences among acquirers in different financial services industries were also 

discovered: FinTech M&A had adverse short-term effects on acquirers in the brokers and 

dealer’s services and accounting and advisory services, indicating that FinTech M&A 

might pose significant business model transformations in these industry fields, which 

may consequently be cautiously perceived by investors.  

 

3.3 Acquirer and peer effects in mergers and acquisitions 

A major determinant of market value changes resulting from mergers and acquisitions 

are the shareholders of the companies involved in the transaction. More specifically, the 

way shareholders perceive the transaction, its economic viability and the potential 

combined benefits is reflected in the subsequent stock price reactions. When analyzing 

companies’ press releases around mergers, the most common rationale for mergers and 

acquisitions is argued to be the creation of synergies, which in turn improves cashflows 

and enhances the acquiring firm’s value. Such value creation through synergy realization 
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could be expected to result in positive-short term share reactions following deal 

announcements (Hankir et al., 2011).  

Conversely, when focusing on banking M&A activities, empirical findings have not been 

aligned with this expectation. Piloff and Santomero (1997) studied the value effects of 

bank mergers and acquisitions and found that on aggregate, deal announcements were 

followed by non-existent (zero) or even slightly negative short-term share price 

reactions. Similarly, Cybo-Ottone and Murgia (2000) studied European banking 

industry mergers and found the aggregate reactions to be positive only in certain cases, 

such as in domestic horizontal banking transactions as well as in cases in which banks 

diversified their operations into insurance. Hankir et al. (2011: 2341) propose two 

possible explanations for the phenomenon: either ”capital markets do not believe in the 

materialization of synergies” or ”investors perceive the alleged synergies as nonexistent”. 

Academics have explained the varied short-term stock return impacts to stem from 

different evaluation criteria investors use to evaluate their expectations of M&A, which 

are always contingent on the specific characteristics of each transaction (Agrawal, Jaffe 

& Mandelker, 1992).  

Berkovitch and Narayanan (1993) theorise that the reason for positive stock returns 

is the synergy hypothesis, according to which managers of target firms and acquirer firms 

engage in a M&A transaction only if it is perceived to maximize shareholder wealth for 

both sides. However, other M&A studies have found the returns for the acquirer to be 

negative or equal to zero in certain cases (Fuller, Netter & Stegemoller, 2002) whilst 

certain studies have found the post-acquisition abnormal returns to be positive yet 

insignificant (Beitel, Schiereck & Wahrenburg, 2004). 

Hankir et al. (2011) studied European and Northern American M&As and the stock 

reactions caused by acquisition announcements on the acquirers’ and target firms’ peers. 

Peer subsamples were constructed by taking the firms with the closest equity market 

values and returns on equity in comparison to the actual transaction parties. The results 

indicated that takeover announcements were followed by slightly positive but 

statistically insignificant average abnormal returns for both target and bidder peers. 

However, when applying a longer event window [-10; +10], the results indicated positive 

cumulative abnormal returns of 0.42% for target peers and 0.47% for bidder peers, 

respectively. When studying the cumulative abnormal returns after finalizing the deal, 

both transaction parties’ peers’ cumulative abnormal returns were found to be positive, 



25 
 

albeit statistically insignificant on average. Lastly, both parties exhibited negative and 

insignificant abnormal returns when a deal was withdrawn (Hankir et al., 2011: 2347).  

Shahrur (2005) studied horizontal takeovers impact on the rivals of the merging 

firms, their suppliers and customer industries. The obtained results related to rival firm 

effects were found to be consistent with the collusion hypothesis, which assumes the 

wealth effect for rival firms to be positive upon acquisition announcements as 

acquisitions result in higher likelihood of collusion in the industry. As such, the reduced 

number of firms in the takeover industry translates into lower costs of monitoring 

collusion, increases the ability of industry rivals to collude as well as results in higher 

monopoly rents (Eckbo, 1983). The results also supported the buyer power hypothesis, 

according to which the rivals are assumed to respond positively to acquisition 

announcements given that the increased buyer power of the merging firms leads to 

intensified post-takeover competition, offering the rivals a stronger position in relation 

to suppliers (Snyder, 1996).  

Furthermore, when dividing the sample into value-creating and value-destroying 

takeovers, the CARs to rivals were found to be significantly higher in value-creating 

takeovers and significantly lower in value-destroying takeovers. Shahrur (2005: 80) 

argues that the negative CAR for rival firms in the value-destroying subsample may 

suggest that certain takeovers release negative information regarding the future 

prospects of the industry as a whole. As such, given that the effects are felt across the 

industry suggests the prevalence of contagion effects, as the announcements are found 

to signal information relevant to the rival firms and industries at large. 

3.4 Summary of previous research 

This section provided an overview of previous academic studies relating to the nature of 

FinTechs and their impact on traditional service offerings. Previous academic studies 

have found a complementary relationship between FinTechs and traditional banking 

institutions and highlighted the positive impacts of FinTech innovation on the financial 

services sector at large. Furthermore, the section covered how FinTech M&A has been 

found to impact acquirer post-announcement returns, which according to previous study 

by Dranev et al. (2019) exhibits a positive short-term return trend. Finally, the section 

introduced several studies that have focused on acquirer as well as peer effects of mergers 

and acquisitions in various industries, which to date have been inconclusive with regards 

to the direction of the relationship.  
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As the studies focusing on M&A peer effects have been of general nature focusing on 

different geographical contexts and wide array of industries, their contribution to 

understanding the impacts FinTech M&As have on industry peers is of limited scope. 

This gives further justification for the need to study FinTech M&As and the impacts they 

have on industry peers specifically, strengthening the need for this study’s contribution. 

Table 3 summarizes the findings of the three main papers discussed in detail. 
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Table 3  Summary of most relevant previous research 
This table summarizes the most relevant previous studies focusing on the impacts of FinTech. The table outlines the purpose of the studies, covered time periods, 
geographical contexts and sampling methods, presents the applied FinTech definition as well as the applied empirical methodology and finally summarizes the key 
findings and the chosen studies’ relevance to this study at hand. 

Authors Purpose Time period, 

geographical 

context & sample 

FinTech definition Empirical method Key findings Relevance for this study 

Li, Spigt & 

Swinkels (2017) 

To study the impact 

FinTech funding has on 

incumbent retail banks’ 

stock returns 

2010-2016, United States, 

sample consists of 47 banks 

and 522 FinTech firms 

Based on the following 

industry classifications: 

“Internet”, “Internet Software 

and Services”, “Mobile and 

Telecom”, “Mobile Software 

and Services”, “Financial”, 

“Asset/Financial 

Management”, “Lending”, 

“Payments”, “Retail Banking” 

Panel data OLS regressions 

(pooled, fixed, random) 

FinTech funding is associated with 

positive abnormal returns for retail 

banks; suggests complementarity 

rather than disruption 

Provided perspective on 

how traditional players 

view and respond to 

FinTechs, provided 

evidence for theoretical 

aspects to be tested in 

this study 

Chen, Wu & 

Yang (2018) 

Gaining evidence on how 

different FinTech 

innovations bring value 

to firms and industries 

2003-2017, United States, 

final sample consists of 

6511 patent filings related 

to FinTech sampled with 

the help of textual 

reference-based machine 

learning 

FinTech innovation is defined 

as a patent filing related to 

digital computing and finance, 

further indicating links to one 

of the following areas of 

FinTech: cybersecurity, mobile 

transactions, data analytics, 

blockchain, peer-to-peer, robo-

advising and IoT 

Poisson regression models 

estimated using Maximum 

Likelihood Estimation 

combined with cumulative 

market-adjusted abnormal 

returns 

Most FinTech innovations yield 

positive value to the financial sector 

at large. However, innovations 

introduced by small “non-financial” 

firms (such as FinTech start-ups) 

that represent disruptive innovation 

impact financial industries more 

negatively 

Understanding of wider 

impacts of FinTech 

innovation on 

industries and market 

leaders specifically; 

introduction of a 

relevant method for 

sampling FinTechs 

Dranev, Frolova 

& Ochirova 

(2019) 

Understanding post-

acquisition abnormal 

returns of FinTech 

acquirers globally 

2010-2018, global sample 

of 178 FinTech mergers 
Companies having multiple 

SIC-codes relating to both IT 

and financial sectors 

simultaneously; companies 

having SIC codes 60-67, 87-89 

as well as SIC-codes 7371-7374 

Event study, OLS regressions Abnormal returns following 

FinTech M&As found to be positive 

in the short-term but negative in the 

long term 

Insights into post-

acquisition 

performance of 

acquirers and relevant 

empirical 

methodologies 
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4 DATA 

The data on M&A deals will be gathered from Bloomberg terminal’s database on mergers 

and acquisitions. First, M&A transactions with target companies operating in both the 

finance and IT sectors must be screened. Next, the acquiring company’s peer group must 

be defined. The peer group sample will be defined as companies operating in the same 

industry field and geographical context as the acquiring firm based on SIC (Standard 

Industrial Classification) codes, as well as being closely similar in size as the acquirer. In 

order to assess the impact of M&A announcements on the peer firms’ stock returns, the 

peers must be public companies with shares listed. All relevant data on acquirer and peer 

stock prices as well as other variable data is obtained from Thomson Reuters Eikon 

database. This study assumes that stock prices provide an unbiased estimate of the 

present value of stockholder’s claims to a firm’s future cash flows. Merger-related news 

that cause changes in the estimated future cashflows are thus estimated to trigger 

reactions in stock prices when the events are announced. (Eckbo and Wier, 1985: 119). 

4.1 Sample selection 

The sample selection process consists of several distinctive steps. First, the deals are 

restricted to comprise of transactions that took place in the United States within the 

chosen time period. The geographical focus was determined based on a sufficient amount 

of available data as well as the United States currently being the most prominent hub for 

FinTech activities, proving the most interesting geographical context given the study’s 

focus.  

Given that the study aims to assess stock reactions of the acquirer and its peer firms, the 

acquirers and peers must be publicly listed companies with shares listed. Given the 

nature of the empirical method that will be applied to study the stock reactions, sufficient 

share information must be available both prior and after the acquisition announcement 

date. Firms that were not publicly listed nor possessed sufficient data were thus excluded 

from the final sample. 

The timeframe for the study was determined to be 2010-2018. Given the recent nature 

of the current FinTech boom, the time frame of 9 years was deemed sufficient for 

meaningful analysis and allows for conducting a manual sampling procedure to ensure 

that all targets fit the description of FinTech, a procedure which would be greatly 

challenged by a longer study period. Furthermore, the studied time period is interesting 

as it allows for studying the impact of years 2017 and 2018 which often are regarded as 
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"FinTech M&A merger wave" years, during which FinTech merger activity grew 

considerably (KPMG, 2018). Year 2019 was omitted due to data availability at the time 

when the sample was manually collected. 

4.1.1 FinTech sample 

To retrieve the sample for the analysis, a similar approach to those of Dranev et al. (2019) 

and Li et al. (2017) shall be applied with certain modifications. Following the 

argumentation in section 2.1, in order to ascertain that the target company relates to 

FinTech it has to offer technologically advanced solutions for the financial sector as its 

main field of operation. However, the lack of clear definition and ambiguity surrounding 

FinTech pose challenges for the sample selection and data gathering. Given the loose 

definitions of FinTech that prevail, after specifying certain search criteria for the initial 

screening, all companies must be screened manually in order to ensure that the final 

sample of companies fit the description of FinTech as closely as possible. The sample 

selection begins with defining all acquirers to be public, US based companies operating 

in banking, insurance or diversified financial services sectors (for a detailed listing of the 

search criteria, see Appendix 1).  

Next, the target companies are specified with detailed industry criteria to include 

companies that operate in computer services, data processing, software and other related 

sectors (for a detailed listing of the search criteria, see Appendix 1). The specified search 

criteria yield 378 M&A cases. Although the target selection criteria are not sufficient their 

own to define FinTech firms, it can be argued that banks, insurance and financial 

companies acquiring firms specialized in technological operations offer solutions that 

the financial sector is able to utilize in their own service offerings. To ensure that the 

obtained sample fits the specifications of FinTech, all target companies’ company 

descriptions obtainable through internet searches and company webpages are carefully 

reviewed to include only those companies that use novel technologies to advance 

financial service offerings (for a detailed key word listing used for screening, see 

Appendix 1).  In cases where no reliable company description is obtainable or the target 

firm does not fit the description, the transaction is excluded from the sample. 

The proposed industry classification criterion for sampling FinTech firms does not go 

without criticism due to its rudimentary nature. As noted by Lee, Ma and Wang (2015: 

411), “the choice of appropriate industry benchmark ultimately always relies on some 

degree of subjective judgment”. For instance, Dranev et al. (2019) defined FinTech 
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startups as those firms that have multiple SIC codes related to both financial and 

technology related industries. However, despite its easiness and intuitiveness, the SIC 

code approach can be argued to lack accuracy as its industry classification has been slow 

to adapt to the transformation of the economy from manufacturing to information and 

service sectors, thereby failing to capture the emergence of various new technology fields. 

Furthermore, most databases sort companies based on their primary SIC codes, 

introducing another factor that makes data gathering more complex and prone to errors. 

Text recognition techniques applied by some authors, such as Chen et al. (2019), work 

more accurately but prove problematic when the data is gathered from a regular database 

and not from a text-heavy database such as those related to patent applications. 

 

Given this, the choice of applying looser search criteria focusing on financial and 

technology M&As, coupled with manual verification of each case’s suitability was deemed 

the most suitable option for the purpose of this study. Although the chosen sampling 

method may exclude certain M&As which could meet the definition of FinTech, a careful 

analysis of the obtained sample suggested that the most prominent FinTech-related 

M&A deals that took place within the studied years were indeed included in the sample, 

giving the sampling method credibility. Given the study’s restricted scope, the selected 

sample was deemed sufficient to draw initial inferences related to the trends surrounding 

FinTech M&As in the US, albeit its limitations. 

