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Abstract 

I examine whether an acquiring firm benefits in the acquisition of a FinTech firm in terms 

of improved firm performance or declines in firm risk. I employ three different 

methodologies to examine the relation between FinTech acquisitions and their impact on 

the acquiring firm performance and risk: the change model, the intercept methodology, and 

difference in differences methodology. Specifically, I compare a sample of FinTech 

acquirers to two different reference groups: non-FinTech acquirers and the FinTech 

acquirer’s industry peers.   The performance results are sensitive to performance metric 

and benchmark, but there is mixed evidence that the performance of FinTech acquirers 

improves after the acquisition of a FinTech firm.  All methodologies and benchmarks 

employed provide evidence that the FinTech acquirers experience declines in their risk 

profiles after the acquisition. Understanding the nuances of the impacts of FinTech 

acquisitions on acquiring firm’s performance and risk is important for managerial decision 

making, especially as financial services firms grapple with the disruptions to the traditional 

financial services business model caused by FinTech innovation. 
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Chapter 1: Introduction 

Digitalization has changed how financial services firms interact with their 

customers and conduct their back-end operations. FinTech is the term given to financial 

service firms whose product or service is built upon technology, often resulting in highly 

innovative, pioneering services.  In short, FinTech is an industry comprised of companies 

that use technology to make financial systems and the delivery of financial services more 

efficient. FinTech is commonly categorized into four sub-segments: payments, lending, 

investing services, and insurance (InsurTech). A common objective for most FinTech 

companies in all of these sub-segments is to disrupt industries through disintermediation, 

moving toward peer-to-peer services such as Uber, Paypal, Lending Club and AirBnB. 

FinTech has become one of the fastest growing areas of finance in recent years. Global 

investment in the burgeoning FinTech sector has grown exponentially from $928 million 

in 2008 to $150 billion in 2020.  

Though the financial services industry has a long history of technology adoption 

and integration, FinTech start-up companies have caused significant disruption in the 

finance sector over the past decade (Arner et al., 2015).  Examples of recent FinTech 

disruptions include  peer-to-peer lending businesses, digital payment apps, stock trading 

apps, robo-advising services, blockchain distributed ledgers, and cryptocurrencies 

(Döderlein, 2018; Nuyens, 2019). These technologies are changing the way that people 

manage their finances.  More consumers are adopting FinTech alternatives over time; Ernst 

and Young (2017) reported a 106% increase in the number of digitally active consumers 

that utilize FinTech services between 2015 and 2017. This increased adoption of FinTech 

is not lost on traditional financial services firms; survey results indicate a growing number 
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of financial service practitioners view FinTech innovation as a necessary part of their future 

business models and recognize that it will have ramifications on their operational 

effectiveness and efficiency (Culture and Conduct Risk, 2018). 

For legacy financial services firms, one potential path to gain access to FinTech 

technologies is through investment in research and development. However, the rapid pace 

of innovation in finance has caused some traditional financial services firms to adopt a 

merger and acquisition (M&A) strategy (Döderlein, 2018; Franklin, 2019; Gejke, 2018; 

Mnohoghitnei et al., 2019).  As an example of the latter, Goldman Sachs acquired five 

different financial and technology companies between April 2016 and May 2019: 1) GE 

Capital, a consumer bank; 2) Bond Street, a small business lender; 3) Final, a consumer 

credit card; 4) Clarity Money, a personal finance app; and 5) United Capital, a digital 

advising platform (Goldman, 2019; Goldman, 2016; Hoffman, 2017).  The collection of 

these FinTech acquisitions has enabled Goldman to subsequently launch two new 

businesses: Marcus, a fully online consumer bank, and the Apple credit card(Apple, 2019; 

Goldman, 2016). Interestingly, in a July 2019 analyst call, Goldman CFO Stephen Scherr 

noted that those two businesses had generated a pre-tax loss of $1.3 billion (Transcript of 

GS Earnings Conference Call, 2019).  He also conveyed that management was very 

conscious of the risk implications of these two businesses and expected them to begin 

making positive contributions to return on equity ROE as the businesses developed over 

time (Transcript of GS Earnings Conference Call, 2019).  Anecdotes such as this example 

naturally raise questions about the impact of an acquirer’s M&A strategy in the FinTech 

space on its post-acquisition operating performance and risk profile.   
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Previous research has hinted that FinTech innovation can improve both the 

customer experience and back office efficiency while maintaining or decreasing risk.  For 

example, technology-based lenders have been shown to process mortgage applications 

20% faster than traditional lenders without negative consequences for default rates (Fuster 

et al., 2019).  Robo-advisors have been found to improve customer accessibility to financial 

advising and offer more cost effective products than traditional wealth management firms 

(Nowak, 2017).  Similarly, artificial intelligence models have demonstrated higher 

efficiency and better accuracy in assessing credit risks than traditional models used in the 

finance industry (Van Thiel & Van Raaij, 2019).  Collectively, these innovations have the 

potential to offer improvements in performance through a competitive advantage, 

efficiency gains, and/or risk reduction.  However, there is very little research to date 

exploring the outcomes of integrating FinTech innovations through an M&A strategy.  

This dissertation seeks to examine the impact of an acquisition of a FinTech firm 

on the acquiring firm’s post-acquisition operating performance and risk.  Prior M&A 

studies examining the impact of an acquisition on the acquirer firm’s operating 

performance and risk profile yield inconsistent and nuanced results that may not be 

generalizable to the finance industry. Therefore, the research in this dissertation examines 

the following research question: 

 

Do acquirers of FinTech firms benefit in terms of improved post-acquisition 

operating performance or decreased firm risk? 
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This dissertation addresses three relevant gaps in the literature.  First, it contributes 

to an emerging body of research exploring the impact of the FinTech revolution in financial 

markets. The literature to date in the FinTech space is largely descriptive (e.g. Arner, 

Barberis, & Buckey, 2016; Arner et al., 2015 EY, 2018; Deloitte, 2017; English et al., 

2019, KPMG, 2019) or explores outcomes of specific innovations such as crowdfunding 

(e.g. Belleflamme et al., 2014; Johnson et al., 2018; Mamonov & Malaga, 2019) and 

changes in payment systems (e.g. Ketterer et al., 2016; Parlour et al., 2017). The disruption 

of FinTech innovations has extorted calls for research to address how FinTech firms are 

changing the financial services industry structure and organization (Kavuri & Milne, 2019; 

KPMG, 2019).  Thus, the first aim of this dissertation is to examine one strategy, M&A, 

that financial services industry incumbents may pursue to confront the disruption.  To my 

knowledge, only one other study has examined the impact of FinTech-related acquisitions 

on post-acquisition acquiring firm performance.  In that study, Dranev et al. (2019) 

examine abnormal stock returns around the announcement of a FinTech firm acquisition. 

However, there is considerable evidence that short-term stock returns around M&A 

announcements do not necessarily translate into operating performance gains or losses in 

the long run (Andrade et al., 2001a; Renneboog & Vansteenkiste, 2019).   

Second, while there are many studies that explore short-term stock market 

performance around M&A announcements, fewer studies explore the longer-term impact 

of the acquisition on post-acquisition operating performance or firm risk. Existing studies 

are marked with inconsistent results (Andrade et al., 2001a; Renneboog & Vansteenkiste, 

2019). Risk reduction may be an important motivation of a M&A strategy, particularly in 

the financial services industry. To my knowledge, none of the studies that explore the 
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impact of an acquisition on operating performance account for potential changes in firm 

risk.  By examining the impact of a FinTech firm acquisition on firm performance and firm 

risk jointly, this study will add depth to the literature on the outcomes of an M&A strategy.  

Finally, in a review of the M&A literature to date, I show that the examinations of 

risk in the M&A literature have been handled mostly with univariate comparisons of 

changes in average risk before and after an M&A transaction.  There does not appear to be 

a consistent methodology utilized across studies that enable comparison of results between 

samples.  Further, univariate tests do not control for other potential drivers of risk and the 

potential endogeneity that may exist in the sample selection.  Thus, this dissertation seeks 

to address this gap in the M&A literature by employing a difference-in-differences 

methodology to analyze potential changes in the acquiring firm’s risk profile before and 

after an M&A event, while controlling for known risk covariates.  

The rest of the dissertation is structured as follows. Chapter 2 provides a review of 

the relevant literature. In Chapter 3, the hypotheses are developed. Chapter 4 outlines the 

methodology to examine the results, and Chapter 5 discusses the data and provides 

descriptive statistics. Chapter 6 presents the results, and in Chapter 7 the conclusion is 

discussed.  
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Chapter 2: Literature Review 

 This synthesis of the FinTech and M&A literature is intended to motivate the 

research question in this disseration, further clarify the contributions of my study, and to 

provide details of the important historical results and methodologies which inform the 

analysis that I will employ. I begin with a broad discussion of the FinTech literature, in 

which I ultimately seek to position my research in the FinTech space.  After that, I 

summarize the M&A literature and provide specific results and methodologies that relate 

to the analysis of a firm’s operating performance and risk for firms that engage in M&A 

activity. Finally, I discuss the narrow set of studies that are most relevant to the 

considerations of a FinTech M&A sample. 

 

2.1 The Emergence of FinTech 

Several scholars argue that the 2008 global financial crisis led to the rapid growth 

and the emergence of FinTech as we conceptualize it today (Arner et al., 2015, 2016; 

Buchak et al., 2018; Haddad & Hornuf, 2019; Shim & Shin, 2016).  Together, these studies 

offer four market forces that interacted to create the conditions necessary for a FinTech 

“revolution”. First, the financial crisis eroded consumer trust in traditional financial 

services and laid the groundwork for consumers to look elsewhere for financial solutions 

(Arner et al., 2015; Gozman et al., 2018; Guiso et al., 2013).  Second, the financial crisis 

spurred the passage of new regulation, such as the Dodd Frank Act and Basel 3, that 

facilitated a culture of increased transparency (Alexandridis et al., 2017; Arner et al., 2015).  

The new regulations resulted in an increased regulatory burden for incumbents in the 

financial services, which decreased their ability to innovate (Alt et al., 2018; Buchak et al., 
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2018).  Third, in the aftermath of the financial crisis, many educated and experienced 

financial professionals lost their jobs or found their salaries reduced.  This created a surplus 

of employees qualified to move into the emerging FinTech space (Gomber et al., 2018; 

Gozman et al., 2018; Muthukannan & Gozman, 2019).  Finally, the financial crisis 

increased the cost of debt for many small firms (Haddad & Hornuf, 2019).  In response, 

passage of the Jobs Act in 2012 opened up alternative financing outlets for startups, which 

not only led to the development of crowdfunding platforms but also expanded financing 

options for other FinTech companies to grow (Arner et al., 2015).  

Set in this context, it is no surprise that Buchak et al. (2018) found that the market 

share of shadow banks nearly doubled between 2007 and 2015.  Using a difference-in-

differences methodology, the authors show that increases in regulatory burden are 

associated with market share growth and expanded lending of shadow banks, and that the 

increase in shadow banking is timed with new regulatory requirements. These results lend 

support for the notion that the rise of FinTech companies is linked to changes in the 

regulatory environment.  The authors also find evidence that FinTech shadow banks 

generate cost savings and provide conveniences to customers, which also supports the idea 

that improvements in technology and innovation that lead to cost savings and convenience 

attract customers to FinTech firms.   

Moreover, Haddad & Hornuf (2019) argue that the supply of FinTech startups 

might be driven by the entrepreneurs willing to start a new venture, such as investment 

bankers who lost jobs in the financial crisis.  Indeed, they find that FinTech startups are 

more prevalent in countries with a larger labor market. Likewise, they find that FinTech 

startups are more prevalent in countries with more developed economies and venture 
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capital markets. Additionally, this study supports the idea that the 2008 financial crisis was 

a main driver of the emergence of the FinTech revolution and illustrates the truly disruptive 

force that the FinTech revolution has had on the financial industry. It also motivates a need 

to understand how FinTech is impacting incumbent traditional financial services firms.  

To date, research relating to the performance of FinTech companies remains largely 

descriptive.  However, one key theme surfaces from this emerging stream of research: 

FinTech companies are nimble and are able to adapt to seize opportunities. Riemer et al. 

(2017) examine smaller FinTech firms that have emerged in Australia and find that they 

deliver value to customers by capitalizing on price, convenience, access, choice, and 

community. In a case study, Leong et al. (2017) show that FinTech companies excel at 

identifying challenges of  customers at traditional financial institutions and developing 

suitable solutions.  This nimbleness is noted by a capability to sense the market and utilize 

technological resources to quickly adapt business models and products (Kazan et al., 2018).  

Thus, the current evidence supports the idea that FinTech companies are prevalent and 

growing quickly. Further, they are competitively positioning themselves by continuously 

reading the pulse of consumers and developing solutions that fit their needs. 

Given the disruption caused by FinTech companies in the financial services 

industry, incumbent financial firms are actively seeking to adapt their business models in 

order to maintain their market shares. In a recent survey report, PricewaterhouseCooper 

(PWC) note that up to 28% of business in banking and payments and 22% of business in 

insurance, asset management, and wealth management are at risk to FinTech start-ups 

(PWC, 2016). Consequently, one recommendation from the survey is for incumbent firms 

to engage in partnerships with these FinTech newcomers to mitigate this risk as well as 
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improve operating efficiency and the customer experience. In turn, FinTech startups may 

also benefit from such partnerships to overcome existing barriers around access to capital, 

scalability of solutions, compliance with financial regulations, and customer acquisition 

costs (Riemer et al., 2017).  Supporting this idea, Ernst and Young (EY) reports that legacy 

banks struggle to develop and embed innovative technology in their business models. As a 

result, the report finds that banks of all sizes engage in M&A of FinTech companies as one 

strategy to address this challenge (Unleashing the Potential of FinTech in Banking, 2017).   

 

2.2  Mergers and Acquisitions 

In a seminal article, Manne (1965) conceptualized corporate takeovers as a market 

for corporate control.  This concept has since been defined as “a market in which alternative 

managerial teams compete for the rights to manage corporate resources” (Jensen & 

Ruback, 1983, p. 6).  Takeovers occur through three different modes: merger, tender offer, 

or proxy fight (Manne, 1965), and they can sometimes involve elements of all three 

processes (Jensen & Ruback, 1983). Mergers are typically friendly affairs that are 

negotiated between management teams, approved by the board of directors of both firms 

and the target firm shareholders.  Tender offers are offers to purchase shares directly from 

the shareholders of the target.  Proxy contests occur when a group seeks to obtain enough 

proxy votes to gain control of the board of directors (Jensen & Ruback, 1983; Manne, 

1965).   

To date, M&A literature notes many potential reasons why firms may utilize a 

M&A strategy.  Such a strategy can enable companies to expedite growth, expand product 

offerings, and gain access to new markets, technologies, patents and trade secrets.  
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Additionally, such acquisitions may reduce competition, improve access to capital, avoid 

foreclosures by suppliers, and/or relieve tax burden through cross-border subsidiaries 

(Renneboog & Vansteenkiste, 2019).  However, the hubris hypothesis and the 

overconfidence hypothesis both state that managers may overestimate their ability to 

identify deals that will add value (Heaton, 2002; Malmendier & Tate, 2005; Roll, 1986).  

Related theory states that CEO narcissism may lead managers to pursue deals that place 

them in the spotlight rather than seeking deals that enhance firm value (Aktas et al., 2012). 

Thus, theory supports the idea that a M&A strategy has the potential to improve acquiring 

firm performance through many different channels, but managerial discretion may have 

negative impacts on the outcomes of the deal.  

In terms of empirical findings, the M&A literature has been evolving since the 

1960s and is still an active area of research in finance, management, and strategy literature.  

From a historical perspective, there are two themes from the market for corporate control 

literature that motivate the study and methodology of long run performance after an M&A 

action.    

The first theme relevant to my analysis is that mergers occur in waves and tend to  

cluster by industry (Golbe & White, 1993; Jensen, 1993; Mitchell & Mulherin, 1996). 

Merger waves and industry clustering indicate herd-like behavior in the utilization of a 

M&A strategy.  Golbe & White (1993) show that takeover activity can be modeled by a 

series of sine curves. In a complementary line of research, Jensen (1993) argues that merger 

activity since the 1970s can be attributed to supply and technology shocks. Mitchell & 

Mulherin (1996) show that a considerable amount of the M&A activity in the 1980s was 

in response to industrywide shocks such as deregulation, oil price shocks, and financial 
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innovations. They document significant clustering of target firms by industry in the 1980s 

(Mitchell & Mulherin, 1996).  Additionally, Andrade & Stafford (2004) show that 

acquiring firms also cluster by industry.  