  

4.1.2 Forming peer groups 

Previous academic literature in the field of financial studies have introduced several ways 

to distinguish and form company peer groups. Hankir et al. (2011) followed a peer 

selection process in which two subsamples were created: in the subsample Closest MV 

five peers that were closest to the actual transaction parties by equity market value one 

month prior to the deal announcement were chosen. The other subsample MV & RoE 

followed a similar logic and sorted companies to peer groups based on smallest 

differences in a combined average index of equity market value and return on equity 

prior to the M&A announcement.  

Studying social learning and corporate peer effects, Kaustia and Rantala (2015) 

introduced a common analyst-based classification method for producing homogenous 

peer groups. The method relies on building peer groups from firms that are followed by 

common analysts and are thus assumed to be related, given the presumption that 

analysts generally follow similar firms belonging to the same industry category. 
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Furthermore, by utilizing co-search algorithms to Internet traffic, Lee et al. (2015) 

developed a novel method for identifying economically related peer firms that 

incorporates investor perceptions. Their results indicated that firms appearing in 

chronologically adjacent searches by the same individual, when searching financial 

information for investment purposes, are fundamentally similar in multiple dimensions 

and can be considered as economically related benchmarks (Lee et al., 2015: 410).  

Despite the wide array of methods for identifying peer groups, for the purpose of this 

study a simple peer group formation in which companies operating in the same industry 

as the acquirer based four-digit SIC-codes shall be followed due to its suitability with a 

smaller sample size. Given that the acquirer companies were restricted to be from 

banking, insurance and other financial sectors, more sophisticated methods such as the 

common analyst method by Kaustia and Rantala (2015) can be argued not to provide 

considerably more insight into the peer group formation when the acquirer universe is 

relatively homogeneous.  

In this study, the acquirer’s main SIC-code obtained from Bloomberg Terminal shall be 

utilized in constructing a group consisting of publicly listed companies operating in the 

US and in the same SIC-industry sector. After screening the sample to ensure that the 

acquirer and/or the target company are excluded from it, equally weighted portfolios of 

peer firms for each merger case will be constructed following a similar logic to Hankir et 

al. (2011): five peers that operate in the same industry sector and are closest to the 

acquirer in terms of equity market value one month prior to the deal announcement will 

be chosen to represent the peer group. 

4.1.3 Other sample restrictions 

In order to make the final sample of transactions as accurate as possible given the study’s 

aim, only purely M&A transactions were included in the sample, thus excluding 

transactions involving joint ventures or other types of investments. Following a similar 

rationale to Hankir et al. (2011), too small transactions were excluded from the sample 

in which control of ownership did not take place. As such, a threshold of 30% ownership 

stake in the target company after the acquisition was set as a pre-requisite for the 

transaction to be included in the final set of firms. Furthermore, share buy-backs that 

are intra-firm transactions and do not exhibit any M&A characteristics were excluded. 

Lastly, transactions that had multiple acquirers were excluded for simplicity given that 
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information regarding ownership shares per acquirer were not disclosed in the dataset. 

Figure 1 summarizes the sample formation process. 

 

Figure 1 Sample formation process 
This figure visualizes the sample formation process and the development of the sample from the initial 
sample to the final sample. First, targets which did not meet the outlined FinTech criteria were excluded 
from the sample. Second, deals with multiple acquirers were excluded. Third, transactions in which 
sufficient stock data was not obtainable were excluded. The initial sample started with 378 transactions, 
resulting in a final sample of 160 FinTech transactions.  
 

4.2 Variables 

4.2.1 Dependent variables 

When conducting multiple regression analysis in order to determine whether the chosen 

explanatory variables have an impact on the acquirer and peer stock returns, the 

dependent variable will be modelled as acquirer and peer group CARs in separate 

regressions. The CAR values will be obtained through an event study methodology 

presented in more detail in section 5.2. In short, the multiple regression analysis aims to 

discover how the set of explanatory variables impact the acquirer and peer group CARs, 

respectively. The 2-day event window [0, +1] shall be focused upon as the main event 

window of interest, while the three longer event windows [-1, +1], [-3, +3] and [-10, +10] 

shall be studied in order to discover potential differences in the examined event window 

lengths and to test the robustness of the results.  

Next, the different variables deemed to be of interest when assessing the acquirer and 

peer CARs are presented.  
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4.2.2 Main independent variables 

Academic studies focusing on M&A have defined various factors that have been found to 

explain stock returns following acquisition announcements. Common factors include 

deal size, payment type, takeover approach (hostile/friendly) and possible controlling for 

domestic and cross-border transactions, to name a few. Due to the sample being focused 

on one geographical context, the United States, variables controlling for geographical 

factors are not required. As almost all transactions in the sample were categorized as 

“friendly”, independent variables controlling for such factors were excluded. Given that 

the sample comprises of relatively small, private targets, data availability regarding 

target size or deal size were not available for most transactions. Given this, the studied 

models are unfortunately not able to account for the possible impacts of the size of the 

announced deal or relative deal size (ratio of target deal value to acquirer market value), 

both variables with arguable explanatory power over post-announcement CARs (Officer, 

2007).  With the complexity of data availability in mind, the following independent 

variables that be applied in the multivariate regression analysis are elaborated below.  

A categorical variable distinguishing between different target company FinTech sectors 

was chosen in order to determine whether there exists a difference among post-

announcement returns depending on which FinTech category the target company 

belongs to. Following the study by Chen et al. (2019) which found certain FinTech 

innovations to yield higher value to innovators than others, one could assume that there 

might exist differences in abnormal returns also when it comes to FinTech acquisition 

targets. Following the initial screening, the target companies were divided into five 

groups and four dummy variables were constructed, them being analytics target, 

P2P target, payment target and cyber target. The fifth category, insurtech 

targets, acts as a reference category in the analysis.  

Another categorical variable accounting for the industry in which the acquirer and its 

peers operate in is applied in order to capture whether firms operating in certain 

industries respond differently to FinTech acquisition announcements. Based on the 

results by Chen et al. (2019), the industry value effects of FinTech innovation vary 

considerably, allowing for an interesting study in the context of M&As. Based on SIC 

codes, the acquirers are divided into four groups and three categorical variables are 

constructed, them being business acquirer, bank acquirer and broker acquirer. 

The fourth group, companies operating in insurance field, works as the reference 

category in the analysis. As the peer group consists of firms operating in the same 
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industry field as the acquirer, no additional variable for the peer group industry is 

applied. 

The last independent variable aims to capture whether previous acquisition experience 

in FinTech M&A yields different post-announcement returns compared to companies 

that engage in only one transaction during the studied timeframe. Dranev et al. (2019) 

found that first-time acquirers enjoyed higher returns than frequent acquirers' post-

announcement, which could signal that investors do not believe that frequent acquirers 

are able to continuously create value through FinTech M&As. The variable Frequent 

acquirer is a categorical variable that takes the value of 1 if the acquirer completed 2 or 

more acquisitions during the time frame and takes a value of 0 in other cases. 

4.2.3 Control variables 

In order to control for other factors that possibly have an impact on post-announcement 

CARs, but which are not of primary interest themselves in this study, a set of control 

variables will be included in all of the regressions.   

Percentage share acquired variable aims to capture whether the percentage share 

sought in the transaction has an impact on the post-announcement returns. The larger 

share the acquirer gains in the transaction, the more it has power over the target 

company, allowing it more successfully to implement profitable practices and thereby 

increase the target’s value as well as its own. Given this, one could assume that the larger 

the share acquired, the more positive the reaction from the stock market given that the 

transaction is viewed as a value-adding one. The percentage shares range from 30% to 

100%, given that transactions in which less than 30% of the target were acquired were 

excluded from the analysis.  

Acquirer market value variable captures the acquirer size effect on post-

announcement returns and measures the acquirer’s equity market value a month prior 

to the acquisition announcement. Several studies have controlled for the acquirer size 

effect and found that markets generally respond more favorably to large acquirers’ 

acquisition announcements. Several reasons include prestige and market power, which 

allow large acquirers to utilize their connections and resources to complete deals quickly 

and allow them to extract higher rents. Acquirer’s large size has also been hypothesized 

to offer protection from external market forces, which in turn allows managers to act on 

agency conflicts in transaction situations (Humphery-Jenner & Powell, 2014). Given 

this, one could assume large acquirers to enjoy higher returns also when acquiring 
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FinTech targets. Given that the peer group for each acquirer consists of firms very close 

in size to the acquirer and for the sake of simplifying the analysis, no additional variable 

for peer group size is incorporated to the models. 

A variable controlling for acquirer profitability, Acquirer ROE, measures the acquirer’s 

Return on Equity at the time of the announcement (based on the latest available figure). 

Acquirer’s that have themselves performed poorly may have weak possibilities for 

enhancing the target company’s value, or they may take on acquisitions in order to hide 

their own poor performance (Capron & Shen, 2007). More profitable acquirers can be 

assumed to be more confident to take on new targets and to possess better set of skills 

and knowledge for enhancing the target company’s value post-transaction.   

The chosen method of payment, whether it being cash, stock or a mixture of the two, has 

implications for both the acquirer and target when it comes to post-acquisition 

ownership structure, riskiness and profit allocation from the transaction (Huang, Officer 

& Powell, 2016). The method of payment has also been found to affect acquirer 

announcement returns in cases when the target company is difficult to value, with stock-

swap payment methods mitigating the potential information asymmetry relating to the 

target. On the other hand, in cash payments the risk of overvaluation is borne solely by 

the acquirer (Officer, Poulsen & Stegemoller, 2009). In order to account for the potential 

impacts the chosen payment method has on post-announcement returns, a dummy 

variable Cash payment will be applied, taking the value of 1 if the transaction was paid 

with cash and 0 in cases in which the transaction was paid in stock or with a mixture of 

cash, stock and/or debt.  

FinTech merger wave is the last control variable applied which aims to capture the 

impacts of so-called merger waves, or times in which companies engage in mergers and 

acquisitions more frequently. Engaging in acquisition activities during times of M&A 

“booms” has been found to yield positive reactions from the stock market immediately 

following the acquisition announcements (Moeller, Schlingemann & Stulz, 2005). 

However, given that target valuations and premiums paid for targets are often record-

high during merger waves, this may cause more pessimistic investors to respond 

negatively to acquisition news, fearing wealth destruction in the long run in case the 

acquisition does not yield expected synergies. According to KPMG (2018), the global 

FinTech M&A activity was record high in 2017 and 2018. In order to capture the possible 

effect of merger waves on post-acquisition returns, a categorical variable that takes the 

value of 1 if the transaction occurred in 2017 or 2018 and 0 otherwise will be included in 
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the analysis. Given previous research findings, one could hypothesize the stock market 

reactions to be more positive during times of merger waves compared to normal years in 

which the FinTech M&A activities have not been as prominent.  

 

Table 4 Summary of the chosen independent & control variables 
This table summarizes the chosen independent variables as well as the chosen control variables to be 
used in the multivariate regression analysis in this study. An explanation of the variable is followed by 
outlining the variable name and measure. Lastly, the expected relationship with the dependent variable 
(acquirer and peer CARs) is presented, based on previous research and presented theories. 

Variable Name Measure Expected relationship with 

the dependent variable for 

the acquirers (expected to be 

the opposite for peers) 

Acquirer operating in business 
industry 

BUSINESS ACQUIRER 1 = acquirer has SIC codes 7323-7389 
0 = others 

+ 

Acquirer operating in banking 
industry 

BANK ACQUIRER 1 = acquirer has SIC codes 6021-6099 
0 = others 

+ 

Acquirer operating in security & 
commodity brokers industry 

BROKER ACQUIRER 1 = acquirer has SIC codes 6211-6282 
0 = others 

+ 

Target company focusing on cyber 
security applications for finance 
purposes 

CYBER TARGET 1 = target focuses on cyber security 
0 = others 

+ 

Target company focusing on data 
analytics applications for finance 
purposes 

ANALYTICS TARGET 1 = target focuses on data analytics 
0 = others 

+ 

Target company focusing on P2P, 
crowdfunding or other lending 
applications for finance purposes 
 

P2P TARGET 
 

1 = target focuses on P2P, crowdfunding or 
lending 
0 = others 

+ 

Target company focusing on mobile 
payments, payment transfers or 
virtual wallets for finance purposes 
 

PAYMENT TARGET 1 = target focuses on mobile payments, 
transfers or virtual wallets 
0 = others 

+ 

Frequent acquirer FREQUENT ACQUIRER 1 = acquirer engaged in 2 or more 
transactions during the timeframe 
0= others 
 

(+/-) 

Acquirer equity market value ACQUIRER MV(LN) The natural logarithm of acquirer equity 
market value one month prior to the 
acquisition announcement 

+ 

Acquirer Return on Equity ACQUIRER ROE Acquirer ROE (%) based on the most recent 
available figure close to the transaction 

+ 

Percentage share acquired SHARE ACQUIRED Percentage share acquired of the target + 

FinTech merger wave FINTECH MERGER WAVE 1 = acquisition took place in 2017 or 2018 
0 = others 

+ 

Cash payment CASH PAYMENT 1 = acquisition was financed with cash 
0 = acquisition was financed with stock/mix 
of stock, cash and/or debt 

(+/-) 
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4.3 Sample descriptive statistics 

Table 5 Final sample deal characteristics 
This table displays the descriptive deal characteristics of the final sample of transactions. First, the deal 
characteristics including number and percentage share of frequent acquirers, applied payment types and 
transaction statuses are presented, among others. Next, number of transactions and average deal value 
(in USD millions) are outlined on an annual basis covering the studied time period of 2010-2018. 
 