The second relevant theme from the M&A literature involves studies investigating 

post-acquisition long run performance.  The traditional assumption has been that the 

immediate stock returns around the announcement of an M&A transaction incorporate all 

the information about the value of the merger (Andrade et al., 2001).  However, a number 

of studies examining long-run performance find a negative drift in acquiring firm stock 

prices over the long run. In fact, the negative drift outweighs the initial positive combined 

stock price reaction at the time of the merger announcement (Lakonishok et al., 1994; 

Loughran & Vijh, 1997; Rau & Vermaelen, 1998).  These long run performance studies 

claim that inferences based on announcement period returns are subject to bias because the 

long-run abnormal performance demonstrate a failure on the part of the investor to quickly 

assess the impact of a M&A during the announcement period (Andrade et al., 2001).   

In contrast, some studies raise concerns about several methodological issues in 

measuring abnormal returns over long periods of time (Barber & Lyon, 1997; Fama, 1998; 

Kothari & Warner, 1997).  Over short term time periods, the benchmark model does not 

make a very big difference; however, when returns are calculated over extended periods, 

there can be a wide variation in benchmark returns based on the model chosen (Andrade et 

al., 2001).  Additionally, since mergers occur in waves and are clustered by industry, they 

are not random events.  Thus, event study methodologies that assume abnormal returns are 

independent across firms introduce bias into the calculation of test statistics.  
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Despite the long list of potential benefits that may accrue to the acquirer, there is a 

long literature documenting that acquirers earn non-significant and sometimes negative 

returns around the M&A announcement (e.g. Andrade et al., 2001; Jarrell et al., 1988; 

Jensen & Ruback, 1983; King et al., 2004; Martynova & Renneboog, 2008) or positive 

returns at the announcement do not manifest in long run value creation (e.g. Agrawal et al., 

1992; Malmendier et al., 2018).  Results of specific event studies vary across samples and 

merger waves, but consistently show that M&A activity largely benefits the shareholders 

of the target firm.  For example, target firm two day cumulative abnormal returns (CARs) 

are reported to be 16% in the 1990s (Martynova & Renneboog, 2011), 24% in the 2000s 

(Netter et al., 2011) and 29% in the 2010s (Alexandridis et al., 2017), while acquirers 

consistently earn announcement returns that are not significantly different from zero 

(Andrade et al., 2001b; Asquith, 1983; Netter et al., 2011).  Since acquirers are typically 

larger than the targets, the weighted combined return has been documented to be in the 

range of 1.06% to 2.6% (Andrade et al., 2001b; Betton et al., 2008; Maksimovic et al., 

2011)   Given that most or all of the announcement gain goes to the target, the question of 

whether or not acquirers get this premium back over time through improved firm 

performance has led to long-term studies examining post-merger performance of acquirers.  

Those studies are the subject of the next section.  

2.2.1  Acquirer Operating Performance 

Mergers that create value for shareholders should eventually show up in the 

acquiring firm’s cash flows (Andrade et al., 2001).  Since it is possible that any observed 

gains in short run studies may be due to market mispricing, accounting-based performance 

measures like return on assets (ROA), return on equity (ROE), cash flows, and sales 
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provide a backwards look to see if the M&A created the value that was expected on the 

announcement date (Fu et al., 2013; Healy et al., 1992). Delong & Deyoung (2007) argue 

that operating performance is preferable to stock market performance since it measures 

past performance instead of expected future performance. However, measurement of long 

run operating performance presents challenges similar to measurement of long run 

abnormal returns with the additional trouble that accounting standards change over time 

and vary by nation (Renneboog & Vansteenkiste, 2019).  

The general impact of an M&A event on an acquirer’s long run operating 

performance remains unclear (Andrade et al., 2001a; Martynova & Renneboog, 2008; 

Renneboog & Vansteenkiste, 2019).  Martynova & Renneboog (2008) review 26 studies 

that measure post-merger operating performance: fourteen of the studies document that 

acquirer operating performance declines after the acquisition, seven show insignificant 

changes in operating performance, and five find positive improvements in operating 

performance.  However, many studies suggest that the differences in these results are 

explained by the choice of benchmark for measuring post-acquisition performance (Fama, 

1998; Gormley & Matsa, 2014; Harford, 2005; Kolaric & Schiereck, 2014; Renneboog & 

Vansteenkiste, 2019). 

The literature reveals two commonly used methods for the choice of the benchmark 

in operating performance studies. The first uses the acquiring firm’s industry as the 

benchmark (Healy et al., 1992; Switzer, 1996) and the second is based on matching firms 

based on industry and pre-acquisition performance and size (Barber & Lyon, 1997; Ghosh, 

2001; Loughran & Ritter, 1997).  Additionally, there are two commonly used 

methodologies for examining changes in acquirer performance before and after the merger: 
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a regression methodology and a univariate methodology referred to as the change model. 

Healy et al. (1992) is probably the most notable early study that examines operating 

performance of the acquirer using a regression methodology.  The authors examine 

acquiring firms’ cash flows five years before and after the M&A event.  For each year 

surrounding the M&A event, they adjust an acquiring firm’s cash flows by subtracting the 

median performance of the industry to which the acquiring firm belongs.  Then they regress 

the average adjusted post-merger operating performance on average adjusted pre-merger 

operating performance. This methodology is sometimes referred to as the intercept 

methodology, as the intercept of this regression represents the abnormal performance of 

the acquirer due to the M&A event. The results of Healy et al. (1992) indicate that acquiring 

firms outperform their industry peers after the acquisition.  Following Healy et al. (1992), 

Switzer (1996) and Andrade et al. (2001) employ the intercept method using samples of 

US-based firms while Manson et al. (1993) and Manson et al. (2000) employ the method 

using samples of UK-based firms. All of these studies document similar positive 

improvements in cash flows for the acquirer in the post-merger period.  

As M&A research developed in the 1990s, a few advances noted potential biases 

in the approach in the Healy et al. (1992) intercept model.  The first was the general 

acceptance of the idea that mergers occur in waves and are clustered by industry, which 

can introduce bias in using an industry benchmark.  Additionally, some studies show that 

acquirers tend to be larger than the industry median firm and undertake mergers after 

periods of performance that is above the industry median (Franks & Harris, 1989; Morck 

et al., 1990).  The works of Barber and Lyon (1997) and Loughran and Ritter (1997) 
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synthesize these findings and point out that traditional studies that examine operating 

performance in finance are subject to these biases.  

Building on this work, Ghosh (2001) points out that the analysis of Healy et al. 

(1992) is subject to bias due to differences in acquiring firms’ size and pre-merger 

performance relative to their industry peers.  Using a sample of M&A transactions from 

1981-1995, Ghosh (2001) examines the same cash flow measure as Healy et al. (1992) 

three years before and after the M&A event but adjusts the performance measure utilizing 

both an industry median (same as Healy et al.) and a control sample matched on 

performance, size, and industry.  Rather than using regression analysis, Ghosh (2001) 

employs the change model. The change model aggregates averages of firm performance 

for acquiring firms for each firm year three years before and after the merger, creating 

averages for six total years surrounding the merger event.  Ghosh (2001) then creates 

averages for the two different benchmark samples and performs a univariate analysis of the 

difference between the acquiring firm performance and the benchmark over the 6-year 

period.   In both cases, he finds insignificant changes in performance. Though Ghosh 

(2001) claims that his results contradict Healy et al. (1992), he does not report the results 

of the intercept model.  This makes it difficult to determine if a better benchmark would 

address any bias in the intercept model. It is also important to note that, in the analysis 

conducted by Ghosh (2001), different firm years from different decades are averaged 

together.  For example, consider acquirer A who completes an acquisition in 1981 and 

Acquirer B who completes an acquisition in 1995.  The mean performance in year t-3 (three 

years prior to the acquisition) is calculated by averaging Acquirer A’s cash flow from 1978 

with Acquirer B’s cash flow from 1992. There are certainly reasons to believe that these 
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two measures might not be comparable. While comparing the averages to a control sample 

average does account for some of the noise, a methodology that takes into account fixed 

effects would likely be beneficial in controlling for additional noise in pre- and post-

acquisition analyses. 

 Seizing on the fact that Ghosh (2001) did not compare the results of the change 

model to the intercept model, Powell & Stark (2005) explore acquirer operating 

performance in a sample of mergers in the UK that took place between 1985 and 1993.  

They examined two different measures of operating performance; Healy’s cash flow and a 

new measure that they call “pure cash flow”. They employ four different methods of 

scaling the performance measure (market value, adjusted market value, book value, and 

sales), two different benchmarks (adjusted by industry and adjusted by industry, pre-

merger performance, and size), and two different analysis methods (the change model and 

the intercept model). Their results document improvements in post-acquisition 

performance; however, there is also evidence that the results are sensitive to the 

performance measure, benchmark, and scaling method. 

 Fu et al. (2013) examine whether M&A creates synergies for overvalued acquirers.  

They used the intercept method to examine an acquirer’s ROA before and after the merger 

event.  They use two different benchmarks in their analysis. First, they use the industry 

median ROA to adjust an acquirer’s operating performance. Second, they follow the 

recommendations of Barber and Lyon (1997) and Ghosh (2001) and adjust firm 

performance based on industry, size, and pre-merger performance. Both analyses yield the 

same results: overvalued acquirers underperform the benchmark in the years following the 

M&A.  While the subsample of overvalued acquirers isn’t necessarily relevant to the 
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research question in this dissertation, the methodology indicates that, over 20 years later, 

Healy’s simple intercept model is still the primary method utilized in research to examine 

changes in operating performance around a M&A event. 

 Canace and Mann (2014) is of particular interest in this literature stream because 

they examine technology-motivated M&A transactions.  The research question they 

explore centers on whether or not there is a difference in performance between technology 

M&A and technology joint ventures.  They examine the intercept of a regression where the 

change in performance (post- minus pre-M&A event) is regressed on a host of control 

variables that include firm size, R&D intensity, leverage, cash flow, growth, and sales. 

They measure performance using ROA, operating ROA, operating cash flow ROA, and 

Tobin’s Q.  The intercept in each regression is positive and statistically significant, 

indicating positive improvements in performance for both the M&A and joint venture 

regressions.     

 More recently, Fukuda (2020) diverges from the traditional methodology and 

literature stream and explores the impact of M&A on performance utilizing a difference in 

differences methodology.  Fukuda uses a sample of M&As that occurred between 2011 

and 2017 in Japan and develops a propensity score-matched sample of treated firms that 

conducted an M&A during the sample period and control firms that did not conduct an 

M&A during the sample period.  Control firms were matched based on pre-merger size, 

efficiency, market variables, and governance. Firm-year performance measures are 

regressed on a dummy variable for the treatment group, a dummy variable for the post-

M&A period, and a term that interacts the two dummy variables.  Results indicate a decline 

in ROA and Tobin’s q after the merger for the treated group.  
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 Taken together, these studies form a methodological tradition and a new pathway 

forward to examine post-acquisition performance.  Specifically, there is an opportunity to 

build on the advances in propensity score matching and the utilization of a difference in 

differences methodology to enhance our understanding of the role of M&A activity on 

post-acquisition performance. Further insights can be drawn from the stream of literature 

that examines M&A activity in the financial services industry.  

 

2.2.2 Operating Performance in Banking 

According to the FDIC, there were 14,343 FDIC insured banks in 1980; as of 31 

March 2020, that number has trimmed by almost two-thirds to 5,116. Much of this 

consolidation is attributed to the prevalence of M&A in the industry (Brealey et al., 2019). 

Given the large amount of M&A activity in the financial services industry and the fact that 

many general M&A studies exclude financial and utility firms, there is a considerable 

stream of M&A research that focuses on the banking industry. To date, studies of acquirer 

post-acquisition performance in the banking industry are also mixed (Knapp et al., 2006; 

Kolaric & Schiereck, 2014).  

 Cornett and Tehranian (1992) note that the work of Healy et al. (1992) did not 

include regulated firms in their sample. Thus, they focus their research on M&As between 

banks. They consider a sample of M&As that took place between 1982 and 1987 and follow 

Healy et al. (1992) for their industry benchmark, but due to differences between banks and 

non-banks they adapt their cash flow measure to include marketable assets, since they are 

an important part of a financial firm’s cash flows. Unlike Healy et al. (1992), the authors 
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use the change model to compare acquiring bank performance before and after the M&A. 

They find that merged banks outperform their industry in the post-merger period.  

 Fama and French (2000) show that the profitability of most firms tends to revert to 

the industry mean.  However, similar to other financial studies, Fama and French (2000) 

exclude regulated firms from their analysis.  Knapp et al. (2006) posits that the mixed 

results in the post-acquisition performance of banking M&A may be due to failure of 

studies to account for the mean reversion in profitability of the acquirer.  Indeed, they find 

evidence of significant mean reversion in performance measures in the banking industry.  

Additionally, they show in a sample of banking M&As that post-acquisition, industry-

adjusted performance is insignificant (using ROA, ROE, and cash flow measures) when 

utilizing the change model.  Thus, to control for mean reversion, Knapp et al. (2006) 

perform an additional analysis which uses the change model but further adjusts the 

industry-adjusted performance measure by subtracting out the expected change due to 

mean reversion. After adjusting the performance for industry mean reversion, acquirers 

significantly outperform the industry in the five years following the M&A.  

 Beccalli & Frantz (2009) discuss the inconsistent findings in the performance of 

bank M&As and state that the only study in the banking literature that accounts for industry 

mean reversion is Knapp et al. (2006).  They build on the work of Knapp et al. by exploring 

a larger sample of bank M&As in the UK, and account for the mean reversion using a 

different approach.  They claim that using the intercept model proposed by Healy et al. 

(1992) accounts for mean reversion of the performance measure in a way that is more 

consistent with the broader M&A operating performance literature. Contrary to Knapp et 
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al. (2006), Beccalli and Frantz find a decline in post-merger performance in the years 

following the M&A.   

 Egger and Hahn (2010) note that analysis of bank mergers suffer from a selection 

and missing data problem.  Specifically, it is impossible to assess how a merged bank 

would have performed if it had not merged.  This outcome is known in econometrics as the 

counterfactual observation, which is, the unobservable observations of the treatment group 

had they not received the treatment.  To address this issue, Egger and Hahn (2010), 

introduce propensity score matching to select a control sample of non-acquiring banks that 

are similar in pre-merger characteristics to acquiring banks and thus serve as a reasonable 

substitute for the counterfactual. They utilize a unique data set of Austrian banks from 

2002-2005 and match control banks based on a set of income statement, balance sheet, and 

market position characteristics.  They use average treatment effects for the treated banks 

to examine profitability and cost performance and find evidence of improvements in cost 

performance due to the merger. In a similar vein, Behr and Heid (2011) utilize propensity 

score matching on a sample of German banks from 1995-1999 and match acquiring banks 

based on pre-merger size, ROA, liquidity, cost-income ratio, equity ratio, interest margin, 

and non-performing loans. They find evidence of declines in acquirer profitability after the 

merger.   

 Collectively, these studies suggest that results of M&A studies that examine post-

acquisition performance are nuanced.  Thus, results from general M&A studies may not 

necessarily generalize to the financial services industry, as evidenced by the nuanced 

differences in the banking industry.  The work in this dissertation will explore the post-

acquisition operating performance of firms that merge or acquire a FinTech firm.  The 
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information systems literature has explored M&As in which the target is a technology firm, 

but the research to date largely focuses on implementation rather than performance (Brown 

et al., 2008; Chang et al., 2002; Giacomazzi et al., 1997; Mehta & Hirschheim, 2007; Sumi 

& Tsuruoka, 2002; Weber & Pliskin, 1996).  To my knowledge, there are no studies that 

have examined operating performance when the motive is to obtain technology capabilities 

as is the general case when legacy financial services firms acquire FinTech firms.  

 

2.2.3  Acquirer Risk 

 In contrast to the operating performance literature, studies that examine changes in 

the acquirer’s risk profile before and after an M&A transaction are more disconnected.  

While the methodologies employed are similar, a natural progression and improvement of 

methods is not observed.  Nevertheless, the following section will outline major 

contributions, methodological details, and main results for both the general M&A literature 

and the literature specific to the financial services industry.  The details provided will 

outline the gaps in the literature relating to the firm risk aspect and highlight the 

opportunities that might exist to examine risk in a more precise manner.  

 Langetieg et al. (1980) argues that, in a frictionless and efficient market, 

shareholders that are unhappy with a consolidated firm’s performance can easily sell their 

shares and invest elsewhere.  However, under conditions such as incomplete markets, 

taxes, and commissions the impact of a M&A transaction on the distribution of returns 

becomes relevant. A review of the M&A literature relating to firm risk reveals four 

hypotheses regarding the acquiring firm risk subsequent to an M&A: 1) the “portfolio 

effect”, 2) the “price to earnings (P/E) game”, 3) the “risk reducing” effect, and 4) the 
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“leverage effect” (Langetieg et al., 1980). Though these are theories to suggest that risk 

considerations may be a factor in M&A strategies, none of the empirical work to date 

clearly supports one theory over the others.    

 The portfolio effect states that the M&A transaction should have no effect other 

than combining shares of two firms into a portfolio.  Using a sample of US firms, Haugen 

and Langetieg (1975) compare betas derived from the market model using the 24 monthly 

returns before a merger to betas using the 48 monthly returns after the merger with a control 

group matched on size and industry.  Firth (1978) replicate the Haugen and Langetieg 

(1975) study exactly using a sample of UK firms.  Both studies show that, although beta 

does increase after the M&A event for some firms, the number of firms that show increased 

risk after the acquisition in the treatment group is not significantly different from the 

number of firms with increased risk profiles in the control group.  Thus, changes in beta 

were not attributable to the merger, providing support for the portfolio effect hypothesis.  

On the other hand, Mandelker (1974) examines a moving average of beta and concludes 

that the change in risk is unpredictable, rejecting the portfolio effect hypothesis.  However, 

Mandelker (1974) did not employ a control group in the analysis which makes the results 

difficult to interpret. 

 The “P/E game” is based on the idea that if an acquiring firm’s price-to-earnings 

(P/E) ratio is larger than the target, the acquiring firm can offer target shareholders a stock 

for stock offer at a premium and also immediately increase their own earnings per share 

(EPS).  This hypothesis is difficult to test explicitly but support would be indicated by 

observing risk attributes that would hold the P/E ratio constant for acquiring firms. Indeed, 

Lev & Mandelker (1972) claim to provide evidence which is consistent with the 
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hypothesis.  They calculate beta using the 60 monthly returns before and after the merger.  

They compare the differences in betas to a matched sample of industry control firms and 

find no significant difference in the change in systematic risk after the merger. 

 Lewellen (1971) laid the theoretical groundwork for the risk reducing effect.  The 

risk reducing effect states that mergers are conducted to reduce firm risk through 

opportunities to realign the combined firm’s capital structure. Lewellen et al. (1989) argues 

that, while shareholders can build a portfolio of investments, managers do not have the 

ability to diversify their risk by building a portfolio of employers.  A merger might be a 

way to give a company more stability and thus reduce managerial risk.  However, results 

such as Lev and Mandelker (1972) which show no significant difference in changes in risk 

before and after a M&A event are inconsistent with this hypothesis.   

 Finally, the fourth hypothesis is the leverage effect, which states that firm risk will 

increase post-merger as a result of a change in merger induced leverage.  This theory is 

rooted in the work of Hamada (1972) who set out to empirically test the Modigliani and 

Miller propositions.  Hamada showed that leverage explains between one-fifth and one-

quarter of the variability in a firm’s systematic risk.  Thus, Langetieg et al. (1980) proposes 

that mergers that increase leverage will also increase risk.   

 Langetieg et al. (1980) provides an analysis of all four hypotheses using as sample 

of mergers from 1929-1969.  They compare a firm’s risk to its industry risk and conduct 

univariate tests to test the direction of the difference between the hypothesized risk level 

(industry) and the firm’s risk level. They conclude that none of the four proposed 

hypotheses are adequately supported by the results.  In fact, inconsistent with Mandelker 
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(1974) who stated that the risk of merging firms was unpredictable, Langetieg et al. (1980) 

find that mergers are associated with increases of systematic, unsystematic and total risk.   

  Lewellen et al. (1989) uses a sample of mergers from 1963-1984 to study the effect 

of merger events on firm risk.  They compute a ratio that compares the variance of stock 

returns after the merger (the numerator) to the variance of returns before the merger (the 

denominator).  They also compute a second ratio in a similar manner using the residuals of 

the market model to examine differences in unsystematic risk.  They use daily returns over 

the window of t-300 through t-101 trading days before the merger announcement to 

calculate premerger variability, and t+101 through t+300 after the merger announcement 

to calculate post-merger variability.  They count the number of cases where the ratios are 

greater than one and the number of cases where the ratios are less than one, and evaluate 

that distribution using an F test.  Their results lead them to conclude that the average merger 

increased firm risk. 

 Chaterjee and Lubatkin (1990) introduce concepts from the strategic management 

literature that states that the relatedness of the merging firms impacts the direction and 

magnitude of the change in risk due to the merger. They state that previous literature has 

not controlled for the systematic risk of the target firm. The authors examine a sample of 

mergers from 1962-1979 and calculate pre-merger betas using monthly returns over the t-

60 to t-3 months before the first merger announcement and post-merger betas using returns 

over the t+3 to t+60 months after the M&A closing date. They also examine a daily window 

from t-150 to t-50 days before the first announcement and from day t+50 to t+150 after the 

closing date.  Parametric and non-parametric univariate tests were used to examine the 



 

25 

difference between related and unrelated mergers. The results indicated that both related 

and unrelated mergers reduce acquirer risk.    

Bharath & Wu (2005) examine volatility and risk in mergers and acquisitions using 

a sample of mergers between 1995 and 2002.  They measure risk as option implied 

volatility, which is a proxy for future return volatility. They explore quarterly returns four 

years before and after the M&A, analyzing the results with the change model.  They also 

conduct t-tests that compare the volatility and risk in certain windows before and after the 

M&A announcement to the risk on the announcement date.  The results indicate that risk 

and volatility increase in the years before the merger and then slowly decline in the years 

following the merger.  Similarly, Geppert and Kamerschen (2008) also find that implied 

volatility after the announcement of an M&A event is greater than the pre-merger weighted 

average implied volatility of the target and acquirer.  

The majority of studies that examine the effect of M&A transactions on acquirer 

firm risk contain samples from multiple industries and generally conclude that acquiror 

firm risk increases after the M&A event. However, the methods used in these studies are 

not consistent in the existing literature. They use different event windows, different 

benchmarks, and evaluate post-merger risk using different univariate statistical tests. While 

univariate tests provide indications of risk patterns around a merger, they do not rule out 

the impact of other variables that may impact risk.  Similar to the operating performance 

literature, there are studies that examine risk in banking M&As.  Interestingly, these seem 

to tell a different story about the impact of M&A transactions on the risk profiles of 

acquiring financial institutions.  
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2.2.4  Acquirer Risk in Banking 

Craig and Dos Santos (1997) examine M&A activity between banks over the 1984-

1993 time period. For each acquisition, they calculate three different measures of risk 

before and after the acquisition: the standard deviation of the bank’s profitability (ROE and 

ROA), the coefficient of variation of the bank’s profitability (ROE and ROA), and the 

bank’s probability of bankruptcy.  They examine two different time frames: eight quarters 

before and after the merger, and 16 quarters before and after the acquisition. They industry 

adjust the risk measures by subtracting the industry risk from the acquiring bank risk for 

each time period.  Then, they calculate the difference between the post-merger adjusted 

risk and the pre-merger adjusted risk and test to determine if the difference is significantly 

different from zero. Results indicate a lower probability of bankruptcy and a decrease in 

risk after a merger.  Mishra et al. (2005) also examine effects of M&A activity on firm risk 

for a sample of bank mergers. They measure risk using total risk, systematic risk, and 

idiosyncratic risk. They adjust their risk measure according to Hamada (1972) to remove 

the impact of leverage and analyze the data with simple univariate comparisons of the 

firm’s risk one year before the merger to one year after the merger.  Results indicate a 

reduction in total and unsystematic risk but no change in systematic risk after the merger.   

More recently, Brealey et al. (2019) examine both short- and long-run changes in 

firm risk around bank M&A activity over the 1981-2014 time period.  They calculate 

weekly returns for the t-393 to t-28 day window before the M&A announcement to the 

t+28 to t+393 day window after the announcement.  They regress an average change in risk 

on dummy variables representing the number of M&As transactions undertaken by the 

acquirer, the change in leverage, and control variables for acquirer and target size, a dummy 
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for interstate mergers, and a dummy variable for hot periods.  The authors find that, in the 

short run, the magnitude of the changes in risk decrease with the number of acquisitions 

undertaken by the acquirer.  In the long run, the volatility of acquirers remains unchanged 

after the merger.  This study is important because it is the only M&A risk study that utilizes 

an arsenal of controls.   

Though not a M&A study, Elyasiani & Jia (2019) also provide relevant exploration 

of firm risk in banking.  They examine bank risk before and after the financial crisis, 

utilizing systematic risk and total risk derived from the volatility of monthly stock returns.  

They regress the monthly risk measures onto a dummy variable for the months in the 

financial crisis years 2007-2009, and interaction of the crisis dummy and several 

independent variables they hypothesize would impact firm risk in the crisis.  This 

methodology allowed the researchers to examine pre- and post-event risk in a regression 

equation that controlled for other factors that might impact firm risk.   

   

2.3  FinTech M&A 

 The general M&A literature is extensive and dates back to the 1960s.  While stock 

performance around M&A announcements has been well studied, fewer studies investigate 

the effects of M&A activity on operating performance and firm risk.   

This dissertation aims to explores the effect of FinTech acquisitions by legacy 

financial services firms on the acquiring firm’s post-merger operating performance and 

risk profile. Legacy financial firms may be motivated to use a M&A strategy to obtain 

access to new markets or offer new financial products.  At the same time, these legacy 

firms may also be motivated to reduce firm risk by adopting innovations that may aid with 
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mitigating firm risks, including operational, financial, regulatory and other risks specific 

to financial firms such as conduct risk (Deloitte, 2019; English et al., 2018; EY, 2019; 

KPMG, 2019).  For example, Deloitte (2019) details many different RegTech innovations 

that financial service firms might acquire to reduce conduct risk, such as robotic process 

automation that automates business processes, biometric technology which can offer new 

ways to verify identities, blockchain technologies which offer tamper-proof encrypted 

databases, and many more.  Thus, financial services firms may pursue acquisitions of 

FinTech firms for different reasons than the general M&A literature has previously 

explored.    

Alexandridis et al. (2017) is one of the few studies that has examined mergers from 

the sixth merger wave that began after the 2008 financial crisis.  Using several analyses 

and robustness checks, the authors show that the short run announcement returns around 

M&A announcements in the 2010-2015 time period actually yielded value for acquiring 

shareholders for the first time in history.  They also report a marked improvement in 

investment efficiency during this time period.  They argue that their collective results imply 

that increased regulation and stakeholder scrutiny from the financial crisis has worked to 

improve investment decisions.  Naturally, this study excludes regulated acquirers, such as 

financial firms, from the sample and thus offers an opportunity for this study to investigate 

the effect of M&A activity by legacy financial services firms acquirers on an acquirer’s 

operating performance and risk profile.   

Dranev et al. (2019) provides the basis for the FinTech M&A sample selection used 

in this proposed study. To my knowledge, this is the only study that explores FinTech-

related M&A activity. They examine abnormal stock returns of acquirers around the 
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announcement of a FinTech firm acquisition. Most of the acquirers in their sample are 

outside the finance industry.   They observe significantly positive short run returns to 

acquirer shareholders and significantly negative long run returns.  However, they use buy 

and hold abnormal returns (BHARs) for their long run abnormal return calculations, which 

have been noted for their potential for bias (Bessembinder & Zhang, 2013; Dutta & Jog, 

2009; Fama, 1998; Mitchell & Stafford, 2000).  BHARs assume that abnormal returns are 

independently distributed across firms.  As discussed in this literature review, M&A events 

are not random.  It is acknowledged in the finance literature that M&A activity occur in 

waves and cluster by industry, thus resulting in cross correlation of firm returns (Andrade 

et al., 2001b; Renneboog & Vansteenkiste, 2019). Thus, it is reasonable to question long 

run results, since the short run returns indicate a performance improvement consistent with 

Alexandridis et al. (2017).  This dissertation will explore FinTech M&A by examining 

operating performance and risk.  Thereby, providing additional robustness and 

complementary analysis to the work of Alexandridis et al. (2017) and Dranev et al. (2019). 

 

2.4  Contribution to Literature 

 The emergence of FinTech has changed the way that companies and individuals 

conduct business. Consumers and businesses are no longer limited to the community bank 

on the local street corner for access to capital and financial products.  FinTech alternatives 

are innovative and offer nimble solutions targeted to meet consumers needs in cost 

effective and efficient ways.  Additionally, these solutions provide a way to mitigate risk 

through robotic, biometric, and algorithmic technologies. The impact of FinTech on the 

financial services industry is largely unexplored in academic literature.  This dissertation 
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proposal is one of the first to examine the impacts of FinTech firm acquisitions on an 

acquirer’s post-acquisition operating performance and risk profile.  Specifically, I will 

examine whether an acquirer benefits in a FinTech firm acquisition in terms of improved 

operating performance or a reduction of risk.   

In addition to contributing to the FinTech literature, this study is the first M&A 

study to my knowledge that contemplates effects of acquisition on both operating 

performance and risk together.  This is an important contribution in light of the inconsistent 

results in both the performance and risk literatures.  Finally, the literature on the impact of 

M&A activity on firm risk is relatively unexplored, and the methodologies utilized to date 

largely fail to control for other important determinants of firm risk.  While the majority of 

the general M&A studies show that firm risk increases after a merger, the consensus of the 

banking literature indicates that acquirers’ risk profiles are generally not impacted or even 

decrease in the post-merger period. The research in this dissertation will contribute to the 

work on risk impacts of M&A activity by exploring M&A in a new context, in which a 

traditional financial service firm acquires a FinTech firm.  Additionally, and perhaps 

offering broader implications, I will employ an alternative methodology that controls for 

alternative drivers of risk.   
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Chapter 3: Hypotheses Development 

 This proposal examines whether the acquiring firm benefits in an acquisition of a 

FinTech firm in terms of improved post-acquisition operating performance or lower firm 

risk. To address the research question, I develop two testable hypotheses.  Hypothesis 1 

addresses the post-acquisition operating performance of acquirer, and Hypotheses 2 

addresses the post-acquisition risk profile of the acquirer.  

 Theoretically, there are compelling arguments suggesting that acquirers may be 

better or worse off after an acquisition.  Jensen and Ruback (1983) refer to the market for 

corporate control as “market in which alternative managerial teams compete for the rights 

to manage corporate resources” (p. 6).  It follows that managerial teams pursue M&A when 

they feel they have identified a target firm that possesses resources that will benefit the 

acquiring firm.  These benefits may manifest in different ways, but two potential 

manifestations are improved operating performance or lower firm risk. However, on the 

other hand, the managerial hubris and overconfidence hypotheses assert that managers are 

frequently overconfident in their ability to identify targets that will benefit the acquiring 

firm (Heaton, 2002; Malmendier & Tate, 2005; Roll, 1986).  Additionally, CEO 

characteristics such as narcissism has been linked to underperforming M&A transactions 

(Aktas et al., 2012).  So, while there are many channels through which a FinTech M&A 

transaction may provide an acquirer with cost savings, access to new markets, and risk 

reduction through technological advances, the empirical evidence to date casts doubt on 

the ability of the acquiring firm to be able to translate potential benefits into post-

acquisition gains. Thus, I pose the following two hypotheses for the impact of a FinTech 
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firm acquisition on the post-acquisition operating performance and firm risk profile of an 

acquirer: 

 

H1: Acquirers of FinTech firms will experience significant changes in 

operating performance after the acquisition event. 

 

 

H2: Acquirers of FinTech firms will experience significant changes in firm risk 

after the acquisition event.   
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Chapter 4: Methodology 

I use three different methodologies to assess the impact of an FinTech acquisition 

on an acquirer’s post-acquisition operating performance and risk profile. First, following 

Ghosh (2001), I employ the change model that compares firms’ pre- and post-acquisition 

performance. Second, following Healy et al. (1992), I also employ the intercept model to 

examine changes in acquirers’ industry-median, adjusted operating performance and risk 

after an acquisition.  Finally, I employ a difference-in-differences methodology to compare 

acquirers pre- and post-acquisition operating performance and risk profiles using 

propensity score matching to create a comparison control group of similar non-fintech 

acquirers.  This diff-in-diff methodology should provide an improvement over the second 

industry-median-adjusted intercept model since it controls for pre-merger characteristics 

of the acquiring firm that may differ from the industry median firm.  

 

4.1  The Change Model 

 Ghosh’s (2001) change model compares the average and median operating 

performance of acquirers three years before an acquisition to the performance three years 

after the acquisition, relative to a sample of matched non-acquiring firms over the same 

horizon.  For each acquirer firm, a matching non-acquiring firm is chosen from the 

acquiring firm’s industry (based on SIC code) following the matching procedure of Ghosh 

(2001) and Loughran and Ritter (1997), where the match is based on firm size (total assets 

between 25% and 200% of the acquiring firm’s total assets) and operating cash flows (the 

firm with an operating cash flow amount closest to the acquiring firm in the year before 

the acquisition).  
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I employ Ghosh’s (2001) change model to test differences in pre- and post-

acquisition operating performance and firm risk where operating performance is measured 

using cash flow returns and ROA and firm risk is measured as total risk. As shown in the 

template table below, the difference between the acquiring firm and the matched firm 

performance or risk is calculated each year for years t-3 to t+3.  Then, the average and 

median value for each year is calculated and compared. Significance is assessed by 

comparing the differences in the mean and median between acquiring firms and matched 

firms each year t-3 to t+3 to zero via a simple t-test (means) or Wilcoxon sign test 

(medians).  