Panel A: Deal characteristics of the final sample 

 
 

 

Year Nr of transactions Average deal value (USD millions) 

2010 14 165.41 

2011 14 105.93 

2012 14 183.11 

2013 9 80.33 

2014 19 217.01 

2015 20 144.84 

2016 18 309.63 

2017 27 131.96 

2018 25 475.50 

 

Table 5 (Panel A) provides an overview of the M&A deal characteristics in the final 

sample of 160 transactions.  In over half of the cases, the merger announcement resulted 

in positive cumulative abnormal returns for the acquirer when considering the 

announcement date and the first day following the announcement. On the contrary, in 

roughly half of the cases the peer group responded negatively to their competitors’ 

acquisition announcements.  

The sample comprised of 80 acquirers of which 40% had more than one acquisition 

during the 8-year study period. The high percentage of frequent acquirers in the sample 

Deal characteristics # % 

Positive acquirer CAR [0, +1] 91 57 % 

Negative peer CAR [0, +1] 79 49% 

Frequent acquirers (2 or more deals) 32 40 % 

Average percent sought  96 % 

Payment type   

Cash payment 92  58 % 

Stock payment 8  5 % 

Mixture 9  6 % 

Undisclosed 51  32 % 

Transaction status    

Completed 152 95 % 

Pending 5 3 % 

Terminated/withdrawn 3 2 % 

   
 

Panel B: Number of deals and average deal value  
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suggests that FinTechs are often acquired by companies that aim to broaden their 

technological capabilities through acquisitions of multiple specialized tech-focused 

firms. In most transactions, the acquiring company bought almost all of the equity in the 

firm, with the average percent sought being 96%. Most transactions with disclosed 

payment type where cash-only transactions. In comparison to 92 cash-settled 

transactions, transactions paid by stock only or a mixture of debt and equity comprised 

of only 5% and 6% of the cases, respectively. 95% of the transactions were completed 

during the 8-year study period, whilst 5% of the cases were either pending or terminated 

after the event study window.  

Looking at the spread of transactions throughout the studied period (Panel B), the 

number of transactions per year is relatively even. What can be noted is that during the 

“FinTech merger wave” years of 2017 and 2018 when FinTech M&A grew exponentially 

(KPMG, 2018), the sample of this study also reflects this trend, having the highest 

amount of transactions included during these years. The average deal value varies quite 

substantially from year-to-year, reflecting the differences in FinTech sizes and 

valuations. The highest average deal value is witnessed in 2018, mostly caused by the 

high deal value of iZettle acquisition by PayPal Holdings of 2.2 billion USD2. 

 

 

 

 

 

 

 

 

  

 
2 Given that the deal value was only disclosed in roughly 40% of the transactions, the average 
deal value here is presented and discussed only for descriptive purposes in order to allow for 
an indication of the deal value magnitude included in the sample. 
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Table 6 Final sample firm characteristics 
This table presents the firm characteristics of the acquirers, peers and FinTech targets included in the final 
sample of transactions. Panel A depicts the acquirer and peer industry sector affiliation in absolute 
numbers and percentages. Panel B presents the division of targets to different FinTech categories. 
 

Panel A: Acquirer and peer group characteristics 

Acquirer and peer group industry sectors (four-digit SIC) # % total 
 

Depository institutions 28 18 %  

Security & Commodity brokers 44 28 %  

Insurance carriers 14 9 %  

Business Services 70 44 %  

Engineering & Management Services 4 3 %  

    

Panel B: Target firm FinTech categories    

Target FinTech category  # % total 

Artificial Intelligence/Machine learning 6 4 % 

Cybersecurity 12 8 % 

Data analytics 61 38 % 

Insurtech 5 3 % 

Payment transactions (online, mobile) 45 28 % 

Peer-to-peer/lending 31 19 % 

 
When grouping the acquirers included in the final sample based on four-digit SIC code 

classifications3, most companies in the sample were found to be included in the business 

services industry sector (44%). Security and commodity broker industry acquirers were 

the second largest group of FinTech acquirers (28%), followed by depository institutions 

(18%). Lastly, 9% of the acquirers were in the insurance carriers' segment, whilst 3% 

operated in engineering and management services. Given the initial sample restriction 

to financial firms, it can be concluded that a little bit less than half of the FinTechs in the 

sample were acquired by finance-related business services firms. One interesting aspect 

is the wide variety of different types of acquirers that exemplifies the large variety of 

different operations in which FinTech can be utilized, ranging from insurance to trading. 

Looking at the sample of FinTech targets, 38% of the FinTechs focused on data analytics 

applications in business and finance. Second largest FinTech category was payment 

transactions (28%), which comprise of FinTechs offering solutions ranging from swift 

mobile transactions to new ways of paying, such as small portable payment devices. 

Third largest FinTech group was related to lending and peer-to-peer activities (19%), 

including FinTechs that offer new ways of borrowing money through various internet 

platform applications. Lastly, cybersecurity, artificial intelligence/machine learning and 

 
3 Here, the same industry affiliation applies for the peers, which operate in the same four-digit 
SIC industry class as the acquirer. 
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insurtech-focused FinTechs were also represented, constituting 8%, 4% and 3% of the 

target sample, respectively. 

 

Figure 2 Acquirer and peer group comparison 
The following figure presents the average equity market values of the acquirer groups and their 
respective peer groups based on industry affiliation (business, banking or brokerage) one month prior to 
the transactions, visualizing the size proximity of the two groups.  

 

Figure 2 presents a visual comparison between the sample of acquirers and their 

respective peer groups. The closest proximity in average size is between the broker 

acquirer and broker peer group sample, in which the difference between average equity 

market values is only roughly 11%. Somewhat larger difference is witnessed between the 

bank acquirer sample and the bank peers, in which the bank peers were 18% larger in 

size compared to the bank acquirers when measured in equity market values, on average. 

Lastly, the business acquirer average equity market value was 17% larger than their 

peers, on average. This comparison implies that although the peers are chosen as the 

most similar-in-size firms operating in the same industry, some size variation is likely 

and may impact the accuracy of the empirical results, as is the case in all studies focusing 

on M&A rival effects. Another noteworthy factor is that the size of an average acquirer or 

peer is very large, as the sample incorporates acquirers such as PayPal, Visa, Mastercard 

and Morningstar, some of the largest financial companies measured by market 

capitalization. The large size factor should thus be considered when analyzing the 

empirical findings. 
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Table 7 Descriptive statistics of the main numerical control variables 
This table outlines the descriptive statistics of the three main numerical control variables included in the 
multivariate regression models. 

 
Main numerical variables  

 ln (Market value) ROE (%) % Acquired 

Mean 3.81 17.83% 95.62% 

Median 3.96 13.18% 100% 

Minimum 0.52 -21.42% 51% 

Maximum 5.32 80.09% 100% 

Standard deviation 0.97 16.33 0.12 

Skewness -1.19 1.61 -3.20 

Ex. kurtosis 1.45 3.55 9.52 

Missing obs. 5 18 0 

    

Table 7 summarizes the variable descriptive statistics for the three numerical variables 

applied in the analysis. The natural logarithm of acquirer market value ranges from 5.32 

to 0.52 with a mean of 3.81. An acquirer profitability proxy, acquirer Return on Equity 

has high variability from a low of -21.42% to a high of 80.09%, resulting in a relatively 

high excess kurtosis value of 3.55. Lastly, the percentage share acquired ranged from 51% 

to 100%, given that transactions in which 30% or less were excluded from the sample. 

With a mean of 96%, it can be concluded that in most transactions the acquirer took over 

the target almost completely. With an excess kurtosis of 9.52 and skewness of -3.20, the 

variable distribution does again signal non-normal distribution, an unfortunate but 

common property in financial data. 
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Table 8 Summary of CAR statistics by event window 
The following table presents descriptive statistics of the acquirer and peer group CARs in the four event 
windows. CAR statistics were calculated with the event study methodology utilizing the market model in 
estimating normal returns.  

 
Panel A: Summary of acquirer CAR statistics 

Acquirer CARs  

 [0, +1] [-1, +1] [-3, +3] [-10, +10] 

Mean 1.50% 1.45% 1.89% 1.01% 

Median 0.32% 0.37% 0.04% -0.40% 

Minimum -0.80% -13.69% -33.60% -38.32% 

Maximum 14.92% 12.94% 31.63% 51.11% 

Standard deviation 0.02 0.04 0.07 0.09 

Skewness 0.53 -0.30 0.07 0.94 

Ex. kurtosis 2.72 3.31 7.31 8.54 

Missing obs. 0 0 0 0 

     

Panel B: Summary of peer group CAR statistics 

Peer group CARs  

 [0, +1] [-1, +1] [-3, +3] [-10, +10] 

Mean 0.14% 0.21% 0.27% -0.04% 

Median 0% 0.18% 0.26% 0.02% 

Minimum -3.8% -4.9% -9.5% -14.89% 

Maximum 4.34% 4.77% 7.8% 17.35% 

Standard deviation 0.01 0.01 0.02 0.04 

Skewness 0.11 0.12 0.18 -0.11 

Ex. kurtosis 1.82 1.02 2.27 2.18 

Missing obs. 0 0 0 0 

 

Table 8 (Panel A) presents the descriptive statistics of the acquirer CARs in the four event 

windows. The mean CAR is found to be positive for all windows, being highest in the 7-

day window [-3, +3]. The average CAR is found to be lowest in the longest event window 

[-10, +10], which is intuitive given that the impact of the acquisition announcement is 

not as accurately captured given the longer time span. However, looking at the minimum 

and maximum values for the CARs, it is evident that the returns can vary significantly, 

with the 21-day CARs varying from -38.23% to 51.11%, for instance. With skewness 

values close to ideal zero but excess kurtosis values as high as 8.54, the results indicate 

non-normality and tailedness of the data distribution, caused partly by the CARs taking 

a wide range of values.  

When assessing the peer group CAR descriptive statistics outlined in Table 8 (Panel B), 

interesting aspects can be observed. The peer group mean CARs are positive for the first 

three event windows, with the mean CAR becoming slightly negative in the 21-day event 

window [-10, +10]. This finding is interesting given the presuppositions presented in 
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previous research, and the CAR statistics seem to give initial suggestion to that investors 

project positive complementarity effects on the peers' stock prices rather than viewing 

competitors' acquisition announcements as disruptive or threatening, which most likely 

would yield a negative initial stock response on average. However, the CAR levels seem 

to converge towards zero when a longer time passes from the announcement, on average. 

Looking at the minimum and maximum values, it can be seen that the peer CARs do 

range widely: for instance, in the 21-day event window the values range from a lowest of 

-14.89% to the highest of 17.35%, although still varying to a lesser degree than the 

acquirer CARs. The skewness and excess kurtosis values are close to the optimal range, 

indicating that no severe tailedness is observed in the data due to more normally 

distributed values. 
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5 METHODOLOGY 

 

5.1 Research hypotheses 

Based on previous research on FinTech mergers and acquisitions, this study assumes 

that acquiring a FinTech company presents an opportunity for technology-enabled 

synergy effects and increased efficiency possibilities for the acquirers. As synergy-motive 

based transactions have been found to yield positive stock returns for the acquirers given 

investors’ positive view on the additional value-creation, the acquirer synergy hypothesis 

assumes that: 

H1: Companies operating in financial and business-related industries receive a 

positive initial stock price in response to the announcement of a FinTech merger or 

acquisition. Investors perceive FinTech acquisitions as value-creating and synergy-

enabling (𝐶𝐴𝐴𝑅𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑟𝑠 > 0) 

On the other hand, the synergy hypothesis assumes that the stock reaction for the 

acquiring company’s rivals is negative, given that the increased synergy benefits put 

rivals into a weakened competitive position. Furthermore, as the disruptive innovation 

hypothesis stipulates, disruptive innovations often cause negative reactions in industry 

incumbents, signaling the innovations’ potential threat to their operations. As such, the 

peer group disruptive innovation hypothesis assumes that: 

H2: The peers of the acquiring companies receive a negative initial stock price 

response when their direct competitor announces a FinTech merger or acquisition. 

Investors perceive FinTech acquisitions as disruptive and weakening the competitive 

position of non-acquirers (𝐶𝐴𝐴𝑅𝑝𝑒𝑒𝑟𝑠 < 0) 

 

5.2 Event study methodology 

To analyze the impact FinTech M&A announcements have on the stock returns of the 

acquirers and the acquirers' competitors, an event study methodology will be utilized. 

Utilizing data from the financial markets, an event study measures the ”impact of a 

specific event on the value of a firm” (MacKinlay, 1997: 13). Given assumptions of market 

efficiency and investor rationality, the effects of an event can be assumed to be 

immediately reflected in security prices. By observing security prices over a time period, 
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a measure of an event’s economic impact can be modelled (MacKinlay, 1997). The event 

study method has been widely applied to studies of mergers and acquisitions, providing 

an appropriate method for the purpose of this study (see e.g. Dranev et al., 2019; 

Liargovas & Repousis, 2011; Akben-Selcuk & Aktiok-Yilmaz, 2011).  

 

5.2.1 Procedure for an event study 

 

Figure 3 The procedure of an event study 
The above figure presents the procedure of an event study which comprises of the estimation window prior 
to the event day for calculating parameters of normal performance, the event day (t=0) as well as the event 
window, during which the cumulative abnormal returns will be assessed. 

The first step of conducting an event study is to define the specific event of interest as 

well as to identify the period over which the security prices of the firms involved shall be 

examined, called the event window (MacKinlay, 1997). This research defines the day of 

the M&A announcement as the event day, 𝑇0. The estimation window is defined as 190 

(200) days before the M&A announcement, leaving an additional 10-day gap between 

the estimation window and the longest event window in order to prevent the event period 

from influencing the normal performance model parameter estimates.  