Ghosh’s (2001) Change Model Visualized 

       
Years 

around 

Acquisition 

Date 

Acquiring 

Firms 

Performance or 

Risk Measure 

Matched Firms 

Performance or 

Risk Measure 

Difference          

(Acquiring-

Matched) 

  Mean Median Mean Median Mean Median 

-3       
-2       
-1       
1       
2       
3             

 

In addition, an overall change in performance and risk is calculated based on the following 

specification: 

∆ 𝑃𝑒𝑟 𝑜𝑟 𝑅𝑖𝑠𝑘 = (𝐴𝑐𝑞𝑖 − 𝑀𝑎𝑡𝑖)𝑝𝑜𝑠𝑡 − (𝐴𝑐𝑞𝑖 − 𝑀𝑎𝑡𝑖)𝑝𝑟𝑒                                            (1) 
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 Where, (𝐴𝑐𝑞𝑖 − 𝑀𝑎𝑡𝑖)𝑝𝑜𝑠𝑡 is the average or median difference between acquirer 

and matched firm performance or risk in years t+1 through t+3 and (𝐴𝑐𝑞𝑖 − 𝑀𝑎𝑡𝑖)𝑝𝑟𝑒 is 

the median or average difference between acquirer and matched firm performance or risk 

in year t-3 to t-1. The resulting difference in performance or risk in Equation 1 is then 

compared to zero using a t-test (mean) and Wilcoxon sign test (median).   

The hypotheses can be tested by evaluating the sign and statistical significance of 

Equation 1.  Support for H1 would be demonstrated if acquirers earn statistically significant 

post-acquisition operating performance (as measured by cash flow returns and ROA) 

relative to the matched firms in the three years following the acquisition as noted by a 

statistically significant ∆𝑃𝑒𝑟 in Equation 1. Similarly, support for H2 would be 

demonstrated if acquiring firms exhibit statistically negative (positive) values of risk (as 

measured by total risk, systematic risk, and idiosyncratic risk) relative to the matched firms 

in the three years following the acquisition as noted by a statistically significant coefficient 

on  ∆𝑅𝑖𝑠𝑘 in Equation 1.  

 

4.2  Intercept Methodology 

The intercept method has been used to examine changes in operating performance 

around bank M&A events (Beccalli & Frantz, 2009) and general M&A events (Fu et al., 

2013; Mitchell & Mulherin, 1996), and more broadly to examine performance around other 

corporate events, such as CEO turnover (Denis & Denis, 1995), privatization (Boubakri & 

Cosset, 1998), and seasoned equity offerings (Fu, 2010). 
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The intercept method utilizes industry-adjusted measures to account for firm-

specific and industry trends.  Industry-adjusted performance and risk is calculated by the 

following equations: 

                    𝐴𝑑𝑗𝑃𝑒𝑟𝑖,𝑡 = 𝑃𝑒𝑟𝑖,𝑡 − 𝐴𝑣𝑔𝑃𝑒𝑟𝑗,𝑡                                                                    (2) 

               𝐴𝑑𝑗𝑅𝑖𝑠𝑘𝑖,𝑡 = 𝑅𝑖𝑠𝑘𝑖,𝑡 − 𝐴𝑣𝑔𝑅𝑖𝑠𝑘𝑗,𝑡                                                                   (3) 

where adjusted performance and risk for firm i in year t is the difference between firm i’s 

performance or risk and the median industry j performance or risk in year t.  Again, 

performance is measured as cash flow returns and ROA, and firm risk is measured total 

risk, systematic risk, and idiosyncratic risk.   

 The following regression equations are estimated:  

                𝐴𝑑𝑗𝑃𝑒𝑟𝑖,𝑝𝑜𝑠𝑡 = 𝛼 + 𝛽1𝐴𝑑𝑗𝑃𝑒𝑟𝑖,𝑝𝑟𝑒 + 𝜀                                                              (4) 

                𝐴𝑑𝑗𝑅𝑖𝑠𝑘𝑖,𝑝𝑜𝑠𝑡 = 𝛼 + 𝛽2𝐴𝑑𝑗𝑅𝑖𝑠𝑘𝑖,𝑝𝑟𝑒 + 𝜀                                                           (5) 

where 𝐴𝑑𝑗𝑃𝑒𝑟𝑖,𝑝𝑜𝑠𝑡 is the adjusted performance for firm i in year 1, 2, or 3 following an 

acquisition.  𝐴𝑑𝑗𝑃𝑒𝑟𝑖,𝑝𝑟𝑒 is the average industry-adjusted performance for firm i for the 

three years prior to the M&A.  Thus, 𝛽1 and 𝛽2 capture correlations in performance and 

risk between the pre-merger period and the post-merger period, and the  𝛼 coefficients 

measure the impact of the acquisition on firm performance and risk. Support for H1would 

be indicated by a statistically significant alpha coefficient in Equation 4.  Similarly, support 

for H2 would be indicated by a statistically significant alpha coefficient in Equation 5.  

Following Ghosh (2001), I also estimate Equations 4 and 5 by controlling for deal size, 

payment method, industry relatedness between the target and the acquirer, and whether the 

target was outside the U.S.  
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4.3  Difference-in-Difference Methodology 

 The difference-in-differences methodology is an econometric technique that uses 

panel data to assess changes before and after an event.  It has been implemented by many 

studies in finance and economics in recent years to examine the causal impact of a policy 

change or corporate event.  One of the biggest hurdles in employing the difference-in-

difference methodology is the selection of the control sample. Following prior literature, I 

employ propensity score matching to select a control sample of non-acquirers based on the 

pre-acquisition characteristics of each acquiring firm.  The control sample serves as a 

reasonable substitute for the counterfactual in the difference-in-difference methodology. 

 In the first step of the propensity score match procedure, a logistic regression is 

estimated to examine a firm’s propensity to make an acquisition.  The selection of the 

independent variables is inferred from studies that examine the financial determinants of 

firms involved in M&A activity.  The following equation is estimated: 

 

𝐼𝑠𝑀&𝐴 = 𝛼 + 𝛽1𝑠𝑖𝑧𝑒 + 𝛽2𝑅𝑂𝐴 + 𝛽3𝑔𝑟𝑜𝑤𝑡ℎ + 𝛽4𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒                                          (6)                                  

 

where IsM&A is an indicator variable equal to 1 for firms that conducted an acquisition 

during the sample period and 0 otherwise.  The independent variable definitions are given 

in the Appendix.  Next, a nearest-neighbor matching procedure is applied to identify a 

matched control firm for each acquiring treated firm, based on the predicted probabilities 

derived from Equation 6. 
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 After specifying the control sample, the following difference-in-difference 

regression is estimated: 

𝑌𝑖,𝑡  = 𝛼 + 𝛽1𝐴𝑐𝑞𝑖 + 𝛽2𝑃𝑜𝑠𝑡𝐴𝑐𝑞𝑖,𝑡 + 𝛽3𝐴𝑐𝑞𝑖 ∗ 𝑃𝑜𝑠𝑡𝐴𝑐𝑞𝑖,𝑡 + 𝛽𝑿𝑖,𝑡−1 + 𝜀𝑖,𝑡                     (7) 

 Where, 

• 𝑌𝑖,𝑡 is performance, measured as cash flow returns or ROA, or risk, measured as 

total risk, systematic risk, or idiosyncratic risk for firm i in year t.   

• 𝐴𝑐𝑞𝑖 is a binary variable equal to 1 for the treatment group and 0 for the control 

group. 

• 𝑃𝑜𝑠𝑡𝐴𝑐𝑞𝑖,𝑡 is a binary variable equal to 1 for treated firms in firm years that occur 

after the acquisition and 0 for firm years before the acquisition.  Control firm-year 

observations will be similarly coded to match their propensity score-matched 

treatment firm.  

• 𝑿𝒊,𝒕−𝟏 is a vector of controls for firm i at year t-1. 

o Performance Controls include size, growth, leverage, and risk. All 

variables are lagged one period.  

o Risk Controls include size, age, growth, and profitability. All variables are 

lagged one period. 

In Equation 7, 𝛽1 represents the difference in the outcome variable between 

FinTech Acquirers and control group prior to the acquisition, 𝛽2 represents the change in 

the outcome variable after the acquisition among the control group, 𝛽3 represents the 

difference-in -differences between treated and controlled firms. Specifically, 𝛽3 is the mean 

change in the outcome variable from before the acquisition to after the acquisition between 

the two groups.   
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Thus, in my application the interaction effect is represented by 𝛽3 and can be 

interpreted as the rate at which the outcome variable (performance or risk) is changing for 

FinTech Acquirers as we account for the change in the control group before and after the 

acquisition. Therefore, using operating performance as the dependent variable, a significant 

value for 𝛽3 indicates that FinTech acquirers experience changes in performance that are 

different from the control group over the same time period.  This lends support for H1. 

Similarly, when using firm risk as the dependent variable, a significant value for 𝛽3  

indicates that FinTech acquirers experience changes in risk that are different from the 

control group over the same time period.  This result lends support for H2.  
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Chapter 5:  Data and Descriptive Statistics 

Data on acquisitions for the study comes from Refinitiv Datastream, firm financial 

statement data comes from Compustat, and stock return data comes from CRSP.  The 

sample period is chosen following prior literature which indicates that the FinTech 

Revolution began after the financial crisis in 2008-2010.  I begin my sample selection 

process by identifying FinTech firm acquisitions following the procedure of Dranev et al. 

(2019).  Starting with a sample of all M&A transactions from Refinitive Datastream 

DealScanner that occurred between 2010-2017, I identify acquisitions in which the target 

firm is from the financial services industry (Thomson Reuter’s target macro industry: 

financials) or the technology industry (Thomson Reuter’s target macro industry: high tech).  

Further, I require that the acquirer be a public company listed in the U.S. Then, the sample 

is further filtered by a manual read of the business description of the target, which must 

indicate that the target firm operates in both the technology and financial industries to meet 

the definition of a FinTech firm.  For example, a bank is considered a FinTech firm if the 

business description mentions developing a FinTech innovation such as blockchain.  A 

software company is considered FinTech if they are involved in developing innovations 

for the financial services industry.   

Starting with 7,197 total acquisition conducted by 2,429 different public U.S. based 

acquirers in the years 2010-2017 in Refinitive Datastream DealScanner this screen 

identifies 147 FinTech acquisitions by 79 unique acquirers. Table 1 displays the sample of 

FinTech acquisitions by year and acquirer industry. The number of FinTech acquisitions 

per year range from a minimum of six in 2015 to a maximum of 27 in 2017.  Fifty-three of 

the acquisitions in the sample are made by acquirers in the financial services industry (SIC 
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code 6000-6700) while 94 of the acquirers are from other industries.  Of the acquirers from 

other industries, 75.5% are members of a high technology industry (SIC codes 7370-7375, 

3572, 3674, 3679). 

Table 2 displays the descriptive statistics for the sample of FinTech acquirers and 

acquisitions made during the sample period. A little over half (59.6%) of the FinTech 

acquisitions were financed with cash while 44.22% were conducted within the same 

industry. A little more than a quarter (27.89%) of the deals were cross-border—U.S. 

acquirers acquiring a non-U.S. target. The average deal value was $406 million, and the 

average acquiring firm three-day CAR around the M&A deal announcement is 2.09%.  

Table 2 also presents the mean, median, and standard deviation for the measures of 

performance, risk, the control variables over the year t-3 to t+3 surrounding the acquisition. 

The average (median) cash flow return was 9.31% (8.46%). The average (median) ROA of 

FinTech acquirers during the sample period was 12.77% (11.36%). 

Total risk is calculated as the standard deviation of returns.  The average FinTech 

Acquirer total risk over the years t-3 to t+3 surround the acquisition was 3.22% and the 

median total risk was 2.65%.  Decomposing total risk into systematic and unsystematic 

risk, FinTech acquirers had an average systematic risk of 1.64% and an average 

unsystematic risk of 2.66%.   

Finally, Table 2 reports descriptive statistics for firm characteristics of FinTech 

acquirers. The average size measured as the log of total assets was 8.03 with a median of 

7.75 these represent mean (median) total assets of 35 billion (2.32 billion). Growth is 

proxied by the market to book ratio and shows that on average the market value of Fintech 

acquirers is about 2.15 times that of the book value. The average leverage of the FinTech 
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acquirers during the sample period is 17.82%.  The average FinTech acquirer was 19 years 

old.  

Table 3 makes comparisons between firms that acquired FinTech (FinTech 

acquirers) and firms that made non-fintech acquisitions (other acquirers) between 2010 and 

2017.  Within the sample of FinTech acquisitions, it also draws comparisons of FinTech 

acquirers that are members of the financial services industry to FinTech acquirers that are 

members of other industries.  Panel A of Table 3 compares FinTech acquirers to all other 

U.S. based public firms that conducted non-FinTech acquisitions between 2010-2017.  The 

statistics reported are calculated across the full sample period, that is, firm year 

observations are included from years t-3 to t+3 around the firm’s acquisition. This table 

indicates the FinTech acquirers are significantly different from other acquirers across all 

the measured variables except liquidity.  On average, FinTech acquirers cash flow return 

is 1.43% lower than other acquirers while their ROA is 4.96% higher.  The basic t-tests 

indicate that on average FinTech acquirers are slightly less risky than other acquirers.  The 

average standard deviation of Fintech acquirers stock returns is 3.24% whereas the average 

standard deviation of other acquirer’s stock returns is 3.96%, this indicates that on average 

fintech acquirers are 0.72% less risky than other acquirers.  When risk is decomposed into 

systematic and unsystematic risk, the relationships are similar. FinTech acquirers have 

0.07% lower systematic risk and 0.66% lower unsystematic risk than other acquirers.  In 

terms of firm specific characteristics, FinTech acquirers are significantly larger on average, 

have a significantly higher growth rate, and have significantly lower leverage compared to 

other acquirers.  Additionally, FinTech acquirers are approximately five years younger than 

other acquirers.  



 

43 

Panel B of Table 3 examines the sample of 147 FinTech acquisitions and compares 

the characteristics of FinTech acquirers from the financial services industry (financial 

firms) to the characteristics of FinTech acquirers from other industries (other firms).  

Similar to Panel A, the statistics reported in Panel B are calculated across the full sample 

period, that is, firm year observations are included from years t-3 to t+3 surrounding the 

firm’s acquisition. The comparisons in Panel B indicate that there are some statistically 

significant differences in terms of performance and firm characteristics between financial 

firms and other firms. Specifically, financial firms appear to have on average lower levels 

of performance. Specifically, they have an average cash flow return that is 1.37% lower 

than acquirers of FinTech in other industries and an average ROA that is 2.29% lower than 

FinTech acquirers from other industries.  Additionally, the FinTech acquirers from the 

financial services industry are significantly larger, have a significantly higher growth rate, 

and carry higher levels of leverage than fintech acquirers from other industries.  There 

appear to be no statistical differences between the risk profiles of FinTech acquirers from 

the financial services industry and FinTech acquirers from other industries.  

Table 4 reports the Pearson correlation coefficients between the performance, risk, 

and firm characteristics measured in the study.  Correlation between the performance 

measures are positive and significant.  Correlation between the risk measures are also 

positive and highly correlated.  The magnitude of the correlations between the control 

variables size, growth, leverage, liquidity, and age are all consistent with prior literature.  

Table 5 displays the results of t-tests comparing all the measured variables in the 

study pre and post-acquisition.  The pre-acquisition column presents the average values for 

performance, risk, and controls for the three years prior to the acquisition.  The post-
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acquisition column presents the average values of performance, risk and controls for the 

three years following the acquisition.  For performance, the table includes the four proxies 

used in the main analysis and robustness checks.  Across all four performance measures, 

the difference in pre-acquisition and post-acquisition performance is significant and shows 

a decline in performance after the acquisition.  Risk is calculated in three ways in the 

analyses that follow this chapter.  Total risk and systematic risk both demonstrate 

significant declines in risk after the acquisition.  The change is unsystematic risk is 

insignificant. The control variables also demonstrate changes after the acquisition.  

Specifically, firm size significantly increases, leverage significantly increases, and 

liquidity significantly decreases.  Growth does not significantly change.  Though these 

univariate results are not conclusive, they do provide context for the following chapter.  
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Chapter 6: Empirical Results 

This chapter presents the results of the empirical analysis of the impact of FinTech 

Acquisitions on acquiring firm performance and risk. I employ three methodologies to test 

my two hypotheses involving the impact of a FinTech acquisition on acquiring firm 

performance and risk.  In the first section of this chapter, I present the results of the change 

model. In the second section of the chapter, I describe the results of the intercept model, 

and finally the third section in the chapter presents the results of the difference in 

differences methodology.  