In order to test the robustness of the obtained event study results as well as to study the 

differences in the event window lengths studied, several event windows will be applied. 

Following a similar rationale to other event studies focusing on short-term stock 

reactions (see e.g. Dranev et al., 2019 and Hankir et al., 2011), this study will utilize the 

following four event window specifications: a 2-day [0, +1], a 3-day [-1, +1], a 7-day  

[-3, +3] as well as a 21-day [-10, +10] event window. One can justify the choice of 

narrower event windows through the study’s aim which is to capture the initial short-

term “shock” the acquirer or peer company stock incorporates upon announcement. 

Furthermore, longer event windows may capture other events or news which may not be 

related to the announced merger, thereby distorting the obtained findings. Lastly, as the 
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sample is based on a single market, longer event windows are not needed to account for 

the fact that different markets may respond to events differently depending on market 

inefficiencies.  

Appraisal of the event’s impact requires a measure of the abnormal return. The abnormal 

return can be defined as ”the actual ex post return of the security over the event window 

minus the normal return of the firm over the event window”, whereas the normal return 

is defined as the expected return without conditioning on the event taking place 

(McKinlay, 1997: 15). Expressed in a formula, for firm 𝑖 and event date 𝜏 the abnormal 

return is: 

𝐴𝑅𝑖𝜏 = 𝑅𝑖𝜏 − 𝐸[𝑅𝑖𝜏|𝑋𝜏]          (3) 

In which 𝐴𝑅𝑖𝜏, 𝑅𝑖𝜏 and 𝐸[𝑅𝑖𝜏|𝑋𝜏] are the abnormal, actual and normal returns respectively 

for time period 𝜏. 𝑋𝜏 is the conditioning information for the normal return model. 

(McKinlay, 1997: 15). Next, approaches for modeling the normal return will be reviewed. 

5.2.2 Abnormal and cumulative abnormal returns 

The constant mean return model assumes that the mean return of a given security is 

constant throughout time, being perhaps the simplest model for estimating normal 

returns (MacKinlay, 1997). With 𝜇𝑖 being the mean return for asset i, the constant mean 

return model can be expressed in the following formula: 

𝑅𝑖𝜏 = 𝜇𝑖 + 𝜑𝑖𝜏          (4) 

𝐸(𝜑𝑖𝜏) = 0       𝑣𝑎𝑟(𝜑𝑖𝜏) =  𝜎𝜑𝑖
2    

Where 𝑅𝑖𝑡 is the period- 𝜏 return on security i and 𝜑𝑖𝑡 is the time period t disturbance 

term for security i with an expectation of zero and variance 𝜎𝜑𝑖
2 . (McKinlay, 1997: 17) 

The market model is a statistical model that relates the return of any given security to 

the return of the market portfolio. The model’s linear specification follows from the 

assumed joint normality of asset returns. For any security i the market model is: 

𝑅𝑖𝜏 = 𝛼𝑖 + 𝛽𝑖𝑅𝑚𝜏 + 휀𝑖𝜏         (5) 

𝐸(휀𝑖𝜏 = 0)       𝑣𝑎𝑟(휀𝑖𝜏) =  𝛿𝜀𝑖
2  
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Where 𝑅𝑖𝜏 and 𝑅𝑚𝜏 are the period-𝜏 returns on security i and the market portfolio, 

respectively, and 휀𝑖𝑡 is the zero mean disturbance term. 𝛼𝑖, 𝛽𝑖 and 𝛿𝜀𝑖
2  are the parameters 

of the market model estimated using the ordinary least squares (OLS) regression model. 

(McKinlay, 1997: 18) 

In comparison to the constant mean model, the market model represents a potential 

improvement. By removing the portion of the return that is related to variation in the 

market’s return, the variance of the abnormal return is reduced (McKinlay, 1997). This 

entails that the market model has increased ability to detect event effects. Following 

similar studies on the topic (see e.g. Dranev et al., 2019; Hankir et al., 2011; Akben-

Selcuk & Altiok-Yilmaz, 2011), this research will apply the market model in calculating 

the normal returns due to its enhanced ability to detect event effects over the more 

simplistic constant mean model. When conducting the market regressions, the S&P 500 

Index shall be applied as the proxy for market portfolio, as introduced by MacKinlay 

(1997: 18).  

Cumulative abnormal returns (CARs) are calculated for each acquirer and peer group for 

various intervals around the announcement day as follows: 

𝐶𝐴𝑅𝑖(𝜏1, 𝜏2) = ∑ 𝐴𝑅𝑖𝜏
𝜏2
𝜏=𝜏1

        (6) 

The obtained abnormal returns (ARs) are further calculated for the entire sample by 

adding up the observed ARs and taking the average: 

𝐴𝐴𝑅𝜏 =
1

𝑁
∑ 𝐴𝑅𝑖𝜏

𝑁
𝑖=1          (7) 

Where N is the number of firm events and 𝜏 represents the time within the event window.  

Finally, the cumulative average abnormal returns (CAARs) are calculated by summing 

the average abnormal returns over 𝜏 days to measure the average cumulative effect of 

information reaching the market within a given timeframe. What makes the CAAR a 

useful statistical analysis in addition to AAR is that it allows for sensing the aggregate 

effect of the abnormal returns especially in cases in which the influence of the event is 

not felt exclusively on the event date itself. The formula for CAAR is as follows: 

𝐶𝐴𝐴𝑅(𝜏1,𝜏2) = ∑ 𝐴𝐴𝑅𝜏
𝜏2
𝜏=𝜏1

        (8) 
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Furthermore, the statistical significance of the AARs and CAARs are tested with a 

standard two-sided t-test. In order to calculate the test statistics, the following formulas 

are applied for cross-sectional t-tests: 

𝑡 =
𝐴𝐴𝑅

𝑠/√𝑛
            𝑡 =

𝐶𝐴𝐴𝑅

𝑠/√𝑛
        (9) 

Where s stands for the standard deviation of the calculated average abnormal and 

cumulative average abnormal returns and n is the number of observations included in 

the sample. The t-test tests whether the observed CAARs and AARs are statistically 

different from zero (𝐻0 = 0, 𝐻1 ≠ 0). 

5.2.3 Event study critique 

Although being widely applied methodology in financial studies, the event study 

methodology does not come without its drawbacks. The potential issues must not only 

be acknowledged but also the effect of them should be minimized in order for the 

empirical results to be as accurate as possible. 

Binder (1998) points to that the abnormal return estimates rarely comply with the 

assumptions of heteroscedasticity and absence of cross-sectional dependence, causing 

the significance tests relying on normal distribution weak. However, given that the 

events of interest in this study are dispersed randomly throughout the studied time-

period and across randomly selected firms, this reduces the so-called “cluster problem”, 

which to a large extent reduces any potential problems with cross-sectional dependence. 

Similar critique has been posed by Brown and Warner (1980), who found the power of 

the cross-sectional t-test to be of low power given that the test is prone to event-induced 

volatility around the event period. While being mindful to this drawback when discussing 

the empirical results, the forthcoming analysis will rely on the cross-sectional t-test in 

order to facilitate comparison between previous studies applying a similar method of 

calculation (see i.e. MacKinlay, 1997; Dranev et al., 2019). 

Additional problem relates to the issue of event contamination during the estimation 

window, if unrelated events are present during the estimation phase which subsequently 

bias the estimation of the parameters used to compute the returns (Aktas, de Bodt & 

Cousin, 2007). To alleviate the potential biases of event contamination, one widely 

applied remedy is to use a long estimation window, as done also in this study. However, 

given that no event studies are completely free from the potential problems of event 
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contamination, one must be mindful to this fact when analyzing the empirical results.  

 

5.3 Multivariate regression analysis 

In addition to the event study, the obtained CARs will be further analysed through a 

series of multivariate regression analyses in order to capture various other factors that 

may impact the post-announcement returns for acquirers and peers alike. The CARs will 

be regressed against a set of explanatory variables using ordinary least squares (OLS) 

regression method. More specifically, the multiple regression analysis aims to investigate 

the following: 

Do acquirers and peers respond differently to acquisition announcements depending 

on the target firm's FinTech sector affiliation? 

𝑌𝑖 = 𝛼 +  𝛽 ∗ 𝑋𝑖 + 𝛾1 ∗ 𝐴𝑛𝑎𝑙𝑦𝑡𝑖𝑐𝑠𝑡𝑎𝑟𝑔𝑒𝑡𝑖 + 𝛾2 ∗ 𝑃2𝑃𝑡𝑎𝑟𝑔𝑒𝑡𝑖 + 𝛾3 ∗ 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑡𝑎𝑟𝑔𝑒𝑡𝑖 + 𝛾4 ∗

𝐶𝑦𝑏𝑒𝑟𝑡𝑎𝑟𝑔𝑒𝑡𝑖 + 휀𝑖         (10) 

Where 𝑌𝑖 is the 2-day, 3-day, 7-day and 21-day CARs for acquirers and peers in distinctive 

models, 𝛼 is the constant and 𝛾1−4 are the parameters for the independent categorical 

variables that take the value of 1 in the category where the FinTech target belongs to and 

0 in others, while 휀𝑖 is the model’s disturbance term. 𝛽 is the vector of parameters for 

control variables 𝑋𝑖, namely Acquirer market value, Acquirer ROE, Share acquired, 

Cash payment and FinTech merger wave. 

Do acquirers and peers respond differently to FinTech acquisition 

announcements depending on in which industry they operate? 

𝑌𝑖 = 𝛼 +  𝛽 ∗ 𝑋𝑖 + 𝛾1 ∗ 𝐵𝑢𝑠𝑖𝑛𝑒𝑠𝑠𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑟𝑖 + 𝛾2 ∗ 𝐵𝑎𝑛𝑘𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑟𝑖 + 𝛾3 ∗ 𝐵𝑟𝑜𝑘𝑒𝑟𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑟𝑖 +  휀𝑖   (11) 

Where 𝑌𝑖 is the 2-day, 3-day, 7-day and 21-day CARs for acquirers and peers in distinctive 

models, 𝛼 is the constant and 𝛾1−3 parameters for the independent categorical variables 

that take the value of 1 if the acquirer belongs to the industry based on its SIC code and 

0 in other cases. 𝛽 is the vector of parameters for control variables 𝑋𝑖, namely Acquirer 

market value, Acquirer ROE, Share acquired, Cash payment and FinTech merger wave. 
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Does acquirer's previous FinTech M&A experience impact post-announcement returns 

for the acquirers and peers? 

𝑌𝑖 = 𝛼 +  𝛽 ∗ 𝑋𝑖 + 𝛾1 ∗ 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑡𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑟𝑖 + 휀𝑖   (12) 

Where 𝑌𝑖 is the 2-day, 3-day, 7-day and 21-day CARs for acquirers and peers in distinctive 

models, 𝛼 is the constant and 𝛾1 the parameter for the independent categorical variable 

taking the value of 1 if the acquirer was involved in two or more transactions during the 

studied timeframe and 0 in other cases. 𝛽 is the vector of parameters for control variables 

𝑋𝑖, namely Acquirer market value, Acquirer ROE, Share acquired, Cash payment and 

FinTech merger wave. 

5.3.1 Diagnostic tests and statistical assumptions 

In order to ensure that the data and models comply with the assumptions underlying the 

OLS regression method, several model diagnostics and assumptions must be applied. 

First, an assumption of the linear regression model being linear in parameters must be 

fulfilled. Second, the observations must be randomly sampled. Third, the conditional 

mean of the model should be zero. Fourth, no multicollinearity should exist. Fifth, the 

errors should be spherical, meaning that there is no heteroscedasticity or autocorrelation 

observable. Lastly, the error terms should be normally distributed. In order to test that 

the assumptions hold with the given models and sets of data, appropriate diagnostic tests 

will be analysed. 

Multicollinearity, caused by highly correlated explanatory variables, will be assessed 

through analysis of correlations between the chosen independent variables as well as 

variance inflator factor screening (VIF) testing. From the correlation matrix (see 

Appendix 2) it can be concluded that no high correlations among the set of independent 

and control variables exist. The highest correlation is that of -0.58 between two 

categorical variables, Payment target and Analytics target, albeit remaining under the 

critical 0.8 correlation threshold commonly applied in statistics when discussing 

multicollinearity. Furthermore, each regression model is subject to the VIF analysis, in 

which the correlations among predictor variables are further quantified. The VIF analysis 

did not point out problems of multicollinearity, with each model’s variables having VIF 

scores well below 10. 
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Normality assumption is tested through assessment of skewness and kurtosis values for 

each variable as well as through Jarque-Bera normality test. For normally distributed 

variables, the skewness and excess kurtosis values are both zero. The skewness and 

kurtosis values for the numerical variables are presented in tables 7 and 8. The values 

indicate that for most variables, the skewness and kurtosis values are relatively close to 

the ideal values, with the excess kurtosis being the highest for acquirer 21-day CARs 

(8.54) and for the variable Percentage share acquired (9.52). However, given that 

financial data often exhibits non-normal properties, these findings are not alarming for 

the regression model's proper function. 

The Jarque-Bera test statistic, testing the null hypothesis that the error is normally 

distributed, is reported for each model in tables 13-15. In each model, we reject the null 

hypothesis of normally distributed error term, meaning that the data does not perfectly 

comply with the assumption of normality, a problem commonly observed in finance data. 

The possible adverse effects of non-normality are alleviated through transforming the 

chosen variables to comply with the normal distribution as closely as possible. As such, 

a logarithmic transformation of the variable Acquirer market value was undertaken in 

order to reduce the skewness and kurtosis values to levels confirming more closely to 

normal distribution. 

The assumption of homoscedasticity, meaning constant variance of the error term, is 

assessed through conducting White’s normality test on each regression model. The test 

statistics are reported on tables 13-15 for each model testing the null hypothesis that 

heteroscedasticity is not present. Given that none of the test statistics are statistically 

significant, we can’t reject the null that heteroscedasticity is not present, meaning that 

the error terms comply with the assumption of homoscedasticity. In order to further 

ensure compliance with the assumption of homoscedasticity, the models will be run 

applying robust standard errors in order to ensure that the analysis arrives at correct t-

test statistic and p-values, an approach recommended when conducting hypothesis tests 

using OLS regression. 

 



52 
 

6 EMPIRICAL RESULTS 

 

6.1 Acquirer abnormal and cumulative abnormal returns 

6.1.1 Acquirer AARs 

Table 9 Acquirer daily average abnormal returns 
The following table presents the acquirer average abnormal returns (AARs) for the 21-day period studied. 
T-statistic values are calculated based on a two-sided standard t-test. N depicts the absolute number of 
transactions included in the study.  
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 

 

Day (t) AAR (%) T-stat p-value  n 
-10 -0.24% -1.08 0.28 

 
160 

-9 -0.13% -0.37 0.71 
 

160 

-8 1.43% 0.91 0.36 
 

160 

-7 -0.06% -0.23 0.82 
 

160 

-6 0.31% 0.68 0.50 
 

160 

-5 -0.97% -1.64 0.10 * 160 

-4 -0.35% -1.58 0.12 
 

160 

-3 0.00% 0.00 1.00 
 

160 

-2 0.08% 0.27 0.79 
 

160 

-1 0.20% 0.77 0.44 
 

160 

0 2.39% 1.11 0.27 
 

160 

1 -0.10% -0.38 0.70 
 

160 

2 0.09% 0.29 0.77 
 

160 

3 0.10% 0.29 0.78 
 

160 

4 -0.31% -1.24 0.22 
 

160 

5 0.13% 0.87 0.39 
 

160 

6 -0.43% -2.23 0.03 ** 160 

7 0.31% 1.10 0.27 
 

160 

8 -0.31% -1.26 0.21 
 

160 

9 -0.19% -1.30 0.20 
 

160 

10 -0.63% -2.36 0.00 ** 160 

 

Table 9 summarizes the average abnormal returns for the acquirer sample during the 

studied event period, ranging from 10 days before the event to ten days after the event. 

As the AARs suggest, the average abnormal stock return on the announcement date (t=0) 

is positive, 2,39%. However, this finding is not statistically significant, indicating that no 

statistically verified conclusions can be drawn from the finding. Only AARs relating to 10 

days after (-0,63%), six days after (-0,43%) and 5 days before the event (-0,97%) are 

found statistically significant at the 5% and 10% levels, respectively. The positive AAR 

values prior to the event day from -3 to 0 could indicate that the stock prices already 

reflect certain positive anticipations regarding the possibility of a merger already a few 

days before the actual announcement. However, no conclusions can be drawn due to the 
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weak statistical significance. Another observation is that AARs tend to be more negative 

the longer time has passed from the event date. Although the results are not statistically 

significant enough in order to draw conclusions, negative AARs post-announcement may 

signal that investors become more careful and pessimistic in their view of the merger 

benefits the longer time has passed from the announcement. 

Lastly, Figure 4 below presents the acquirer daily average abnormal return trend in a 

graph, showing a significant spike in the AARs during the event day, thereby declining 

the longer time passes from the M&A announcement. Although no conclusions can be 

drawn from the AAR results, the findings are interesting and seem to be aligned with 

earlier findings in M&A literature regarding insignificant but positive acquirer returns 

on the announcement day. 

 

 

Figure 4 Acquirer daily average abnormal return trend 
The above figure depicts the acquirer daily average abnormal return trend during the 21-day period 
studied. The AAR values are relatively volatile throughout the entire period studied, although peaking 
significantly on the event day (t=0).  
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6.1.2 Acquirer CAARs 

Table 10 Acquirer cumulative average abnormal returns by event window 
The following table presents the acquirer cumulative average abnormal returns by the four event 
windows, with the two-day event window [0, +1] being the main window of interest. The t-statistic is 
calculated based on a standard two-sided t-test. N depicts the absolute number of transactions included in 
the sample. 
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 

 

Event window CAAR % t-statistic p-value n 

[0, +1] 2.29 % 1.05 0.29 160 

[-1, +1] 2.49 % 1.10 0.27 160 

[-3, +3] 2.79 % 1.25 0.21 160 

[-10, +10] 1.32 % 0.42 0.67 160 

 

Table 10 summarizes the event study results from the acquirer sample for the four 

different event windows, including the CAARs, corresponding t-statistics as well as two-

tailed p-values. The two-day event window [0, +1] is the main event window of focus 

reflecting the first-day initial reaction to the announcement, while the longer event 

windows capture the long-term trends of the announcement reaction and provide a 

robustness check. 

The CAARs indicate positive values for all four event windows, with the highest positive 

CAAR observable in the 7-day event window [-3, +3], being 2,79%. The rising trend in 

CAAR values from an initial 2.29% in the 2-day event window to 2.79% in the 7-day event 

window may signal that for the acquisition announcements to have an impact on the 

acquirer abnormal returns, the market needs time to digest the information for it to be 

reflected in the cumulative abnormal return figures. The CAAR declines to 1.32% in the 

21-day event window [-10, +10], which could indicate a shift in investor perceptions from 

an initially positive reaction to more cautious approach. In addition, the declining CAAR 

pattern can be logically explained by the fact that the longer time passes from the event, 

the less the returns reflect the information content of the actual announcement. 

However, given the low t-statistics and correspondingly high p-values, the results do not 

prove to be statistically significant up to the 10% level. As such, no statistically verified 

conclusions can be drawn from the results, indicating that no clear patterns of acquirer 

CAARs are present in the sample. Given the results, the statistical null hypothesis of zero 

CAARs fail to be rejected in all of the event windows. As such, no support is found for the 

first hypothesis of acquirer synergy effects: 
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H1: Companies operating in financial and business-related industries receive a 

positive initial stock price response to the announcement of a FinTech merger or 

acquisition. Investors perceive FinTech acquisitions as value-creating and synergy-

enabling (𝐶𝐴𝐴𝑅𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝑟𝑠 > 0) 

6.2 Peer group abnormal and cumulative abnormal returns 

6.2.1 Peer group AARs 

Table 11 Peer group daily average abnormal returns  
The following table presents the peer group average abnormal returns (AARs) for the 21-day period 
studied. T-statistic values are calculated based on a two-sided standard t-test. N depicts the absolute 
number of transactions included in the study.  
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 

 

Day (t) AAR (%) T-stat p-value  n 
-10 0.04% 0.53 0.6 

 
160 

-9 0.04% 0.59 0.56 
 

160 

-8 -0.01% -0.16 0.87 
 

160 

-7 -0.01% -0.22 0.82 
 

160 

-6 -0.05% -0.75 0.46 
 

160 

-5 -0.07% -1.7 0.09 * 160 

-4 0.10% 2.1 0.04 ** 160 

-3 -0.05% -0.42 0.68 
 

160 

-2 0.13% 1.26 0.21 
 

160 

-1 0.08% 1.58 0.12 
 

160 

0 0.07% 1.72 0.09 * 160 

1 0.03% 0.43 0.66 
 

160 

2 0.12% 1.58 0.12 
 

160 

3 -0.10% -1.68 0.09 * 160 

4 -0.04% -1.87 0.06 * 160 

5 -0.05% -0.67 0.5 
 

160 

6 -0.08% -1.12 0.27 
 

160 

7 -0.04% -0.57 0.57 
 

160 

8 -0.02% -0.32 0.75 
 

160 

9 -0.05% -0.8 0.43 
 

160 

10 -0.12% -1.99 0.05 ** 160 

 

Table 11 presents the average abnormal returns for the constructed peer groups for the 

21-day period of interest. As can be noted, on the acquisition announcement day (t=0), 

the average abnormal return for the peers is slightly positive, 0.07%, being significant at 

the 10% significance level. This finding is interesting, as it seems to oppose the idea that 

peers would find their competitors’ FinTech acquisition announcements threatening 

their competitive position in the market, where acquiring new technology know-how is 

vital for survival. Although the AARs continue to be positive on days 1 and 2 following 

the acquisition announcements, these findings are not found statistically significant. 
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However, on days 3 and 4 following the acquisition announcement, the peer average 

abnormal returns are found to be slightly negative, being -0.10% and -0.04%, 

respectively. Again, although the AARs are found to be slightly negative for the remaining 

days of the event study period (t=5-10), only the negative AAR on day 10 following the 

announcement is found statistically significant at the 5% level, indicating that although 

a clear pattern of negative AARs for peers from day three following a competitor’s 

acquisition announcement seems evident, the statistical significance of these findings is 

not strong enough to draw definite conclusions regarding a declining trend. 

The findings related to peer group AARs seem to suggest that peers react slightly 

positively to competitors’ acquisition announcements on the event day, but the impact 

becomes negative after a few days have passed since the announcement. One explanation 

for this finding could be the time-lag it takes for the investors to digest information, 

which could mean that the true impact of a competitor’s acquisition announcement is 

not felt on the actual event day, but with a few days delay.    

To conclude, Figure 5 below presents the peer group daily average abnormal return trend 

throughout the 21-day period. Although the peer returns seem to be much more volatile 

than the returns of acquirers both pre and post announcement date, the graph illustrates 

a positive spike around the pre-event dates and consequent declining trend following the 

announcement. 

 

Figure 5 Peer group daily average abnormal return trend 
The above figure visualizes the peer group daily average abnormal return trend throughout the studied 
21-day time period. The AARs depict high volatility, with a decreasing trend following day 3 post-
announcement. 
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6.2.2 Peer group CAARs 

Table 12 Peer group cumulative average abnormal returns by event window 
The following table presents the peer group cumulative average abnormal returns by the four event 
windows, with the two-day event window [0, +1] being the main window of interest. The t-statistic is 
calculated based on a standard two-sided t-test. N depicts the absolute number of transactions included in 
the sample. 
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 

 
Event 

window CAAR % t-statistic p-value n 

[0, +1] 0.10% 2.03 0.04** 160 

[-1, +1] 0.18% 1.67 0.10* 160 

[-3, +3] 0.28% 1.38 0.17 160 

[-10, +10] -0.08% -0.23 0.82 160 

 

Table 12 summarizes the findings related to peer group cumulative average abnormal 

returns for the four event windows. The findings indicate positive and statistically 

significant CAARs for the 2-day and 3-day event windows, capturing the short-term 

impact of the acquirer acquisition announcements. On the main event window of interest 

[0, +1], the peer CAAR is positive but low, being 0.10%. The highest CAAR is found on 

the 7-day event window, being 0.28%, although with a high p-value of 0.17 the finding is 

not statistically significant. Despite the findings indicating a statistically significant 

positive initial impact, the impact itself is relatively low in magnitude. The pattern of 

increasing CAARs before a decrease in the 21-day event window again suggests that 

market may take time to reflect the impact of acquisition announcements on returns and 

that the initial positive impact may indeed turn into a negative one the longer the time 

has passed from the event.  

Given the positive and statistically significant CAARs for the 2-day and 3-day event 

windows and a positive and statistically significant AAR for the event day (t=0), the 

empirical results do point to that peer group experiences a slight positive initial stock 

reaction to their competitors’ acquisition announcements. These findings allow for 

rejecting the null hypothesis of zero peer group CAARs. However, given that the 

generated results are in contrary to the research hypothesis which assumed a negative 

relationship between peer returns and acquisition announcements, the hypothesis of 

disruptive innovation is not supported:  

H2: The peers of the acquiring companies receive a negative initial stock price 

response when their direct competitor announces a FinTech merger or acquisition. 
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Investors perceive FinTech acquisitions as disruptive and weakening the competitive 

position of non-acquirers (𝐶𝐴𝐴𝑅𝑝𝑒𝑒𝑟𝑠 < 0) 

 

6.3 Multivariate regression analysis: acquirer and peer group CARs 

In this section, three multivariate regression models aiming to capture potential impacts 

on acquirer and peer group post-announcement CARs are analysed. The first model 

assesses whether different types of FinTech acquisitions, depending on in which FinTech 

sector the target belongs to, spark different responses in the acquirer and peer group 

CARs observed in the four event windows of interest. Table 13 depicts the regression 

results from the first model. 
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Table 13 OLS regression results, model 1. 
This table presents the results of a multivariate regression model with independent variables categorizing the FinTech targets based on their FinTech industry 
categorization, with InsurTech targets forming the reference group. The results are presented for all four event windows, with the 2-day event window [0,+1] being the 
main window of interest. T-values based on a standard two-sided t-test are presented in parantheses under each corresponding coefficient estimate.  
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 

 

 

Model 1. [0, +1] [-1, +1] [-3, +3] [-10, +10] 

 Acquirers Peers Acquirers Peers Acquirers Peers Acquirers Peers 

Constant -0.0044 
(-0.2317) 

-0.0103 
(-1.242) 

-0.0124 
(-0.4920) 

-0.0174 
(-1.297) 

0.0279 
(0.7212) 

-0.0293 
(-1.435) 

-0.0395 
(-0.6933) 

0.0109 
(0.2067) 

CYBER TARGET 0.0340* 
(1.948) 

0.0031 
(0.6015) 

0.0276 
(1.427) 

0.0006 
(0.0958) 

0.0382** 
(2.217) 

0.0124 
(1.465) 

0.0718** 
(2.402) 

0.0248 
(1.311) 

ANALYTICS TARGET 0.0142 
(1.033) 

-0.0017 
(-0.8810) 

0.0066 
(0.4380) 

-0.0061 
(-1.461) 

0.0047 
(0.4862) 

0.0023 
(0.3803) 

0.0308 
(1.386) 

0.0092 
(0.8015) 