 

6.1  Change Model Results 

 Tables 6, 7, and 8 present the results of the change model. In this analysis I begin 

by comparing FinTech acquirers to other acquirers without matching. Then, I compare 

FinTech acquirers to other acquirers with matching.  Finally, I provide robustness checks 

that present alternative results by using alternative measures of performance and risk.  

6.1.1 Change Model Unmatched Results 

 Table 6 compares the sample of 147 FinTech acquisitions to the sample of 6,629 

non-FinTech acquisitions from Acquirers with data available in Compustat and CRSP for 

the 2010-2017 sample period.  In Panel A, the mean cash flow return of FinTech acquirers 

is displayed in the first column, the mean cash flow return of non-FinTech acquirers is 

displayed in the second column, and the difference in the mean cash flow between FinTech 

acquirers and non-FinTech acquirers is displayed in third column.  The measures are 

calculated each year in the six years surrounding the acquisition.  FinTech acquirers have 

cash flows that range from 8.75% to 10.43% while non-FinTech acquirers have cash flow 
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returns ranging from 10.13% to 11.78%.  There is a statistically significant difference in 

the cash flow returns in the years prior to the acquisitions ranging from a -1.19% in year t-

3 to 1.61% in year t-1. However, those differences generally dissipate in the post-

acquisition years.  

 Panel B displays the results of the change model using ROA as a measure of firm 

performance. FinTech acquirers have return on assets that range from 14.02% in year t-3 

to 14.48% in year t+3 while non-FinTech acquiring firms generate ROAs that range from 

8.5% to 6.74%.  In all six years surrounding the acquisition, FinTech Acquirers experience 

significantly higher ROA, with a mean difference in ROA ranging from 6.06% in year t-3 

to 4.04% in year t+3. 

 Panel C displays the results of the change model for firm total risk.  The total risk 

for FinTech acquirers ranges from 3.75% to 2.49% while non-FinTech acquirers total risk 

ranges from 5.62% to 2.99%.  FinTech Acquirers demonstrate significantly lower risk 

across all years except the first year following the acquisition with differences in risk 

ranging from 1.87% in year t-3 to 0.45% in year t+3.   

 Panel D of Table 6 displays the results of the change model for firm systematic risk. 

FinTech acquirers demonstrate systematic risk ranging from 2.20% in year t-3 to 1.38% in 

year t+3.  Non-FinTech acquirers demonstrate systematic risk ranging from 2.28% in year 

t-3 to 1.33% in year t+3. The systematic risk tends to decline over the course of the six 

years displayed in the table with no significant differences between the average risk of 

FinTech acquirers and Non-FinTech Acquirers. 
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  Panel E of Table 6 displays the results of the change model for unsystematic risk. 

These results largely mirror those of the Total Risk in Panel C. The Unsystematic Risk of 

FinTech acquirers ranges from 3.21% to 2.12% while the unsystematic risk of other 

acquirers ranges from 4.66% to 2.66%.  For all years except t+1 FinTech acquirers 

demonstrate significantly lower risk than their non-FinTech Acquiring counterparts.  

 The results in Table 6 indicate that on average the FinTech acquirers have 

significantly different levels of performance and risk compared to the average non-FinTech 

acquirer.  Ghosh (2001) demonstrated statistically significant differences in performance 

between acquiring firms and non-acquiring firms and argued that these differences could 

be combatted with an appropriate matching procedure.  Following his procedure, I will 

match FinTech acquiring firms to non-FinTech acquiring firms based on industry, pre-

merger size, and pre-merger performance.  These matches will help to eliminate the 

systematic differences between FinTech acquirers and non-FinTech acquirers. These 

results are the topic of the next section.  

6.1.2 Change Model Matched Results 

Table 7 compares the sample of 147 FinTech Acquisitions to a matched sample of 

147 non-FinTech acquisitions conducted in the years 2010 to 2017.  The matching 

procedure follows that of Ghosh (2001) in which FinTech acquirers are first matched to 

non-FinTech Acquirers within the same industry.  Then, again following Ghosh (2001), 

the matches are limited to non-FinTech acquirers which have total assets between 25% to 

200% times the total assets of the FinTech acquirers in the year before the acquisition.  

Finally, a single non-FinTech acquirer is chosen which has the closest pre-acquisition 
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performance to the FinTech acquirer in the year before the acquisition.  This results in a 

matched sample based on industry, premerger size, and premerger performance.  

 Panel A displays the results of the change model for the matched sample comparing 

FinTech acquirers cash flow return to non-FinTech acquirers cash flow return in the six 

years surrounding the acquisition. The first two columns display the mean and median of 

FinTech acquiring firms.  Columns three and four display the mean and median of the 

matched firms, and columns five and six display the difference in the mean and median.  

There are no significant differences between the cash flow return of the FinTech acquirers 

and the matched firms. This indicates that while the procedure allowed for the selection of 

a good match, FinTech acquirers do not experience significant changes in cash flow return 

after the acquisition relative to a matched firm. Figure 1 models the relationship between 

FinTech Acquirers and their matches cash flow return over the six years in question 

graphically.  

 Panel B is organized in the same manner as Panel A but displays the results of the 

ROA metric of performance.  In Panel B, the mean ROA of Fintech acquirers is 1.24% 

higher and statistically significant (p<0.1) than the mean ROA of the matched firms in year 

t-1.  However, there are no other significant differences in the mean or median differences 

across the 6 years analyzed.  Once again, this does indicate a quality match but provides 

initial evidence that FinTech firms do not experience significant changes in performance 

relative to non-FinTech acquirers in the years surrounding the acquisition. Figure 2 models 

the relationship between FinTech acquirers and their matches ROA over the six years in 

question graphically. 
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 Panel C is organized in the same manner as Panels A and B but provides evidence 

about the changes in the risk profiles of FinTech acquirers.  FinTech acquirers and their 

matched counterparts do not demonstrate any significant differences in risk in the two years 

preceding the acquisition but do demonstrate statistically significant differences in all three 

years after the acquisition.  In fact, the median difference is -0.09% (p<0.1), -0.18% 

(p<0.05), and -0.31% (p<.05) in years t+1, t+2, and t+3 respectively.  These results provide 

some initial evidence that risk may decline for FinTech acquirers relative to their matched 

firm’s risk in the years after the acquisition.  Figure 3 models the relationship between 

FinTech acquirers and their matches total risk over the six years in question graphically. 

 Taken together the results in Table 7 do not show significant changes in firm 

performance but do show initial evidence of changes in firm risk profiles for firms that 

acquire FinTech.  Panel C indicates initial support for hypothesis 2.  

6.1.3 Change Model Robustness Checks 

 Prior research has indicated that specifications of the performance metric can 

influence results (i.e. Powell & Stark, 2005).  Thus, in this section, I employ alternative 

measures for performance and risk.  Namely, cash flow return is calculated by dividing by 

the market value of assets and ROA is calculated as EBIT divided by total assets.  For risk, 

I decompose total risk into systematic risk and unsystematic risk. 

 Panel A of Table 8 displays the results for the alternative measure of cash flow 

return. The same matching procedure is applied to match FinTech acquirers to non-FinTech 

acquirers from the same industry with similar pre-acquisitions size and performance 

metrics.  In Panel A, we see that there is only one significant difference between the median 
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cash flow return of FinTech acquirers and the matched firms.  In year t-3 there is a 

significant difference in the median cash flow return of 1.3% (p<0.10).  However, no other 

significant differences exist between the mean or median over the six-year window 

surrounding the acquisition.  This panel provides similar results to Table 6 Panel A. 

 Panel B of Table 8 displays the results for the alternative measure of ROA, using 

the same matching procedure as Table 7. Panel B shows that the mean difference in ROA 

between the FinTech acquirers and the matched firms is positive in all six years and 

significantly different in four of those six years.  Interestingly, the mean differences in post-

acquisition years t+1 and t+2 are significant but none of the differences in medians in the 

post-acquisition years are significant. Taken together, Panel A and Panel B tend to support 

the results of the main analysis.  There do not appear to be consistent significant differences 

in performance of FinTech acquirers after the acquisition relative to non-FinTech 

acquirers. This finding is largely consistent with the finding of Powell and Stark (2005).    

 Panels C and D of Table 8 display the results of the change model using systematic 

and unsystematic risk as the measure of risk.  Similar to the pattern shown in Table 7 Panel 

D, the results in these panels tend to indicate that FinTech acquirers experience lower risk 

than their matched firms in the years following the acquisitions. Specifically, in Panel C, 

the average difference in systematic risk between FinTech acquirers and their matches is -

0.13% (p<0.05) and -0.12% (p<0.05) in year t+1 and t+2 respectively.  In Panel D, the 

average difference in unsystematic risk is -0.21% (p<0.05), -0.20% (p<0.10), -0.21% 

(p<0.05) between FinTech acquirers and the  matched firms sample in the years t+1, t+2, 

and t+3, respectively.  Taken together, these results are generally consistent with the results 
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in Table 7 and provide additional evidence that the acquiring firm’s risk profile tends to 

decline after a FinTech acquisition.   

6.2 The Intercept Methodology Results 

 This section presents the results of the Intercept Methodology and provides 

robustness tests.  First, I will discuss the classic estimation of the Intercept Method 

following Healey (1992), and then I will add deal characteristics to the model following 

Ghosh (2001).  Finally, I will provide robustness tests of the Intercept Methodology using 

alternative measures of performance and risk. 

6.2.1 The Intercept Method 

Table 9 Panel A displays the results of the intercept method on the FinTech 

acquiring firm cash flow return.  In each column industry adjusted cash flow return for the 

given year (t+1, t+2, or t+3) after the acquisition is regressed on the firm’s average industry 

adjusted cash flow return for the three years preceding the acquisition.  In this 

methodology, significant changes in performance are indicated by the direction and the 

significance of intercept coefficient.  All three coefficients are positive indicating positive 

improvements in cash flow in the 3 years following int acquisition, and the intercepts in 

years t+2 and t+3 are statistically significant at the 1% level  

 Panel B of Table 9 displays the results when using ROA as the measure of 

performance.  Similar to the cash flow return regressions, the intercept coefficients are 

positive in all three regressions. Further, the intercept is statistically different from zero in 

all three regressions at the 1% level.  In both the cash flow return regressions and the ROA 

regressions, the intercepts are monotonically increasing as the years after the regression 
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increase, indicating that the performance improvement increases in the time after the 

acquisition.   Taken together, these results provide some initial support for hypothesis; the 

performance of firms acquiring a FinTech firm improves in the three years after the 

acquisition relative to the industry that the acquiring firm belongs.   

Panel C reports the results of the total risk regressions.  In all three columns, the 

intercept coefficients are negative and statistically significant, indicating a significant 

decline in total risk, relative to the industry in which the acquiring firm belongs in the years 

following a FinTech acquisition. In Panels D and E, total risk is decomposed into 

systematic and unsystematic risk, respectively.  The intercept coefficients in Panel D are 

positive and significant, indicating that following an acquisition FinTech firms have a small 

but statistically significant increase in sensitivity to the market.  However, Panel E reports 

the results of the unsystematic risk regressions.  Interestingly, all of the intercept 

coefficients are negative and statistically significant, indicating that firm-specific risk 

declines in the pos-acquisition period. The results in Panels C, D and E lend strong support 

for hypothesis 2: firms acquiring FinTech firms experience significant changes in firm risk 

after a FinTech acquisition.  Taken together, the results thus far show that firm acquiring 

FinTech firms experience improvements in performance reductions in total and firm-

specific risk in the three years following the acquisition.  

6.2.2 The Intercept Method with Deal Controls 

 Prior research has noted that deal size, payment method, and cross-border 

transactions can impact the outcomes of an acquisition.  In this section, I repeat the 

regressions in Table 9 controlling for deal characteristics that may impact the FinTech 

Acquirers performance and risk. 
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 Table 10 presents the results of the intercept method with deal controls.  In all 

regressions in Table 10, the deal controls have the expected sign, however, they are 

insignificant.  This may indicate that deal controls are only relevant in the short term.  

However, following Ghosh (2001) I include the deal controls in my exploration of the 

intercept method to allow for comparison between studies.   

 Panel A of Table 10 presents the results for the cash flow return regressions.  The 

intercepts are all positive and are statistically significant in years t+2 and t+3.  Notably, the 

only real change in the significance of the intercept between Table 9 and Table 10 is that 

the intercept in the year t+1 of Table 10 is not significant.  Relative to their industry, 

FinTech acquirers experience positive improvements in cash flow return in the years 

following the acquisition. 

 Panel B of Table 10 presents the results for the ROA regressions.  The intercepts 

are all positive and statistically significant in year t+2 and t+3. Similar to the cash flow 

return regressions in Panel A, the intercept is not significant in year t+1, however, the other 

intercepts are significant.  These results indicate positive significant improvements in ROA 

in years t+2 and t+3 following the acquisition. 

 Panel C displays the results for the intercept methodology with deal controls for the 

total risk regressions. Similar to Panel A, deal characteristics are not significant, but the 

signs of the coefficients follow the hypothesized direction.  The intercepts are all negative 

and statistically significant.  These results indicate a significant decline in risk relative to 

the FinTech acquirer’s industry in the years after the acquisition.   
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 Adding deal controls to the regression did not add much explanatory power to the 

regressions.  In all three panels, the deal controls had the most impact on the intercept in 

year t+1.  It may be that deal characteristics are only relevant in the short-term window 

surrounding the acquisition.  Overall, the results in Table 10 are consistent with the results 

in Table 9 lending support for hypothesis 1 and 2.  The results in this methodology suggest 

that relative to the firm’s industry, firm performance increases and risk declines following 

a FinTech acquisition. 

6.2.3 Intercept Method Robustness Checks 

 To examine the robustness of the intercept method results, I employ alternative 

measures of performance and risk.  Specifically, I calculate Cash Flow Return by dividing 

by the market value of assets, and I calculate ROA as EBIT divided by total assets.  For 

risk, I decompose total risk into systematic risk and unsystematic risk. 

 Panel A of Table 11 presents the results of the alternative cash flow return 

regressions.  Data availability for this new metric create a slightly smaller sample than the 

results in Tables 9 and 10.  In all three regressions, the deal controls are not significant.  

Pre-acquisition performance is positive and significant predictor of post-acquisition 

performance.  The magnitude of pre-acquisition performance decreases each additional 

year after the acquisition, as would be expected.  The intercepts for years t+1, t+2, and t+3 

respectively are all positive and statistically significant.  These results are consistent with 

Panel A of Table 9 and Panel A of Table 10. 
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Thus, when performance is measured with cash flow returns, the intercept method 

lends support for hypothesis 1.  That is, there is a significant change in the cash flow return 

following a FinTech Acquisition. 

 Panel B presents the results of the intercept model regressions using an alternative 

measure of ROA. The deal controls do not significantly predict performance after the 

acquisition.  However, pre-acquisition ROA does significantly predict post acquisition 

ROA.  The intercepts of the regressions are positive for all three years following the 

acquisition, and are statistically significant in years t+2 and t+3.  Thus, the results are 

consistent with Table 10 and generally support Hypothesis 1.  The intercept methodology 

indicates that relative to their industry FinTech Acquirers experience a significant change 

in ROA in the years following the FinTech acquisition 

 Panel C presents the results of the systematic risk regressions.  In Table 9 Panel D, 

the systematic risk increased slightly in the years after the acquisition.  In Table 11 deal 

controls are added to the regression.  In Table 11 Panel C the intercept is no longer 

significant.  The values of the intercept are 0.001 (t=1.02, p>0.10), 0.000 (t=0.20, p>0.10), 

and 0.000 (t=0.71, p>0.10) for years t+1, t+2, and t+3 respectively.  Thus, the slight 

increase in systematic risk is explained by the deal controls.  Panel D displays the results 

of the unsystematic risk regressions.  The expected relationships hold for the deal 

characteristics and pre-acquisition unsystematic risk.  The intercepts in these regressions 

are -0.003 (t=-1.94, p<0.10), -0.005 (t=-4.04, p<0.01), and -0.004 (t=-3.74, p<0.01).  Taken 

together with panel C, these results indicate that the significant changes in total risk after 

the acquisition are driven by changes in the firm specific risk.  Thus, the intercept model 
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indicates support for hypothesis 2.  There are significant changes in the risk of FinTech 

acquirers relative to their industry in the years after a FinTech acquisition. 

6.3 The Difference in Differences Methodology Results 

 This section presents the results of the difference in differences methodology.  First, 

I examine the results of the difference in differences between FinTech Acquirers and all 

other U.S. firms that made a non-FinTech acquisition in the sample period of 2010-2017.  

Next, I employ propensity score matching to create a balanced sample of FinTech and Non-

Fintech acquirers, and examine the difference in differences among a matched sample. 

Next, I compare FinTech acquirers to non-acquirers from the same industry and the 

industry median.  Finally, I provide robustness checks of the main analysis employing 

alternative measures of performance and risk.  

6.3.1 Difference in Differences Unmatched Results 

 Table 12 presents the results of an unbalanced panel of acquirers.  There are 147 

FinTech acquisitions and 6,629 non-FinTech Acquisitions in the sample period of 2010-

2017. FinTech Acquirers are denoted in the regressions with the FinTech indicator 

variable.  The firm year observations that took place after the acquisition are noted with 

the Post indicator variable.  An interaction between the FinTech indicator variable and the 

Post indicator variable represents the difference in differences between FinTech acquirers 

and Non-FinTech acquirers in the years after the acquisition.  Column 1 of each Panel in 

Table 12 provides the coefficients of a basic difference in differences regression.  Column 

2 in each Panel of the table adds in deal characteristics, and Column 3 in each panel add in 

firm specific controls.   
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 Panel A presents the results of the cash flow return performance metric.  The results 

for the three variables of interest in equations are consistent across all three model 

specifications.  The FinTech indicator variable is negative but not significant in all of the 

three regressions.  This means that the model does not detect significant differences in the 

performance of FinTech acquirers compared to non-FinTech acquirers.  Given the 

unbalanced nature of the data this is not surprising.  The coefficient of the Post acquisitions 

indicator variable is negative and significant in all three model specifications. This 

indicates that cash flow return is significantly lower after the acquisition.  The interaction 

between FinTech and Post is not significant in any of the three models.  This indicates that 

there are no detectable differences in the difference between FinTech acquirers and non-

Fintech acquirers before and after the acquisition.  Again, this result is not surprising given 

the unbalanced nature of the data.  

 Panel B presents the results of the ROA unbalanced difference in differences 

models.  The three variables of interest have the same sign and significance pattern as the 

cash flow return regressions in Panel A.  The coefficient of the FinTech indicator variable 

is positive but not statistically significant.  This indicates that there are no significant 

differences in ROA between FinTech acquirers and non-FinTech acquirers in the 

unbalanced panel.  The coefficient of the Post indicator variable is negative and significant 

in all three models. Thus, the ROA is significantly lower after the acquisition.  The 

coefficient of interaction term is not significant.  Therefore, there is no conclusive evidence 

that there are significant differences between FinTech acquirers and non-FinTech acquirers 

performance before and after the acquisition.  
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 Panel C displays the results of the total risk regressions. The coefficient of the 

FinTech indicator variable is negative and insignificant across the three models in the 

panel.   Therefore, the unbalanced sample does not reveal significant differences in the total 

risk profiles between FinTech acquirers and non-FinTech acquirers.  However, this is not 

surprising given the extremely unbalanced nature of the data set.  The post indicator 

variable is negative and significant across all three model specifications.  Thus, there is 

evidence of a significant decline in risk after an acquisition. The interaction term is not 

significant in any of the model specifications, therefore, there is not enough evidence to 

support difference between fintech acquirers and non-fintech acquirers before and after the 

acquisition.  

 Taken together the results in Table 12 confirm that there are significant changes in 

performance and risk after an acquisition.  However, there is no evidence in the unbalanced 

sample to suggest that FinTech acquirers have significantly different outcomes after the 

acquisition than non-FinTech acquirers.  The lack of results could be attributed to the 

extreme unbalance in the data set. To examine the results in finer detail, I construct a 

balanced sample of acquisitions in the next section.   

6.3.2 Difference in Differences Matched to Non-FinTech Acquirers 

 FinTech acquisitions only comprise about 2% of the total acquisitions conducted 

between 2010 and 2017.  This imbalance in the data set could have significant impacts on 

the ability to detect effects of FinTech acquisitions on performance and risk relative to non-

FinTech acquirers.  To address this imbalance, propensity score matching is employed to 

create a balanced sample of FinTech acquirers and Non-FinTech acquirers.  Equation 6 in 
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Chapter 4 is estimated and a control firm is chosen for each FinTech acquirer based on the 

propensity score obtained from the predicted probabilities of equation 6.  

Table 13 assesses the quality of the propensity score match.  Columns 1-3 display 

the difference between the unmatched groups.  Column 1 shows the mean size, ROA, 

growth, and leverage of the FinTech acquirers.  Column 2 shows the means for the other 

acquirers.  Column 3 displays the difference between these two samples. In column 3, 

FinTech acquirers are significantly larger in size, have significantly higher ROA, have 

significantly higher growth, and significantly lower leverage.  Since these characteristics 

have been shown in the literature to influence the tendency to acquire another firm, it is 

important to identify matched controls that are similar in pre-acquisition characteristics.  

Columns 4-6 of Table 13 show the means and the mean difference between the FinTech 

acquirers and the matched sample of other acquirers, after matching based on the 

propensity score match procedure.  Three out of the four predictor variable are not 

statistically significant in Column 6. The difference in growth between the FinTech 

acquirers and the controls is still significantly different but the magnitude of the difference 

declined after matching. This analysis indicates that the propensity score match procedure 

identified control firms that are similar to the FinTech acquirers on key pre-acquisition 

characteristics. 

 In Table 14, performance and risk metrics are regressed onto the FinTech indicator 

variable, a Post Acquisition indicator variable, and the interaction between the FinTech 

and Post indicator variables.  In column 1, the coefficients are estimated for the three-

predictor model.  In column 2, the deal characteristics are added to the model. In Column 

3, firm specific controls are added to the model.  Across all three model specifications the 



 

60 

coefficient of the FinTech indicator variable is negative and significant. This implies that 

FinTech acquirers have significantly lower cash flow returns than non-FinTech acquirers 

in the matched sample.  The post-acquisition indicator variable is also negative and 

significant across the three models1.  Therefore, there is a significant decline in cash flow 

return after the acquisition.  However, the coefficient of the interaction term is not 

significant in any of the models.  Indicating that acquisition does not impact the cash flow 

of FinTech acquirers differently than it impacts non-FinTech acquirers. Figure 4 illustrates 

the relationship. The average pre-acquisition cash flow for Fintech acquirers was 9.93% 

while the average pre-acquisition cash flow for non-FinTech acquirers was 12.27%.  Both 

significantly decreased after the acquisition.  The average post acquisition performance of 

Fintech acquirers fell to 8.86% while the average post acquisition performance of non-

Fintech acquires fell to 11.34%.  Figure 4 demonstrates that FinTech Acquirer cash flow 

is lower than non-Fintech than non-FinTech cash flow in both periods, a visual 

representation of the negative and significant coefficient of the FinTech indicator variable.  

There is a significant change in the cash flow return following a FinTech acquisition, but 

that change is not significantly different from the change a non-FinTech acquirer 

experiences after an acquisition.  The two lines in the figure appear to be parallel, 

demonstrating that there is not a significant interaction between FinTech and the Post 

Acquisition period.  

 
1The change in the outcome variable over time is captured in the Post Indicator variable which is coded 1 

for observations occurring after the acquisition.  In un-tabulated results, the difference in differences 

models were also estimated with year fixed effects.   The coefficients of the fixed effects were negative and 

significant, indicating that performance and risk declined over time.  These results are consistent with the 

tabulated models, which show negative and significant coefficients of the post indicator variable.  
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 Panel B of Table 14 presents the results of the ROA difference in difference 

estimation.  In the ROA model estimations, the coefficients of the FinTech indicator are 

not significant. The Post acquisition indicator variable is negative and significant in all 

three models.  Further, the coefficient of the Interaction term is positive and significant 

across all three models.  Figure 5 represents this relationship with the least squares mean 

estimates of ROA separated by FinTech and non-Fintech Acquirers.  For FinTech 

Acquirers the average ROA before the acquisitions was 15.54% and after the acquisition it 

was 13.82%.  For non-FinTech Acquirers the least squares mean estimate before the 

acquisition was 14.91% and after the acquisitions it was 11.97%.  While both groups 

experience a significant decline in ROA after the acquisition, Figure 5 illustrates that the 

decline in ROA was less severe for FinTech Acquirers than for non-FinTech acquirers.  

This is a visualization of the interpretation of the coefficients.  The coefficient of the Post 

indicator variable shows that ROA significantly declines after acquisitions. The coefficient 

of the interaction term is positive and significant indicating the for FinTech firms 

experience a significantly smaller decline in ROA than non-FinTech firms.   The lines in 

the figure are not parallel, indicating visually, that FinTech and Post variables interact.  

 Panel C of Table 14 presents the results of the total risk difference in differences 

models.   The coefficient of the FinTech indicator variable is negative and significant across 

the three models.  This indicates that FinTech Acquirers risk is significantly lower than 

non-FinTech Acquirers matched sample.  The post indicator variable is negative and 

significant in models 1 and 2, and the interaction term is negative and significant in model 

3 with b=-0.002 (t=-1.72, p<0.10).  Figure 6 demonstrates the relationships of total risk 

between FinTech Acquirers and the matched non-FinTech acquirers before and after the 
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acquisition.  Panel A graphs the least square means for model 1 and panel B graphs the 

least square means for model 3. In Panel A, the total risk for FinTech Acquirers and Non-

FinTech acquirers appears to change at the same rate.  After controlling for acquiring firm 

characteristics, as in panel B, the FinTech Acquirers appear to have a more significant 

decline in risk.  

 These results are consistent with the t-tests in table 5 and the matched change model 

results in Tables 7 and 8.  Cash flow, ROA, and Risk all tend to significantly decline after 

the acquisition.  However, they don’t consistently experience changes after the acquisition 

that are significantly different from changes that other types of acquirer’s experience when 

the FinTech acquirer is matched to a non-Fintech acquirer based on pre-merger 

characteristics. 

 The results of the propensity score matched diff-in-diff analysis are not necessarily 

inconsistent with the intercept method results. The intercept method showed positive 

intercepts for cash flow return and ROA indicating significant improvements in 

performance relative to the acquirer’s industry.  This does not mean that performance 

increased.  It means that acquirers did significantly better compared to the industry after 

the acquisition than they did before the acquisition.  It is possible that all performance 

declined over the sample period, but FinTech acquirers experienced a slower decline, and 

thus outperformed their industry peers.  To test this idea, the differences in differences 

methodology is applied again by matching FinTech acquirers to firms that are similar in 

pre-acquisition characteristics, and in the same industry, to firms that did not conduct any 

acquisitions in the sample period. Those results are the topic of the next section. 
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6.3.3 Difference in Differences other matches 

 To compare the results of the difference in differences methodology to the intercept 

method, I conduct two additional analyses.  First, I match FinTech acquirers to firms that 

did not conduct an acquisition in the sample period.  Next, I compare FinTech acquirers to 

their industry median. 

6.3.3.1 Difference in Differences Matched to Non-Acquirers 

 In the previous section FinTech Acquiring firms were matched to other firms who 

conducted non-FinTech acquisitions during the 2010-2017 sample period.  In this section 

I will compare FinTech Acquirers to firms who did not conduct an acquisition in the 2010-

2017 sample period.  Using the same propensity score matching procedure, I select one 

non-acquirer for each FinTech acquirer.  These pairs are matched based on industry and 

other pre-merger characteristics shown to predict acquisitions. Table 15 presents the results 

of the difference in differences methodology applied to this sample. Panel displays the 

results of  the cash flow return regressions in columns 1 and 2, and the results of the ROA 

regressions in columns 3 and 4.  Deal controls are not included in these regressions, since 

the industry match did not make an acquisition during the sample period.  The FinTech 

indicator variable is positive in models 1, 3, and 4 but it is not statistically significant. The 

post indicator variable is negative and significant in all four models.  Indicating that 

performance declined in the post-acquisition period.  The interaction term is positive, but 

only significant in model 4.  These results indicate that FinTech acquirers experience a 

significant difference in ROA after the acquisition but not in CFR.  

 Panel B displays the results of the total risk regression.  The FinTech and Post 

indicator variables are negative and significant in both models, but the interaction term is 
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not.  These results are consistent with the other diff-in-diff estimations and the change 

model analyses.   

6.3.3.2 Difference in Differences Matched to Industry Median 

 Next, I compare each FinTech firm to its industry median.  That is in Table 16, 

difference-in-differences models are estimated on a balanced panel of data.  The sample 

contains the observations of each FinTech acquirer for the years t-3 to t+3 around the 

FinTech acquisition.  Each FinTech acquirer is matched to the industry median 

performance and risk values over the same fiscal years.  The FinTech indicator variable is 

coded 1 for the FinTech acquirers and 0 for the industry median. Both the CFR (model 1) 

and ROA (model 2) have positive and significant FinTech indicator variables, meaning 

that FinTech Acquirers had higher performance than their industry median.  The Post 

indicator variable is also negative and significant in models 1 and 2.  Indicating that 

performance significantly declined over the sample period.  The interaction term is not 

significant for CFR or ROA.  It is positive in model 1 and negative in model 2.  Therefore, 

it seems that the positive intercepts for the performance proxies in the intercept model 

results are due to the fact that FinTech acquirers tend to outperform the industry median.   

6.3.4 Difference in Differences Robustness Checks 

As a final robustness test in this dissertation, Table 17 replicates the methodology 

of Table 14 with alternative measures of performance and risk. Panel A reports the results 

of the alternative measure of cash flow return.  The coefficient of the FinTech indicator 

variable is negative and significant for model 1 and 2 but is not statistically significant in 

model 3.  The Post indicator variable is negative and significant across all three model 
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estimations. The interaction term is positive in all three model but not statistically 

significant.  These results are consistent with Panel A of Table 14. 

Panel B of Table 17 presents the results of the alternate measure of ROA.  The 

FinTech indicator variable is not significant in any of the three regressions.  The Post 

indicator variable is negative and significant across all three regressions. The interaction 

term is positive and significant for all three models.  Taken together these results indicate 

that ROA declines after the acquisition, but that it declines at a lower rate for FinTech 

Acquirers.  These results are consistent with Panel B of Table 14. 

 I decompose total risk into systematic risk and unsystematic risk.  These results are 

presented in Table 17 Panels C and D, respectively. In Panel C the coefficient of the Post 

variable is negative and significant in all three models.  The means that there is a significant 

decline in systematic risk after the acquisition. In Model 3, the interaction term is negative 

and significant.  This is consistent the pattern in Table 14 in which the interaction term was 

only significant in model 3. In Panel D the FinTech coefficient is negative and significant 

in models 2 and 3.  The coefficient of the Post indicator variable is negative and significant 

in models 1 and 2.  The significant interaction term in model 3 is also consistent with Table 

14.  Thus, taken together the results in Table 14 are robust to alternate measures of 

performance and risk.  
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Chapter 7: Conclusion 

 In this dissertation I examined whether acquirers of FinTech experience significant 

changes in performance and risk following a FinTech acquisition.  I conducted three 

analyses: the change model, the intercept method, and differences in differences 

methodology.  I also examined FinTech acquirers relative to two different control groups: 

other acquirers and the FinTech acquirer’s industry peers.   

7.1 Discussion 

 In the change model I examine the performance and risk profiles of FinTech 

acquirers relative to other non-FinTech acquirers. The results showed a significant 

difference between the average FinTech acquirer and non-FinTech acquirer in terms of 

performance and risk, however, when FinTech and non-FinTech acquirers were matched 

in terms of pre-acquisition performance, industry, and size those differences seemed to 

dissipate. This method provided no evidence that FinTech acquirers experienced any 

changes in performance around the acquisition that are different from those the matched 

control sample.  However, the change model did show that risk significantly declined for 

FinTech Acquirers. 

 The intercept method compared FinTech acquirers to the industry median 

performance and risk.  These results indicated that FinTech acquirers outperformed their 

industry in the years following the acquisition, and experienced lower risk profiles than 

their industry in the years following the acquisition. 

 Next, I examined the changes in performance and risk with the difference in 

differences methodology.  First a difference in differences analysis was conducted that 
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explored the differences between FinTech acquirers and all other acquirers. These results 

revealed that on average performance and risk decline after an acquisition.  However, this 

sample was extremely unbalanced with FinTech acquirers accounting for only about 2% 

of the sample.  To control for the imbalance, I employed propensity score matching to 

select a control firm for each acquirer that was similar in pre-acquisition characteristics.  

When I applied the difference in difference methodology to the balanced sample the 

performance results were mixed.  The cash flow return results indicated that on average 

there was a decline in performance after the acquisition, and that FinTech acquirers had 

lower cash flows than non-FinTech acquirers.  The ROA results indicated that though on 

average performance declined after the acquisition, it declined at a lower rate for FinTech 

acquirers.  The risk results were consistent with the change model and the intercept method, 

there was evidence that FinTech acquirers experience a more significant decline in risk 

relative to other acquirers. 