P2P TARGET 0.0218 
(0.1430) 

-0.0016 
(-0.6966) 

0.0212 
(1.283) 

-0.0045 
(-0.8570) 

0.0392 
(1.483) 

0.0073 
(0.9559) 

0.0380 
(1.060) 

0.0094 
(0.7207) 

PAYMENT TARGET 0.0226 
(0.1125) 

0.0036 
(1.563) 

0.0109 
(0.6881) 

-0.0003 
(-0.0693) 

0.0133 
(1.152) 

0.0052 
(0.8394) 

0.0423* 
(1.666) 

0.0142 
(1.156) 

ACQUIRER MV(LN) -0.0067** 
(-2.107) 

0.0076 
(-0.1476) 

-0.0005 
(-0.1037) 

 

0.0005 
(0.6864) 

-0.0065 
(-0.9908) 

0.0015 
(1.291) 

-0.0081 
(-0.6211) 

0.0024 
(1.011) 

ACQUIRER ROE -0.0012* 
(-1.960) 

0.0006 
(0.6902) 

-0.0002 
(-0.9582) 

0.0015 
(1.338) 

0.0001 
(-0.8166) 

0.0034** 
(1.981) 

-0.0002 
(-1.227) 

-0.0016 
(-0.5082) 

% SHARE ACQUIRED 0.0204* 
(1.912) 

0.0114* 
(1.925) 

0.0042 
(0.2282) 

0.0163 
(1.621) 

0.0034 
(-0.1561) 

0.0074 
(0.5753) 

0.0339* 
(1.192) 

0.0270 
(-0.5793) 

CASH PAYMENT -0.0282 
(-0.6275) 

-0.0017 
(-0.8268) 

-0.0004 
(-0.0564) 

-0.0033 
(-1.172) 

-0.0116 
(-1.047) 

-0.0048 
(-1.069) 

-0.0102 
(0.7289) 

-0.0148* 
(-1.790) 

FINTECH MERGER WAVE 0.0019 
(0.6851) 

0.0056 
(0.023) 

0.0072 
(1.280) 

-0.0003 
(-0.o968) 

0.0056 
(-0.5327) 

-0.0032 
(-0.7189) 

0.0056 
(0.4220) 

-0.0110 
(-1.251) 

Observations 

R2 

Adjusted R2 

F statistic 

 

Normality (Chi-sq) 

Heteroscedasticity (LM) 

160 

0.1354 

0.069 

1.734 

 

24.02*** 

42.26 

 

160 

0.0745 

0.0068 

1.464 

 

16.48*** 

30.31 

 

160 

0.0622 

-0.0075 

0.9892 

 

23.96*** 

36.73 

160 

0.0933 

0.0270 

1.8277 

 

6.72* 

29.94 

160 

0.0569 

-0.0105 

0.8512 

 

95.01*** 

24.73 

160 

0.0672 

-0.001 

1.17 

 

25.27*** 

24.11 

160 

0.0568 

-0.0106 

0.8512 

 

154.80*** 

33.98 

160 

0.058 

-0.011 

1.0352 

 

21.67*** 

69.87 
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The main variables of interest were the three dummy variables which categorized targets 

based on their FinTech sector belonging, with InsurTech targets forming the reference 

group. Looking at the models where acquirer CARs act as the dependent variable, the 

first variable of interest, Cyber target, is statistically significant and positive in all but 

the three-day event window. The interpretation to be drawn from the positive, albeit 

slightly weak coefficients is that transactions in which the FinTech target was a 

cybersecurity company yielded slightly higher CARs for the acquirers in the 2-day, 7-day 

and 21-day event windows in comparison to transactions with InsurTech targets. Similar, 

although much weaker and inconsistent indication is also evident with regards to 

payment targets, which had a statistically significant and positive coefficient of 0.04 in 

the 21-day event window in the acquirer models. Although the coefficients remain 

positive throughout the different event windows also for analytics, P2P and payment 

targets, the statistical insignificance of the coefficient estimates does not allow for 

statistically solid conclusions to be drawn. 

On the contrary, one can observe from the peer group coefficients that none of the 

coefficient estimates for the three FinTech target sector dummies are statistically 

significant. As a result, the findings imply that the peer group CARs were not impacted 

neither positively nor negatively depending on in which FinTech sector the target 

belonged to.  

Looking at the control variable coefficients for the acquirers, the Acquirer MV(ln) 

variable coefficient estimate is found to be weak but negative (-0.0067) in the two-day 

event window, indicating that a 1% increase in acquirer equity market value translates to 

0.67% lower CARs in the two-day event window. Similar effect is found in the two-day 

event window with regards to acquirer profitability measured by the variable Acquirer 

ROE, with more profitable acquirers having slightly lower two-day CARs as indicated by 

the coefficient estimate of -0.0012. Lastly, the variable % Share acquired was also found 

significant in the two-day event window, with a coefficient estimate of 0.0204 indicating 

that the larger stake was acquired, the slightly higher the two-day acquirer CARs 

observed. 

Neither Cash payment nor Fintech merger wave variables generated statistically 

significant coefficient estimates in none of the four event windows when assessing the 

acquirer CARs. Interestingly, looking at the coefficient signs, the obtained results seem 

to comply with the views of previous research. Cash deals are often regarded as riskier 

by investors especially when acquiring highly valued, unlisted small targets such as 
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FinTechs, which could explain the consistently negative coefficient. On the other hand, 

acquirers have been found to enjoy higher CARs following acquisition announcements 

in times of merger waves, complying with the positive coefficients generated by the 

model at hand. However, given that none of the coefficients are statistically significant, 

no verified conclusions can be drawn in these regards. Lastly, the overall power of the 

model in explaining variations in acquirer CARs seems to be highest in the two-day event 

window regression with an R-squared of 0.14, although still being relatively low. 

Lastly, looking at the peer group control variable coefficient estimates, the variable % 

Share acquired is positive and statistically significant in the two-day event window 

(0.0114), implying that peers experienced slightly higher CARs the larger the percentage 

share acquired by their competitor was.  This finding is interesting and signals support 

for the complementarity hypothesis, according to which a large stake acquired in a 

FinTech target could correspondingly signal positive future acquisition opportunities 

and growth prospects for the acquirer's peers. A positive and significant coefficient of 

0.0034 is also found for the Acquirer ROE variable in the seven-day event window, 

signaling that the more profitable the acquirer, the higher the peer CARs within the 7-

day timeframe – again, a finding that supports the hypothesis of complementarity. 

Lastly, a significant negative coefficient is found for the variable Cash payment 

(-0.0148), demonstrating that acquisitions funded by only by cash had a slight negative 

impact on CARs for the peer group in the 21-day event window. The explanatory power 

of the peer models is relatively low, being the lowest in the 21-day event window with an 

R-squared of 0.06 and highest in the three-day event window, with an R-squared of 0.09. 

The second regression model assesses whether acquirers and peers responded differently 

to FinTech acquisition announcements depending on the industry in which they operate. 

The acquirers and peers were divided into four groups and three dummy variables were 

incorporated to the model. To note, although the variable names refer to acquirer 

industry affiliation, the same industry categorization also applies for the peer groups, 

given that peers were chosen on the basis of operating in the same industry sector as the 

acquirer. Table 14 shows the regression results for model 2 for the four event windows. 
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Table 14 OLS regression results, model 2. 
This table presents the results of a multivariate regression model with independent variables categorizing the acquirers and peers based on their industry group, with 
acquirers/peers operating in the insurance sector forming the reference group. The results are presented for all four event windows, with the 2-day event window [0,+1] 
being the main window of interest. T-values based on a standard two-sided t-test are presented in parantheses under each corresponding coefficient estimate.  
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 
 

Model 2. [0, +1] [-1, +1] [-3, +3] [-10, +10] 

 Acquirers Peers Acquirers Peers Acquirers Peers Acquirers Peers 

Constant -0.0145 
(1.038) 

-0.0127* 
(1.681) 

-0.0062  
(-0.2714) 

-0.0242** 
(-2.019) 

0.0479 
(1.127) 

-0.0252 
(-1.420) 

-0.0042 
(-0.0829) 

0.0170 
(0.3324) 

BUSINESS ACQUIRER -0.0075 
(-1.033) 

0.002 
(0.9370) 

-0.0050 
(-0.5576) 

0.0011 
(0.4011) 

-0.0393* 
(-1.850) 

-0.0028 
(-0.4644) 

-0.0067 
(-0.2746) 

0.0048 
(0.5289) 

BANK ACQUIRER 0.0110* 
(1.791) 

0.0053** 
(2.036)  

0.0100 
(1.059) 

0.0056* 
(1.701) 

0.0146 
(-0.7661) 

0.008 
(1.617) 

0.0057 
(-0.2028) 

0.0177* 
(1.752) 

BROKER ACQUIRER -0.0002 
(-0.0389) 

-0.0347 
(1.032) 

0.0081 
(1.123) 

-0.0962 
(1.131) 

-0.0244 
(-1.582) 

-0.1675 
(1.384) 

-0.0171 
(-0.7196) 

0.0001 
(0.8712) 

ACQUIRER MV(LN) -0.0073** 
(-2.431) 

-0.0015 
(-0.2864) 

-0.0020 
(-0.4124) 

0.0038 
(0.5532) 

-0.0063 
(-0.7226) 

0.0011 
(1.004) 

 

-0.0057 
(-0.4272) 

0.0018 
(0.8247) 

ACQUIRER ROE -0.0005 
(-0.6799) 

0.0011 
(1.382) 

-0.0005 
(-0.5823) 

0.0021* 
(1.923) 

0.0001 
(-0.9152) 

0.0042** 
(2.240) 

-0.0003 
(-1.456) 

-0.0051 
(-0.1609) 

% SHARE ACQUIRED 0.0210** 
(2.073) 

0.0113* 
(1.944) 

0.0098 
(0.5823) 

0.0171* 
(1.702) 

0.0079 
(0.3154) 

0.0083 
(0.6196) 

0.0318 
(1.081) 

-0.0259 
(-0.5618) 

CASH PAYMENT -0.0035 
(-0.7302) 

-0.0023 
(-1.151) 

0.0011 
(0.1688) 

-0.0038 
(-1.472) 

-0.0070 
(-0.5810) 

-0.0051 
(-1.212) 

0.0116 
(0.7057) 

-0.0166** 
(-2.091) 

FINTECH MERGER WAVE 0.0016 
(0.3102) 

0.0024 
(0.1019) 

0.0080 
(1.288) 

0.0014 
(0.005) 

-0.0065 
(-0.6071) 

-0.0037 
(-0.8208) 

0.0085 
(0.6021) 

-0.0112 
(-1.323) 

Observations 
R2 
Adjusted R2 
F statistic 
 
Normality (Chi-sq) 
Heteroscedasticity (LM) 

160 
0.1344 
0.0762 
2.0670 

 
24.0151*** 

41.2535 

160 
0.0980 
0.0158 

 
 

17.79*** 
26 

160 
0.0528 

-0.0200 
1.4478 

 
29.7569*** 

41.5217 

160 
0.0860 
0.0348 
1.9820 

 
19.15*** 

25.48 

160 
0.0569 
-0.0025 
0.7553 

 
95.014*** 
24.7337 

160 
0.0852 
0.0309 
1.4738 

 
19.0433*** 

18.9452 

160 
0.025792 
-0.0360 
0.6599 

 
49.9816*** 

24.7459 

160 
0.0757 
0.0239 
1.4103 

 
16.1128*** 

58.86 
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The acquirers and peers were divided into three groups based on their SIC-codes, with 

insurance sector companies forming the reference group. Looking at the coefficient 

estimates for the acquirers, the first dummy variable Business acquirer has a negative 

coefficient throughout the four event windows, albeit the estimate is statistically 

significant only in the 7-day event window. This indicates, perhaps surprisingly, that 

business acquirers enjoyed slightly lower CARs in the 7-day event window in comparison 

to acquirers operating in the insurance industry sector. Given the inconsistency of the 

estimate throughout the event windows, this does not allow for generalizations to be 

made. On the contrary, bank acquirers were found to enjoy slightly higher returns in 

comparison to insurance acquirers in the two-day event window, as suggested by the 

statistically significant coefficient estimate of 0.0110. The coefficient is positive, although 

statistically insignificant, also in the three remaining event windows. The Broker 

acquirer variable did not yield statistically significant coefficient estimates.  

When assessing the same coefficient estimates for the peer group, peers operating in the 

banking sector had positive and statistically significant coefficients in the two-day, three-

day and 21-day event windows. This implies, in a similar manner to the acquirers, that 

peers operating in the banking sector responded more positively to acquisition 

announcements compared to peers operating in the insurance sector. Although the peer 

coefficients were more often significant on average compared to acquirer regressions in 

which the Bank acquirer variable was only significant in the 2-day event window, the 

combined general positive and significant trend allows for drawing conclusions 

regarding the short-term impacts for both acquirers and peers operating in banking.  

Neither the Business acquirer nor Broker acquirer variables yielded statistically 

significant coefficients in the peer models.  

Looking at the set of control variables, the acquirer size variable proxy Acquirer MV(ln) 

was again found to be negative in all four event windows for the acquirers, although 

statistically significant only in the two-day event window. The coefficient of -0.0073 

indicates that for every 1% increase in acquirer equity market value, the subsequent two-

day acquirer CARs decreased by roughly 0.07%. For the peers, the size variable did not 

yield statistically significant results in none of the event windows. Acquirer profitability 

variable, Acquirer ROE, was negative or close to zero in all four event windows for the 

acquirers, although not statistically different from zero. On the contrary, for the peers, 

the Acquirer ROE variable was positive and statistically significant in the three-day and 

seven-day event windows, with coefficients of 0.0021 and 0.0042, respectively. 
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The coefficient estimates for variable % Share acquired was found to be positive and 

statistically significant in the two-day event window for the acquirers and in the two-day 

and three-day event window for the peers. This finding suggests that both acquirers and 

peers enjoyed higher CARs in the given timeframe the larger the percentage share 

acquired was. This finding suggests that not only did investors perceive acquirer's larger 

acquisition shares positively, but also that investors perceived larger shares acquired 

positively from the peers' perspective, once again confirming to the complementarity 

hypothesis.   