 The Intercept Model showed that performance improved relative to industry 

median.  To examine this result with the diff-in-diff methodology first I matched each 

FinTech acquirer to a non-FinTech acquirer from the same industry and examined the 

difference in differences between those firm’s performance and risk.  Next, I examined the 

difference in differences between FinTech acquiring firms and their industry medians 

before and after the acquisition. The results of the industry median difference in differences 

indicate that FinTech Acquirers have significantly higher performance and significantly 

lower risk than the median performance and risk from their respective industries.   

 Overall, the analysis in this dissertation shows that there are significant changes in 

performance and risk around the acquisition, but the performance results differ based on 
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performance metric and methodology.  These changes may help the FinTech acquirer be 

more competitive within their industry by improving performance relative to the industry 

median performance and lowering risk relative to the industry median risk.  It is important 

for management to consider the strategic benefit of reducing risk if they will also 

experience declines in operating performance. 

7.2 Contributions 

 FinTech is changing many aspects of the Financial Services industry. While 

FinTech applications are increasingly becoming a part of consumers daily life, FinTech 

research is at an early stage.  This study contributes to the FinTech literature by exploring 

whether acquirers benefit from a FinTech acquisition.  While the performance results are 

sensitive to metric and benchmark, the three different methodologies employed 

consistently showed declines in the FinTech acquirers risk profiles. Understanding the 

nuances of the impact on FinTech acquisitions on the acquiring firm is important for 

managerial decision making, especially as Financial Services firms grapple with the 

changes they are facing in their business strategy due to FinTech innovation. 

 This study is one of the first studies to examine performance and risk together.  The 

results indicate that operating performance tends to decline after an acquisition.  This is 

consistent with prior operating performance studies. It is natural to ascribe declines in 

performance after an acquisition to managerial hubris or overconfidence, however, the 

results of this research indicate that though operating performance tends to decline 

acquiring firms receive benefits from the acquisition through declines in firm risk.  Thus, 

there are observable strategic benefits from an acquisition strategy. 
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 Finally, this is the first to my knowledge to utilize propensity score matching and 

the difference in differences methodology to explore changes in risk after an acquisition.  

This contribution is important because it shows that the declines in risk modeled in prior 

research are robust to different methodologies and controls for alternative drivers of firm 

risk.  This study also showed that after controlling for alternative drivers of firm risk 

FinTech acquirers experience greater declines risk after the acquisition than non-FinTech 

acquirers.  

7.2 Limitations and Future Research 

 This dissertation is not without limitations.  Perhaps the greatest limitation is the 

proposed definition of FinTech M&A.  I followed prior research in identifying FinTech 

Acquisitions (Dranev et al., 2019), however, the procedure may have still excluded some 

important acquisitions.  FinTech research is sparse, so in spite of this limitation, this 

dissertation still provides important insights for both academics and practitioners.  

 Additionally, this research does not examine the strategic motivation of the FinTech 

acquisition.  FinTech is a broad range of innovations that will necessarily serve different 

purposes within the Acquirers business models.  Future research could examine the 

strategic role of the acquisition and the differential impacts on firm performance and risk 

following the acquisition. Another avenue of future research could examine if acquirers 

that are members of the financial services industry are more successful at integrating 

FinTech Acquisitions into their business models.    

 Finally, FinTech acquisitions could provide other positive benefits that weren’t 

examined in this dissertation.  For example, future research could explore how FinTech 
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acquisitions impact firm’s ability to innovate by examining patents and changes in 

Research and Development.  FinTech may also impact other types of firm risk such as 

susceptibility to cyber-attacks and data breaches.  There are many ways that FinTech might 

improve business operations that should be explored.   
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Appendix 

Definition of Variables 

 

CFR 1 Sales minus cost of goods sold, minus selling and administrative 

expenses plus depreciation and good will amortization scaled by 

the market value of equity plus the book value of debt 

CFR 2 Sales minus cost of goods sold, minus selling and administrative 

expenses plus depreciation and good will amortization scaled by 

the market value assets 

ROA EBITDA Return on assets: operating income before depreciation divided by 

total assets 

ROA EBIT Returns on assets: earnings before interest and taxes divided by 

total assets 

Total Risk The annualized standard deviation of stock returns. 

Systematic Risk The annualized standard deviation of daily market returns 

multiplied by 𝛽 

Unsystematic 

Risk 

The annualized standard deviations of the market model residuals 

Deal Size The log transformation of the acquisition size in millions 

Payment Method Indicator variable coded 1 for cash and 0 otherwise. 

Industry Related Indicator variable coded 1 if the target and acquirer are from the 

same industry, 0 otherwise 

Cross Border Indicator variable coded 1 if the target and the acquirer are both 

U.S. firms, 0 otherwise 

Size Natural logarithm of total assets 

Growth Market value of assets divided by total assets 

Leverage Total debt divided by the market value of assets 

Age Age of the firm 

 

 

 

 

 



 

85 

Figures 

  



 

86 

Figure 1 

Change Model: CFR 

Figure 1 presents the cash flow return change model results for FinTech Acquirers 

compared to a matched sample of Non-FinTech Acquirers. Following the matching 

procedure of Ghosh (2001) each FinTech acquirer is matched to a non-FinTech acquirer, 

based on industry, size, and pre-merger performance.   
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Figure 2 

Change Model: ROA 

Figure 2 presents the ROA change model results for FinTech Acquirers compared to a 

matched sample of Non-FinTech Acquirers. Following the matching procedure of Ghosh 

(2001) each FinTech acquirer is matched to a non-FinTech acquirer, based on industry, 

size, and pre-merger performance.   
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Figure 3 

Change Model: Total Risk 

Figure 3 presents the total risk change model results for FinTech Acquirers compared to a 

matched sample of Non-FinTech Acquirers. Following the matching procedure of Ghosh 

(2001) each FinTech acquirer is matched to a non-FinTech acquirer, based on industry, 

size, and pre-merger performance.  
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Figure 4 

Least Squares Means: CFR 

Figure 4 presents the mean effect analysis for the cash flow return difference in 

difference model.  In this model, each FinTech acquirer is matched to a non-FinTech 

Acquirer through a propensity score matching procedure.  
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Figure 5 

Least Squares Means: ROA 

Figure 5 presents the mean effect analysis for the ROA difference in difference model.  In 

this model, each FinTech acquirer is matched to a non-FinTech Acquirer through a 

propensity score matching procedure.  
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Figure 6 

Total Risk 

Figure 6 presents the mean effect analysis for the total risk difference in difference 

model.  In this model, each FinTech acquirer is matched to a non-FinTech Acquirer 

through a propensity score matching procedure. Panel A displays the change in the least 

square means when the model is estimated without firm controls. Panel B displays the 

change in the least squares means when the model is estimated with controls. 

Panel A: Model 1 No Controls 

 

Panel B: Model 3 Deal Characteristics and Firm Characteristic Controls 
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Tables 
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Table 1 
Sample of FinTech Acquisitions by Year 

Table 1 reports the number of FinTech acquisitions from 2010 to 2017 for which data are 

available in Compustat and CRSP.  Financial Firms denote acquisitions in which the 

acquirer is from the financial industry.  Other Firms denote acquisitions in which the 

acquirer is from an industry other than the financial industry.  

Year Financial Firms Other Firms Total 

2010 7 10 17 

2011 9 12 21 

2012 8 12 20 

2013 4 13 17 

2014 7 16 23 

2015 4 12 16 

2016 2 4 6 

2017 12 15 27 

Total 53 94 147 
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Table 2 
Descriptive Statistics 

Table 2 displays summary information for all FinTech acquirers for all sample years. 

 Yes(%) No (%)   

Deal Characteristics     

Payment Method: Cash 59.86 40.14   

Related Industry 44.22 55.78   

Cross border 27.89 72.11   

 Mean Median Std Dev  

Deal Value (millions) 406.1387 95.0000 1027.84  

3 Day CAR     0.0209    

 Mean Median Std Dev  

Performance      

CFR 0.0931 0.0846 0.0498  

ROA 0.1277 0.1136 0.1086  

     

Risk      

Total Risk 0.0322 0.0265 0.0384  

Systematic Risk 0.0164 0.0140 0.0103  

Unsystematic Risk 0.0266 0.0205 0.0377  

     

Acquirer Characteristics     

Size 8.0349 7.7515 2.1032  

Growth 2.1498 1.6309 2.1462  

Leverage 0.1782 0.1359 0.1795  

Liquidity 1.2122 0.7644 1.5026  

Age 19.1420 16.0000 13.7832  
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Table 3 
Difference in Mean Sample 

Table 3 reports the difference in mean test for the sample of acquirers from 2010 to 2017.  

Panel A report the difference in means between FinTech Acquirers and All Other 

Acquirers. Panel B reports the difference in means between Financial Firms and Non-

Financial firms that made a FinTech acquisition between 2010 to 2017. ***, **, and * 

denotes significant at the 1%, 5% and 10% level, respectively. 

 

Panel A 

 

FinTech 

Acquirers 

Other 

Acquirers 

Difference in 

Means 

Performance    

CFR 0.0946 0.1089      -0.0143*** 

ROA 0.1309 0.0813       0.0496*** 

Risk     

Total Risk 0.0324 0.0396      -0.0072** 

Systematic Risk 0.0163 0.0170      -0.0007*   

Unsystematic Risk 0.0270 0.0337      -0.0066*** 

Acquirer Characteristics    

Size 7.9885 7.7172       0.2713*** 

Growth 2.1305 1.7050       0.4255*** 

Leverage 0.1780 0.2612      -0.0831*** 

Liquidity 1.2082 1.1114       0.0969 

Age 18.8885 24.0520      -5.1635*** 
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Panel B 

 Financial Firms Other Firms 

Difference in 

Means 

Performance    

CFR 0.0822 0.0959        -0.0137*** 

ROA 0.1132 0.1361        -0.0229*** 

Risk     

Total Risk 0.0311 0.0329        -0.0018 

Systematic Risk 0.0171 0.0161         0.0010   

Unsystematic Risk 0.0250 0.0276       -0.0026 

Acquirer 

Characteristics    

Size 8.9784 7.5005         1.4779*** 

Growth 1.9563 2.2593         0.3030** 

Leverage 0.2300 0.1489         0.0811*** 

Liquidity 1.2621 1.1945         0.0676 

Age 18.0943 19.7500        -1.6557* 
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Table 4 
Pearson Correlation Coefficients 

Table 4 reports the Pearson correlation coefficients for FinTech Acquirers between 2010 and 2017.  

  

CFR ROA Total Risk 
Systematic 

Risk 

Unsystematic 

Risk 
Size Growth Leverage Liquidity Age 

CFR 1.0000           

ROA 0.2172 1.0000         

Total Risk 0.1488 -0.0973 1.0000        

Systematic Risk 0.1063 -0.1246 0.7068 1.0000       

Unsystematic Risk 0.1425 -0.0920 0.9954 0.6402 1.0000      

Size 0.1892 -0.1519 -0.1504 0.0049 -0.1748 1.0000     

Growth -0.5072 0.7417 -0.0694 -0.1161 -0.0597 -0.2917 1.0000    

Leverage 0.3937 -0.3494 0.0646 0.1084 0.0510 0.4741 -0.4831 1.0000   

Liquidity -0.3364 -0.0956 0.1141 0.1238 0.1153 -0.3265 0.2211 -0.3750 1.0000  

Age 0.4109 0.05337 -0.1169 -0.0527 -0.1257 0.3212 -0.1734 0.3626 -0.2897 1.0000 
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Table 5 
Difference in Means: Pre-Acquisition vs. Post-Acquisition 

Table 5 presents t-tests for the change in performance, risk, and firm control between pre-

acquisition (years t-3 to t-1) and post-acquisition (years t+1 to t+3) periods for the FinTech 

acquirer sample. ***, **, and * denotes significant at the 1%, 5% and 10% level, 

respectively. 

 

 Pre-Acquisition 

Post-

Acquisition 

Difference in 

Means 

Performance    

CFR 1 0.0983 0.0885       0.0099** 

CFR 2 0.1014 0.0918       0.0096** 

ROA EBITDA 0.1350 0.1213       0.01360* 

ROA EBIT 0.1010 0.0878       0.0132* 

Risk     

Total Risk 0.0354 0.0295       0.0070** 

Systematic Risk 0.0201 0.0139       0.0062*** 

Unsystematic Risk 0.0292 0.0251       0.0041 

Acquirer Characteristics    

Size 7.7349 8.3749      -0.6443*** 

Growth 2.2130 2.2137       0.0893 

Leverage 0.1609 0.1948      -0.0339** 

Liquidity 1.3124 1.0918       0.2206* 
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Table 6 
Change Model 

Table 6 reports the results of the change model analysis for FinTech Acquirers compared 

to all Non-FinTech Acquirers.  Panel A reports the results for changes in cash flow return 

using the CFR 1 proxy.  Panel B reports the results for changes in ROA using the ROA 

EBITDA proxy.  Panel C reports the results for changes in total risk.  Panel D reports the 

results for changes in systematic risk.  Panel E reports the results for changes in 

idiosyncratic risk. ***, **, and * denotes significant at the 1%, 5% and 10% level, 

respectively. 

  

Panel A: CFR  

Years around 

Acquisition 

Date 

FinTech Acquirers  Other Acquirers  

Difference          

(Fintech - 

Other) 

 Mean  Mean  Mean 

-3 0.1026  0.1145       -0.0119** 

-2 0.1043  0.1178       -0.0135** 

-1 0.0929  0.1090       -0.0161*** 

1 0.0919  0.1090       -0.0172** 

2 0.0914  0.1014       -0.0100 

3 0.0875  0.1013       -0.0137 
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Panel B: ROA  

Years around 

Acquisition 

Date 

FinTech Acquirers  Other Acquirers  
Difference          

(FinTech-Other) 

 Mean  Mean  Mean 

-3 0.1402  0.0795  0.0606*** 

-2 0.1355  0.0849  0.0505*** 

-1 0.1392  0.0850  0.0542*** 

1 0.1239  0.0842  0.0396*** 

2 0.1265  0.0674  0.0591*** 

3 0.1248  0.0844  0.0404*** 
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Panel C: Total Risk 

Years around 

Acquisition 

Date 

FinTech Acquirers  Other Acquirers  
Difference          

(FinTech-Other) 

 Mean  Mean  Mean 

-3 0.0375  0.0562       -0.0187** 

-2 0.0371  0.0543       -0.0172** 

-1 0.0356  0.0413       -0.0057* 

1 0.0368  0.0315        0.0053 

2 0.0249  0.0299       -0.0050*** 

3 0.0268  0.0313       -0.0045*** 
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Panel D: Systematic Risk 

Years around 

Acquisition 

Date 

FinTech Acquirers  Other Acquirers  
Difference          

(FinTech-Other) 

 Mean  Mean  Mean 

-3 0.0220  0.0228  -0.0008 

-2 0.0207  0.0225  -0.0018 

-1 0.0172  0.0186  -0.0013 

1 0.0154  0.0144  0.0010 

2 0.0121  0.0124  -0.0003 

3 0.0138  0.0133  -0.0005 

. 
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Panel E: Unsystematic Risk 

Years around 

Acquisition 

Date 

FinTech Acquirers  Other Acquirers  
Difference          

(FinTech-Other) 

 Mean  Mean  Mean 

-3 0.0294  0.0466       -0.0172*** 

-2 0.0295  0.0450       -0.0155*** 

-1 0.0299  0.0352       -0.0053* 

1 0.0321  0.0271        0.0050 

2 0.0212  0.0266       -0.0053*** 

3 0.0223  0.0275       -0.0052*** 
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Table 7 
Change Model Matched 

 

Table 7 reports the results of the change model analysis for FinTech Acquirers compared 

to a matched sample of Non-FinTech Acquirers. Following the matching procedure of 

Ghosh (2001) each FinTech acquirer is matched to a non-FinTech acquirer, based on 

industry, size, and pre-merger performance.  Panel A reports the results for changes in cash 

flow return using the CFR 1 proxy.  Panel B reports the results for changes in ROA using 

the ROA EBITDA proxy.  Panel C reports the results for changes in total risk. ***, **, and 

* denotes significant at the 1%, 5% and 10% level, respectively. 