The last two control variables, Cash payment and FinTech merger wave, were not found 

to generate statistically significant results in any of the regressions apart from a negative 

and statistically significant Cash payment coefficient estimate of -0.0166 in the 21-day 

event window for the peers. Looking at the acquirer models, the R-squared was highest 

for the model explaining the two-day CARs with an R-squared of 0.13 whilst the lowest 

explanatory power was for the model explaining 21-day CARs, with an R-squared of only 

0.03. This finding is intuitive, as the explanatory power of the acquirer and deal 

characteristics on the CARs are expected to weaken the longer time from the acquisition 

announcement passes. Similar trend is observable in the peer models, with the highest 

R-squared of 0.1 in the two-day event window model and lowest R-squared in the 21-day 

event window, 0.08. 

The third model studied whether acquirer’s previous FinTech acquisition experience 

impacted the subsequent post-announcement returns for the acquirers and peers. The 

main variable of interest was the independent variable Frequent acquirer which took the 

value of 1 if the acquirer had been involved in two or more transactions during the 

studied timeframe and 0 otherwise. Table 15 presents the regression results for the four 

event windows.
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Table 15 OLS regression results, model 3. 
This table presents the results of a multivariate regression model with an independent variable capturing frequent acquirers (a dummy variable taking the value of 1 if 
the acquirer had 2 or more transactions during the studied timeframe and 0 otherwise). The results are presented for all four event windows, with the 2-day event 
window [0,+1] being the main window of interest. T-values based on a standard two-sided t-test are presented in parantheses under each corresponding coefficient 
estimate.  
*** Mark the significance at the 1% level 
** Mark the significance at the 5% level 
* Mark the significance at the 10% level 
 
 

Model 3. [0, +1] [-1, +1] [-3, +3] [-10, +10] 

 Acquirers Peers Acquirers Peers Acquirers Peers Acquirers Peers 

Constant -0.0099 

(0.6340) 

-0.0120 

(-1.637) 

-0.0037 

(-0.1612) 

-0.0231** 

(-2.2025) 

0.0335 

(0.8922) 

-0.0259 

(-1.452) 

-0.0013 

(-0.0264) 

0.0178 

(0.3551) 

FREQUENT ACQUIRER -0.0020 

(-0.3414) 

-0.0014 

(-0.5178) 

-0.0055 

(-0.7579) 

-0.0028 

(-0.9063) 

-0.0112 

(-0.7042) 

-0.0027 

(-0.5799) 

-0.0291 

(-1.302) 

-0.0013 

(-0.1628) 

ACQUIRER MV(LN) -0.0059** 

(-2.069) 

0.0002 

(0.3546) 

-0.0001 

(0.0038) 

0.0008 

(1.148) 

-0.0076 

(-0.7607) 

0.0017 

(1.383) 

-0.0015 

(-0.1273) 

0.0028 

(1.271) 

ACQUIRER ROE -0.0014* 

(-1.775) 

0.0010 

(1.170) 

-0.0008 

(-0.7298) 

0.0020* 

(1.704) 

0.0001 

(-0.1136) 

0.0035** 

(1.998) 

-0.0002 

(-1.291) 

-0.0013 

(-0.4169) 

% SHARE ACQUIRED 0.0217* 

(1.887) 

0.0103* 

(1.860) 

0.0065 

(0.3537) 

0.0156* 

(1.659) 

0.0151 

(0.5868) 

0.0081 

(0.6485) 

0.0251 

(0.8230) 

0.0273 

(-0.6170) 

CASH PAYMENT -0.0005 

(-0.1279) 

-0.0015 

(-0.7307) 

0.0030 

(0.4997) 

-0.0027 

(-0.9949) 

-0.0032 

(-0.2765) 

-0.0035 

(-0.7753) 

0.0152 

(0.9922) 

-0.0141* 

(-1.692) 

FINTECH MERGER WAVE 0.0037 

(0.7394) 

0.0005 

(0.2247) 

0.0083 

(1.429) 

0.0002 

(0.0749) 

-0.0046 

(-0.4275) 

-0.0026 

(-0.5967) 

0.0050 

(0.3437) 

-0.0093 

(1.132) 

Observations 

R2 

Adjusted R2 

F statistic 

 

Normality (Chi-sq) 

Heteroscedasticity (LM) 

160 

0.0270 

-0.0200 

0.7877 

 

27.2408*** 

22.9434 

160 

0.0325 

-0.0136 

1.2632 

 

17.068*** 

17.6535 

160 

0.0270 

-0.0200 

0.7877 

 

27.2408*** 

22.9434 

160 

0.0668 

0.0223 

1.9448 

 

6.0353* 

16.5259 

160 

0.0216 

-0.0239 

0.7849 

 

109.49*** 

24.1319 

160 

0.0554 

0.0105 

1.3819 

 

23.1976*** 

16.2557 

160 

0.0423 

-0.0026 

1.0239 

 

47.1614*** 

19.7989 

160 

0.0475 

0.0022 

1.4273 

 

19.6564*** 

64.0895 
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The regression coefficient for the main variable of interest, Frequent acquirer, was 

negative in all four event windows both for the acquirers and peers. However, the 

coefficient is not statistically significant, implying that no statistical inferences from the 

coefficient can be drawn. On the other hand, the coefficient controlling for acquirer’s 

size, Acquirer MV(ln),  was found to be weak but negative in the two-day event window 

for the acquirers. The coefficient of -0.0059 implies that for every 1% increase in acquirer 

equity market value, the two-day CARs decrease by 0.59%. This finding is in line with 

the coefficient estimates for the two previous models, which both indicated there to be a 

negative relationship between acquirer size and two-day CARs. In contrast, the 

coefficient estimates for the size variable were positive in all four event windows in the 

peer regressions, although not statistically significant.  

Another variable with significant coefficients is that of Acquirer ROE, which in the 

acquirer regressions has a negative coefficient of -0.0014 in the two-day event window, 

implying that more profitable acquirers tend to suffer slightly lower two-day CARs. In 

contrast, the peer regressions show a statistically significant but positive coefficients for 

the same variable in the three-day and seven-day event windows, being 0.0020 and 

0.0035, respectively. These findings are interesting, as they seem to suggest that 

investors perceive more profitable acquirers' acquisition announcements slightly more 

negatively, while higher acquirer profitability yields higher cumulative abnormal returns 

for the peer groups following an acquisition announcement. 

The variable % Share acquired is also statistically significant in the two-day event 

window for both acquirers and peers, with positive coefficient estimates of 0.0217 and 

0.0103, respectively. Furthermore, the peer group regressions show a positive coefficient 

estimate (0.0156) for the variable also in the three-day event window. These findings 

support those of earlier models, which all suggested there to be a positive relationship 

between the percentage share acquired and acquirer and peer returns when looking at 

specific event windows. The coefficient has positive estimates in all regressions, although 

statistically insignificant in the remaining event windows.  

The remaining control variables, Cash payment and FinTech merger wave, yielded both 

mainly statistically insignificant estimates with varying signs depending on the event 

window. Only the Cash payment variable had a statistically significant and negative 

coefficient estimate of -0.0141 in the 21-day event window in the peer regressions. As 

such, no comprehensive statistically verified conclusions can be drawn from these 

estimates, which seem not to exert explanatory power over the CARs in the model.  
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Looking R-squared values, which for Model 3 are the lowest of all three models, the 

values take a range from a low of 0.02 in the acquirer 7-day CAR model to a high of 0.07  

in the peer group 3-day CAR model, indicating that the chosen variables in Model 3 do 

very little in explaining variations in the acquirer and peer CARs.   
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7 DISCUSSION OF RESULTS 

In this section, the generated empirical results will be discussed in the context of the 

theoretical framework and selected previous research. Potential limitations and 

drawbacks with regards to this study are then presented and discussed, followed by 

suggestions for future research in the field of FinTech M&A.  

7.1 Results in relation to previous research 

7.1.1 Disruptive innovation or complementarity? 

Through utilizing an event study methodology, this study attempted to capture whether 

FinTech acquisition announcements had an impact on the subsequent stock returns of 

the FinTech acquirers and their peers, companies similar in size and operating in the 

same industry sector. The generated results were expected to shed light on how FinTech 

acquisitions comply with the general theory on mergers and acquisitions as well as assess 

whether peer companies view FinTech acquisitions disruptive or whether the impact 

signals positive complementarity effects. 

The findings generated in this study suggest that acquirer stock returns were not 

impacted neither negatively or positively by the acquisition announcements, as 

suggested by the statistically insignificant average abnormal returns and cumulative 

average abnormal returns for all of the four event windows. Although the event-day 

average abnormal return was positive (2.39%) and the two-day CAAR (2.29%) also 

indicated a positive initial reaction, the obtained results were not statistically significant 

from zero. These findings are in contrast to those of Dranev et al. (2019), who found that 

acquirers enjoyed a statistically significant positive short-term stock impact following a 

FinTech acquisition.  

When comparing the opposing results, one explanation may be the considerably smaller 

size of FinTechs - especially when considering the large average size of an acquirer 

included in this study's sample (see Figure 2), FinTech targets may be too small to have 

a significant impact on traditional industry players, as discussed by Li et al. (2017). 

Another explanation may be the more limited geographical context as well as differences 

in the applied definition of FinTech when compared to research context applied by 

Dranev et al. (2019). However, although the results did not comply with the hypothesis 

of synergy effects, several other researchers focusing on M&A effects have reached 

similar conclusions: for instance, Hankir et al. (2011) found the aggregate deal 

announcements to have positive, but statistically insignificant impact on acquire returns.  
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Furthermore, some theories on mergers and acquisitions prove possible explanations for 

the generated findings suggesting no positive stock impact. Given that FinTech firms are 

often smaller in size and possibly valued high, as it often is the case with rapidly growing 

technology companies (Festel et al., 2013), investors may perceive the transaction to be 

merely a transfer of wealth from the acquirer to the target, creating no synergy effects 

(Berkovitch and Narayanan, 1993). Investors may also perceive that the acquiring 

company pays too high price for the FinTech target as a result of erroneous valuation, 

resulting in non-positive or no significant stock response (Roll, 1986). As such, the 

generated findings could indicate support for the hubris hypothesis, according to which 

investors view transactions involving highly valued targets to be occurring merely due to 

managers making incorrect inferences related to transaction gains, resulting in the net 

gain to be zero for the acquirer.  

This study also focused upon the impact FinTech acquisition announcements had on the 

acquirers' peers' stock returns. The generated empirical findings suggest that the peers 

enjoyed positive cumulative average abnormal stock returns in the 2-day (0.10%) and 3-

day (0.18%) event windows, capturing the short-term reaction following an 

announcement. This study pioneers in assessing the impact of the FinTech acquisition 

announcements not only on the acquirers but also on the peers operating in multiple 

industry sectors. Given this contribution, the obtained results offer an interesting 

comparison point to similar future studies. 

These findings are in support of the previously presented complementarity hypothesis, 

according to which new emerging technologies are not viewed as disruptive but rather 

complementary to existing service offerings. Peer group firms may respond positively to 

their competitors' acquisition announcements if they view the transactions as 

possibilities for themselves to seek value-adding acquisition targets in order to 

complement their existing operations. Peers may also view their competitors' FinTech 

announcements positively in case they believe to be able to gain benefits from shared 

best industry practices or through learning from incumbent firms' technological 

advancements. 

In addition, the collusion hypothesis offers another explanation for the generated 

findings. In a similar manner to this study, a paper by Shahrur (2005) found there to be 

positive wealth effects for the acquiring firms' rivals following an acquisition 

announcement. Shahrur (2005) explains the findings through collusion hypothesis, 

according to which the reduced number of firms in the takeover industry translates to 
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lower costs of monitoring collusion, increases the ability of industry rivals to collude as 

well as results in higher monopoly rents (Eckbo, 1983). In addition, peer firms are 

theorized to benefit from merger activity according to the buyer power hypothesis: as 

firms merge and build bigger entities, the post-takeover competition among supplier 

candidates intensifies, which in turn benefits the peers through increased negotiation 

power (Snyder, 1996). Given these theoretical premises, the initial positive impacts of 

announcements observed in the peer group returns could be explained through the 

potential perks industry consolidation allows them to enjoy. 

All in all, the findings related to acquirer and peer group stock returns following FinTech 

M&A announcements simultaneously partly oppose those of previous studies but also 

show support for several general theories explaining post-announcement stock 

reactions. The inconclusiveness of the results generated in previous studies as well as the 

vast amount of existing theories proves that there does not seem to be an all-

encompassing explanation for determining post-acquisition stock returns, as suggested 

also by this study. However, the evidence does point strongly to complementarity effects 

resulting from FinTech M&A for the acquiring firms' peers, a finding supported also by 

previous research. 

7.1.2 Deal characteristics 

In addition to studying stock price reactions upon FinTech acquisition announcements, 

this study aimed to find out whether certain deal characteristics had an impact on the 

observed cumulative abnormal returns. The empirical study focused on three aspects, 

namely how acquirers and peers respond to acquisitions depending on in which FinTech 

sector the target operates in, whether the acquirer’s or peer’s industry affiliation matters 

in determining the stock returns and lastly, whether acquirer’s previous acquisition 

experience impacts the subsequent stock returns. Moreover, a set of control variables 

was incorporated into each model.  

The empirical results indicate that for the acquirers, acquiring a cybersecurity FinTech 

had a positive impact on the acquiring company's cumulative abnormal returns in three 

of the four event windows. This finding is also in line with that of Chen et al. (2019), who 

found cybersecurity to be among the most value adding FinTech sectors to the financial 

services sector at large. This finding seems intuitive in the era of digital transformation, 

given the growing need for cybersecurity considerations in all business operations across 

industries. Another theoretical perspective offering support for this finding is that of the 
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RBV theory, according to which a company's competitive position is determined by the 

resources it possesses, with rare capabilities and skills translating into competitive 

advantages. Due to the sensitive nature of cybersecurity considerations, acquiring 

cybersecurity know-how and managing the competency as an internal resource may be 

viewed as a greater competitive advantage by investors than outsourcing the work to a 

cybersecurity consultancy, for instance.  

When focusing on the acquirers' and peers' industry affiliation and its impact on the 

observed cumulative abnormal stock returns, the empirical results suggest that acquirers 

and peers operating in the banking sector seem to exhibit a more positive initial stock 

response to FinTech acquisition announcements compared to firms operating in general 

business, brokerage or insurance technology sectors. This finding is in line with that of 

Li et al. (2017), who found support for complementarity effects between FinTechs and 

the banking sector.  These results suggest that although wide in their scope, the positive 

impact of FinTechs technological advancements and operational efficiency 

improvements are most positively viewed in the context of banking. This finding is 

intuitive, but perhaps as the FinTech industry matures and the range of service offerings 

widens, future studies may capture different results.  

To further support the theories of complementarity and collusion effects, the empirical 

results indicated there to be a general positive impact of a larger share acquired for both 

the acquirers' and peers' stock returns. Larger share acquired does not only signal greater 

opportunities for acquiring firms' peers to acquire FinTech know-how themselves in the 

future, but also signals greater complementarity effects and value-add for the acquirers 

and peers alike. Furthermore, the empirical results suggested there to be a general 

negative relationship between acquirer size and profitability on the acquirers' two-day 

cumulative abnormal returns. This finding is not surprising in the light of agency theory: 

larger and more profitable acquirers may be viewed to engage in empire building or to 

utilize the firm's cash flow in incentives that benefit the company management at the 

expense of shareholders (Berkovitch & Narayanan, 1993). Investors may even be more 

sensitive to this sort of thinking when it comes to FinTechs, as FinTech targets are often 

relatively small in size and hard to value accurately due to their advanced technological 

nature. 

To summarise, the empirical results related to deal characteristics do support the 

findings of several previous studies on FinTechs as well as general theories on mergers 

and acquisitions. Not only do the findings offer further support for the complementarity 
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hypothesis, but also point to a possible presence of agency motive considerations in 

investor behavior and highlight cybersecurity targets as ones bringing the most value-

add to acquirers. Although the regression results were in most part inconclusive with 

regards to the relationship between the dependent and independent variables, the results 

of this study do work as a preliminary basis for further research and discussion related 

to deal characteristics impacting stock returns post-FinTech transactions. 

7.2 Discussion of potential problems  

Given that an event study was conducted to assess whether the acquisition 

announcements had an impact on the acquirer and peer group abnormal returns, the 

findings are sensitive to the shortcomings of the chosen methodology (see section 5.2.3). 

Perhaps one of the most pressing issues with regards to the chosen methodology is that 

the event study method only captures the so called ”surprise effect” observed in stock 

returns around the event date. As such, it does not account for the possible rumors and 

information that has leaked to the market already prior to the announcement, which may 

have substantial impacts on the observed abnormal returns. However, given that this 

study’s empirical setting closely follows those of previous similar studies which also 

suffer from the same methodological shortcoming, the obtained results in this study do 

provide an interesting and useful comparison point to similar studies conducted.   

7.3 Proposals for further research 

Technological transformations are rapidly changing business operations in all industry 

segments. As many firms operating in the financial services sector are aiming to increase 

their technological know-how, acquiring companies from the rapidly expanding FinTech 

sphere may be a viable option. Given this, the topic is expected to continue to be of 

academic interest also in the future. 

This study attempted to generate pioneering findings related to the impact FinTech M&A 

announcements have on the acquirers' and competitors' stock returns in a given sample 

of transactions. Due to the limited scope of the study, the time frame was limited to nine 

years and the geographical context to that of the United States. However, given that the 

prominence of FinTechs has not only grown in magnitude since the end of 2018 but also 

expanded more widely to other countries apart from the United States, an interesting 

point for future studies would be to study the same phenomenon in a different 

geographical context as well as to include more recent deals in the studied sample. As 

FinTechs have become more common and known after the so-called FinTech merger 
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wave years of 2017-2018, the impact of FinTech acquisition announcements on stock 

returns may be very different today compared to the time periods covered in this study. 

As such, this study's results also prove an interesting comparison point for similar future 

studies in the field. 

When it comes to studying FinTechs, perhaps the most pressing need for future research 

is to establish a definition and a way of sampling FinTech firms in the most accurate 

manner possible. Previous studies have applied both industry code classifications as well 

as textual reference-based machine learning techniques for building FinTech samples 

(see i.e. Chen et al., 2019; Dranev et al., 2019). Given the multiple ways of sampling 

FinTechs, the comparability of different studies becomes challenging as well as the loose 

definitions applied may raise questions regarding the accuracy of the obtained results' 

relevance to FinTech firms specifically. Perhaps further researchers interested in the 

field, with the help of industry listings and more sophisticated machine learning 

techniques, may be able to overcome this challenge and generate even more accurate and 

interesting academic research on FinTech in the future. Furthermore, as FinTechs gain 

prominence, the data availability may allow future studies to focus on FinTech target 

stock reactions to M&A announcements or more closely study the value-add of FinTech 

M&As covering longer time periods. As the industry grows and matures, the academic 

research possibilities become greater by the day. 
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8 CONCLUSION 

This study explored how FinTech M&A announcements impact stock returns of the 

acquiring companies and the acquiring companies’ peers. The aim of the study was to 

answer the following research question: ”How does FinTech M&A announcements 

impact the stock returns of the acquirer and the acquirers’ peers?”. Through studying 

the impacts of FinTech M&A in this two-fold manner, this study wanted to gain 

understanding of the hypotheses of complementarity and disruptive innovation. The 

research hypothesis presupposed that M&A acquisition announcement would result in a 

positive impact for the acquirers due to increased synergy opportunities, whereas for the 

peers the impact would be negative, signaling potential competitive disadvantage. 

To answer the research question, the empirical results of this study imply that for the 

sample of FinTech acquirers, no statistically significant stock return impact is felt upon 

announcing an acquisition. This finding counters the research hypothesis but is not 

totally contradicting when considering previous research findings on acquirer abnormal 

returns, which to date have been inconclusive. Further, the findings do indicate support 

for the hubris hypothesis. On the contrary, this study found evidence of short-term 

positive stock reaction for the acquiring companies’ peers following an acquisition 

announcement. Although weak in magnitude, the positive reaction signals support for 

the complementarity hypothesis, according to which FinTechs are not viewed as a 

disruptors putting non-acquirers to competitive disadvantage, but rather as 

complementary to existing service offerings. As such, acquisition announcements could 

signal potential value-adding acquisition opportunities or increased benefits of collusion 

for the peers, resulting in positive stock reactions.  

In order to gain a deeper understanding of what drives the observed cumulative 

abnormal returns, the effect of various factors was tested through multivariate 

regressions. The results gave initial indication of cybersecurity targets being the most 

value-adding target group for the acquiring companies. Furthermore, acquirers and their 

respective peers operating in the banking sector were found to respond most positively 

to FinTech acquisition announcements. These findings were in line to those of previous 

research, which have found support for complementarity effects between FinTech and 

the banking sector as well as highlighted cybersecurity as one of the most value adding 

FinTech sectors for the financial industry at large. Acquirer size and profitability were 

found to have a negative relationship with acquirer short-term stock returns, providing 
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an indication of investors’ potential agency problem considerations in FinTech 

acquisitions. 

The concept of FinTechs and their impacts on traditional industries will only grow in 

importance as the ongoing “technological revolution” accelerates, impacting all 

industries. This study pioneered in attempting to assess the impact of FinTech M&A in a 

two-fold manner. The study contributed to the existing academic literature not only by 

shedding light on the peer group stock reactions upon their competitor’s FinTech M&A 

announcements not studied previously, but also utilized a manually screened sample of 

FinTech transactions which ensured that the sample was most accurately related to 

FinTech. The generated findings do give an indication that future FinTech M&A activity 

may indeed continue to be active, given the peer groups’ positive perceptions that were 

detected.  

As the technological development in the financial sector accelerates, businesses have 

only one option: to adapt. Although the era of Fintech may have just begun, the evidence 

points to that FinTechs are here to stay. Future academic research will be at the forefront 

of paving an understanding to the unknown powers and possibilities of future’s financial 

technology – an understanding to which this study hopes to leave its mark. 
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APPENDIX 1 SAMPLE CRITERIA 

The following initial criteria was applied in the Bloomberg database on mergers and 

acquisitions in order to screen transactions in which the acquirer was operating in 

banking, financial or insurance sectors and in which the target operated in technology 

sectors, as follows: 

Table 16 Detailed initial selection criteria applied in Bloomberg 
The following table presents the detailed industry criteria applied to both acquirers and peers as well as 
targets when screening for FinTech transactions in Bloomberg M&A database. All transactions obtained 
using these criteria were further manually searched to ensure that the transaction target met the definition 
of a FinTech company. 
 

 

Applied to the acquirers and peers 
 

Applied to the target 
 

Banks Applications Software 

Commercial Services – Finance Commercial Services – Finance 

Diversified Financial Services Computer Aided Design 

Finance – Consumer Loans Computer Data Security 

Finance – Credit Card Computer Graphics 

Finance – Leasing Companies Computer Services 

Finance – Mortgage Loan/Banker Computer Software 

Finance – Other Services Computers-Integrated Systems 

Insurance Data Processing/Management 

 E-Commerce/Services 

 Electronic Design Automation 

 Enterprise Software/Service systems 

 Finance-Consumer Loans 

 Internet Financial Services 

 Optical Recognition Equipment 

 Software Tools 

 Transactional Software 

 Virtual Reality Products 

 Virtual Reality Products 
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After applying the criteria listed in Table 16, all transactions were screened through 

manually in order to ensure that the target company clearly mentioned one of the below 

key words in their company description obtained from their official website: 

 

Table 17 Key words used for screening target company descriptions  
This table presents the key words related to FinTech that were used when screening for target company 
websites and descriptions to ensure that the target company fits the description of a FinTech firm. If one 
of the below words were included in the company’s description of their operations, the transaction was 
included in the final sample. 
 

FinTech key words 

FinTech IoT 

Analytics Cryptocurrency 

Blockchain Cybersecurity 

Peer-to-peer Mobile payments 

Robotics Mobile transactions 

Robo-advisory Smart wallets 

Internet of Things Smart contracts 

Artificial Intelligence Big Data 

Machine Learning P2P 

Public Key Infrastructure Cryptography 

Smart devices Cloud computing 

InsurTech POS software (Cloud-Based-Point-of-Sale) 

Digital currency Software-as-a-Service (SAAS) 

RegTech Digital Lending 
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APPENDIX 2 PEARSON’S CORRELATION COEFFICIENT MATRIX 

Table 18 Variable correlation matrix 

 Business 
acquirer 

Bank 
acquirer 

Broker 
acquirer 

Acquirer 
market value 

Acquirer 
ROE 

Cyber 
target 

Analytics 
target 

P2P 
target 

Payment 
target 

Share 
acquired 

Frequent 
acquirer 

FinTech 
merger 

wave 

Cash 
only 

payment 

Business 
acquirer 

1 -0.38 -0.31 0.09 0.36 -0.02 0.13 -0.13 -0.02 -0.02 0.22 -0.14 -0.15 

Bank acquirer -0.38 1 -0.36 0.16 -0.14 0.14 -0.42 0.10 0.36 0.02 0.10 0.17 0.18 

Broker acquirer -0.31 0.36 1 -0.02 -0.12 -0.08 0.43 -0.12 -0.32 -0.09 -0.05 -0.07 -0.07 

Acquirer market 
value 

0.09 0.16 -0.02 1 0.12 0.15 0.02 -0.27 0.09 0.10 0.28 0.17 -0.11 

Acquirer ROE 0.36 -0.14 -0.12 0.12 1 -0.04 0.05 0.08 -0.10 0.05 0.14 -0.08 -0.10 

Cyber target -0.01 0.14 -0.07 0.15 -0.04 1 -0.24 0.11 -0.18 0.09 0.17 0.22 0.02 

Analytics target 0.13 -0.42 0.43 0.02 0.05 -0.24 1 -0.37 -0.58 -0.08 0.10 -0.14 -0.19 

P2P target -0.13 0.10 -0.12 -0.27 0.08 -0.11 -0.37 1 -0.28 0.04 -0.15 -0.09 0.23 

Payment target -0.02 0.36 -0.32 0.09 -0.10 -0.18 -0.58 0.28 1 -0.02 -0.06 0.08 0.03 

Share acquired -0.02 0.02 -0.09 0.10 0.05 0.09 -0.08 0.04 -0.02 1 -0.11 0.08 -0.09 

Frequent 
acquirer 

0.22 0.10 -0.05 0.28 0.14 0.17 0.10 -0.15 -0.06 -0.11 1 -0.14 0.09 

FinTech merger 
wave 

-0.14 0.18 -0.07 0.17 -0.08 0.17 -0.08 0.22 -0.14 -0.09 -0.14 1 -0.04 

Cash only 
payment 

-0.15 0.18 -0.07 -0.11 -0.10 0.02 -0.19 0.23 0.03 -0.09 0.09 -0.04 1 

 