 

 

Panel A: CFR  

Years 

around 

Acquisition 

Date 

 

Acquiring Firms  Matched Firms  

Difference          

(Acquiring-

Matched) 

  

 

Mean Median Mean Median Mean Median 

-3 

 

0.1076 0.0990 0.0924 0.0970  0.0137  0.0083 

-2 

 

0.1064 0.0985 0.0994 0.0964  0.0073  0.0076 

-1 

 

0.0923 0.0866 0.0927 0.0865 -0.0004 -0.0000 

1 

 

0.0929 0.0839 0.0876 0.0882  0.0053  0.0018 

2 

 

0.0951 0.0853 0.0878 0.0943  0.0037  0.0013 

3 

 

0.0901 0.0806 0.0884 0.0960  0.0016 -0.0006 
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Panel B: ROA 

Years around 

Acquisition 

Date 

Acquiring Firms  Matched Firms  

Difference          

(Acquiring-

Matched) 

  Mean Median Mean Median Mean Median 

-3 0.1433 0.1282 0.1273 0.1158 0.0153 0.0151 

-2 0.1381 0.1283 0.1286 0.1158 0.0088 0.0199 

-1 0.1428 0.1296 0.1303 0.1284 0.0124* 0.0034 

1 0.1328 0.1253 0.1238 0.1235 0.0090 0.0042 

2 0.1367 0.1212 0.1266 0.1299 0.0102 -0.0017 

3 0.1317 0.1145 0.1184 0.1235 0.0133 0.0055 
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Panel C: Total Risk  

Years around 

Acquisition 

Date 

Acquiring Firms  Matched Firms  
Difference          

(Acquiring-Matched) 

  Mean Median Mean Median Mean Median 

-3 0.0369 0.0330 0.0404 0.0366 -0.0035** -0.0028*** 

-2 0.0356 0.0301 0.0390 0.0339 -0.0029 -0.0002 

-1 0.0345 0.0278 0.0322 0.0285  0.0023  0.0001 

1 0.0266 0.0241 0.0279 0.0251 -0.0013 -0.0009* 

2 0.0243 0.0224 0.0268 0.0262 -0.0025*** -0.0018** 

3 0.0236 0.0203 0.0269 0.0225 -0.0034** -0.0031** 
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Table 8 
Change Model Robustness Results  

 

Table 8 reports the results of the change model analysis for FinTech Acquirers compared 

to a matched sample of Non-FinTech Acquirers. Following the matching procedure of 

Ghosh (2001) each FinTech acquirer is matched to a non-FinTech acquirer, based on 

industry, size, and pre-merger performance.  Panel A reports the results for changes in cash 

flow return using the CFR 2 proxy.  Panel B reports the results for changes in ROA using 

the ROA EBIT proxy.  Panel C reports the results for changes in systematic risk. Panel D 

reports the results for changes in unsystematic risk. ***, **, and * denotes significant at 

the 1%, 5% and 10% level, respectively. 

 

Panel A: CFR  

Years around 

Acquisition 

Date 

Acquiring Firms  Matched Firms  

Difference          

(Acquiring-

Matched) 

  Mean Median Mean Median Mean Median 

-3 0.1068 0.1000 0.0954 0.0926  0.0120  0.0130* 

-2 0.1055 0.0956 0.1041 0.0954  0.0062  0.0063 

-1 0.0959 0.0870 0.1015 0.0876 -0.0026 -0.0010 

1 0.0917 0.0831 0.1018 0.0911 -0.0040 -0.0031 

2 0.0969 0.0864 0.1022 0.0869 -0.0003  0.0018 

3  0.0954 0.0764   0.1094 0.0840  -0.0148 -0.0097  
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Panel B: ROA  

Years 

around 

Acquisition 

Date 

Acquiring Firms  Matched Firms  

Difference          

(Acquiring-

Matched) 

  Mean Median Mean Median Mean Median 

-3 0.1036 0.0892 0.0780 0.0735 0.0250* 0.0219** 

-2 0.0978 0.0890 0.0784 0.0722 0.0188 0.0206** 

-1 0.1049 0.0898 0.0798 0.0812 0.0251*** 0.0176** 

1 0.0936 0.0875 0.0716 0.0768 0.0220* 0.0098 

2 0.0982 0.0817 0.0778 0.0821 0.0204* 0.0052 

3  0.0916 0.0719   0.0741 0.0852   0.0175 0.0132  
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Panel C: Systematic Risk 

Years 

around 

Acquisition 

Date 

Acquiring Firms  Matched Firms  
Difference          

(Acquiring-Matched) 

  Mean Median Mean Median Mean Median 

-3 0.0220 0.0184 0.0241 0.0184 -0.0013 -0.0015 

-2 0.0201 0.0163 0.0305 0.0170 -0.0012 -0.0007 

-1 0.0167 0.0154 0.0168 0.0149 0.0001 0.0001 

1 0.0140 0.0134 0.0154 0.0141 -0.0013*** -0.0009** 

2 0.0123 0.1210 0.0135 0.0131 -0.0012** -0.0004*** 

3 0.0123 0.0125 0.0128 0.0124 -0.0005 -0.0006 
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Panel D: Unsystematic Risk 

Years 

around 

Acquisition 

Date 

Acquiring Firms  Matched Firms  
Difference          

(Acquiring-Matched) 

  Mean Median Mean Median Mean Median 

-3 0.0287 0.0248 0.0321 0.0265 -0.0037*** -0.0028** 

-2 0.0282 0.0231 0.0493 0.0251 -0.0216 -0.0029 

-1 0.0290 0.0214 0.0265 0.0221  0.0025  0.0001 

1 0.0222 0.0186 0.0244 0.0214 -0.0021** -0.0005 

2 0.0208 0.0181 0.0229 0.0211 -0.0020* -0.0009 

3  0.0204 0.0176   0.0225 0.0202  -0.0021** -0.0016** 
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Table 9 
Intercept Method 

Table 9 reports the results of the Intercept Method. Industry adjusted post-acquisition 

performance or risk is regressed onto the average industry adjusted performance risk for 

the three years before the acquisition.  Panel A reports the results of the Cash Flow Return 

Regression using the CFR 1 proxy. Panel B reports the results of the ROA regressions 

using the ROA EBITDA proxy.  Panel C reports the results of the total risk regression. 

Panel D reports the results of the systematic risk regressions.  Panel E reports the results of 

the unsystematic risk regressions. ***, **, and * denotes significant at the 1%, 5% and 

10% level, respectively. 

 

Panel A: Cash Flow Return 

 (1)  (2)  (3)  

 Year t+1  Year t+2  Year t+3  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept 0.0077 1.58  0.0172*** 4.16  0.0214*** 4.69  

Beta 0.8017*** 7.52  0.7257*** 7.97  0.4903*** 4.51  

# Observations 101  97  86  

R-Squared 0.3573  0.3945  0.1854  

 

Panel B: ROA 
 (1)  (2)  (3) 

 Year t+1  Year t+2  Year t+3 

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept 0.0159***  2.68  0.0255***  4.55  0.0265***  4.10 

Beta 0.6374*** 13.39  0.5980*** 13.42  0.6677*** 11.65 

# Observations 141  137  113 

R-Squared 0.5602  0.5684  0.5461 
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Panel C: Total Risk 
 (1)  (2)  (3)  

 Year t+1  Year t+2  Year t+3  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept -0.002** -2.42  -0.003*** -4.96  -0.003*** -4.32 
 

Beta  0.161***  5.06   0.161***  7.97   0.336***  6.68 
 

# Observations 134  130  106 
 

R-Squared 0.1559  0.2102  0.2933 
 

 

Panel D: Systematic Risk 
 (1)  (2)  (3)  

 Year t+1  Year t+2  Year t+3  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept 0.002*** 3.73  0.001*** 3.17  0.001*** 2.34 
 

Beta 0.373*** 8.26  0.301*** 7.18  0.283*** 4.92 
 

# Observations 134  130  106 
 

R-Squared 0.3359  0.2813  0.1813 
 

 

Panel E: Unsystematic Risk 
 (1)  (2)  (3)  

 Year t+1  Year t+2  Year t+3  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept -0.003** -2.87  -0.004*** -5.57  -0.003*** -4.33 
 

Beta  0.169***  4.95   0.165***  5.97   0.315***  6.75 
 

# Observations 134  130  106 
 

R-Squared 0.1500  0.2102  0.2982 
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Table 10 
Intercept Method with Deal Controls 

 

Table 10 reports the results of the Intercept Method. Industry adjusted post-acquisition 

performance or risk is regressed onto the average industry adjusted risk for the 3 years 

before the acquisition and deal specific controls used in prior literature.  Panel A reports 

the results of the Cash Flow Return Regression using the CFR 1 proxy. Panel B reports the 

results of the ROA regressions using the ROA EBITDA proxy.  Panel C reports the results 

of the total risk regression. ***, **, and * denotes significant at the 1%, 5% and 10% level, 

respectively. 

 

 

Panel A: CFR 
 (1)  (2)  (3)  

 Year t+1  Year t+2  Year t+3  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept  0.0110  1.43   0.022***  3.30   0.025***  3.62 
 

Beta  0.799***  7.28   0.736***  7.85   0.494***  4.42 
 

Deal Size -0.001 -0.11  -0.002 -0.55  -0.000 -0.10 
 

Payment Method: 

Cash  0.001  0.05   0.004  0.56   0.002  0.24 
 

Cross Border -0.012 -1.27  -0.006 -0.78  -0.008 -0.97 
 

# Observations 101  97  86 
 

Adj. R-Squared 0.3483  0.3830  0.1661 
 

 

Panel B:  ROA  
  (1)  (2)  (3) 

  Year t+1  Year t+2  Year t+3 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept 
 

 0.006  0.61   0.017**  2.09   0.023**  2.49 

Beta 
 

 0.634*** 13.21   0.595*** 13.32   0.658*** 11.20 

Deal Size 
 

-0.005 -1.05  -0.006 -1.22  -0.001 -0.09 
Payment Method: 

Cash 

 

 0.011  1.07   0.005  0.47   0.004  0.32 

Cross Border 
 

 0.015  1.29   0.020*  1.93   0.010  0.79 

# Observations 
 

141  137  113 

Adj. R-Squared 
 

0.5665  0.5798  0.5393 
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Panel C: Total Risk 

  

  (1)  (2)  (3) 

  Year t+1  Year t+2  Year t+3 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept 
 

-0.003* -1.85  -0.005*** -4.06  -0.004*** -3.38 

Beta 
 

 0.153***  4.78   0.156***  5.73   0.311***  6.04 

Deal Size 
 

-0.001 -1.38  -0.001 -1.33  -0.001 -1.13 
Payment Method: 

Cash 

 

 0.002  1.29   0.002  1.81   0.003  1.81 

Cross Border 
 

-0.002 -1.33  -0.001 -0.58  -0.001 -0.53 

# Observations 
 

134  130  106 

Adj. R-Squared 
 

0.1685  0.2263  0.3062 
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Table 11 
Intercept Method Robustness Checks 

Table 11 reports the results of the Intercept Method using alternative measures of 

performance and risk. Industry adjusted post-acquisition performance or risk is regressed 

onto the average industry adjusted risk for the 3 years before the acquisition and deal 

specific controls used in prior literature.  Panel A reports the results of the Cash Flow 

Return Regression using the CFR 2 proxy. Panel B reports the results of the ROA 

regressions using the ROA EBIT proxy.  Panel C reports the results of the systematic risk 

regression. Panel D reports the results of the unsystematic risk regressions.  ***, **, and * 

denotes significant at the 1%, 5% and 10% level, respectively. 

 

 

 Panel A: CFR 

 

Panel B: ROA 

 

  (1)  (2)  (3) 

  Year t+1  Year t+2  Year t+3 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.014*  1.94   0.019***  2.86   0.025***  4.28 

Beta   0.772***  7.33   0.770***  7.89   0.502***  5.01 

Deal Size  -0.001 -0.40  -0.003 -0.99  -0.003 -0.85 
Payment Method: 

Cash  -0.002 -0.23  -0.008 -1.1  -0.007 -0.99 

Cross Border  -0.015 -1.67  -0.004 -0.47  -0.011 -1.49 

# Observations 
 

92  88  77 

Adj. R-Squared 
 

0.3766  0.4051  0.2417 

  (1)  (2)  (3) 

  Year t+1  Year t+2  Year t+3 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept 
 

 0.005  0.53   0.017**  2.01   0.025**  2.58 

Beta 
 

 0.600*** 11.24   0.562*** 11.94   0.625***  9.91 

Deal Size 
 

-0.003 -0.60  -0.005 -0.94  -0.000 -0.05 
Payment Method: 

Cash 

 

 0.012  1.03   0.003  0.25   0.001  0.07 

Cross Border   0.025  2.00   0.029**  2.56   0.015  1.06 

# Observations 
 

141  137  113 

Adj. R-Squared 
 

0.4950  0.5335  0.4802 
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Panel C: Systematic Risk 

 

Panel D: Unsystematic Risk 

  (1)  (2)  (3) 

  Year t+1  Year t+2  Year t+3 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.001  1.02   0.000  0.20   0.000  0.71 

Beta   0.355***  7.91   0.293***  6.88   0.287***  4.89 

Deal Size  -0.001 -1.24  -0.001 -0.44  -0.001 -0.61 
Payment Method: 

Cash   0.001  1.75   0.001**  2.28   0.001  1.57 

Cross Border   0.001  1.87   0.001*  1.86  -0.001  0.60 

# Observations  134  130  106 

Adj. R-Squared  0.3704  0.3228  0.1829 

  (1)  (2)  (3) 

  Year t+1  Year t+2  Year t+3 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept  -0.003* -1.94  -0.005*** -4.04  -0.004*** -3.74 

Beta   0.161***  4.67   0.158***  5.72   0.292***  6.12 

Deal Size  -0.001 -0.83  -0.001 -1.30  -0.001 -1.43 
Payment Method: 

Cash   0.002  1.06   0.001  1.51   0.002  1.60 

Cross Border  -0.003 -1.37  -0.002 -0.99  -0.001 -0.59 

# Observations 
 

134  130  106 

Adj. R-Squared 
 

0.1521  0.2230  0.3120 
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Table 12 
Difference in Differences Unmatched 

 

Table 12 presents the results of unbalanced panel of difference in differences regressions 

between FinTech acquirers and non-FinTech Acquirers. In each regression, performance 

or risk is regressed onto the FinTech indicator variable, a post-acquisition indicator 

variable, and an interaction term.  The difference in differences is represented by the 

coefficient of the interaction between the FinTech indicator variable and the Post 

acquisition indicator variable.  Panel A presents the results of the Cash Flow Return 

regressions measured by CFR 1.  Panel B presents the results of the ROA regressions 

measured by ROA EBITDA.  Panel C presents the results of the Total Risk regressions.  

Panel D presents the results of the systematic risk regressions, and Panel E presents the 

results of the unsystematic risk regressions. ***, **, and * denotes significant at the 1%, 

5% and 10% level, respectively. 

 

Panel A: Cash Flow Return 

 (1)  (2)  (3)  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept  0.111*** 48.17   0.070***  9.56   0.070***  7.99  

FinTech -0.014 -0.89  -0.017 -1.08   0.001  0.08  

Post -0.009*** -3.20  -0.009*** -3.21  -0.016*** -5.94  

FinTech*Post  0.001  0.05   0.001  0.08  -0.001 -0.03  

Deal Size     0.007***  5.63  -0.003** -2.05  

Cash     0.017***  4.13   0.008**  2.27  

Related Industry    -0.001  0.16  -0.001 -0.36  

Cross Border     0.005  1.12  -0.001 -0.15  

Size        0.010***  8.09  

Growth       -0.020*** -14.13  

Leverage        0.058***  6.63  

Risk        0.011***  2.65  

# Observations 25,767  25,767  21,104  

AIC -4970.3  -4981.4  -10,333.4  
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Panel B: ROA 

  (1)  (2)  (3) 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.075*** 12.54  -0.0436** -2.13  -0.010 -0.59 

FinTech   0.059  1.58   0.050  1.34   0.025  1.01 

Post  -0.012*** -2.81  -0.012*** -2.82  -0.015*** -5.64 

FinTech*Post  -0.001 -0.05  -0.001 -0.04  -0.006 -0.43 

Deal Size     -0.017***  5.00  -0.001 -0.51 

Cash      0.062***  5.38   0.037***  4.55 

Related Industry      0.038***  2.79   0.005  0.54 

Cross Border     -0.002 -0.13  -0.008 -1.02 

Size         0.013***  5.74 

Growth         0.012***  6.69 

Leverage        -0.057*** -4.78 

Risk         0.004  1.00 

# Observations  29,829  29,829  113 

AIC  29,935.60  29,904.9  0.5328 
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Panel C: Total Risk  

  (1)  (2)  (3) 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.048*** 23.72   0.074*** 13.58   0.078***  9.03 

FinTech  -0.011 -0.89  -0.011 -0.90  -0.005 -0.33 

Post  -0.015*** -4.91  -0.015*** -4.94  -0.008** -2.48 

FinTech*Post   0.010  0.50   0.010  0.50   0.003  0.18 

Deal Size     -0.004*** -4.36  -0.000 -0.37 

Cash     -0.010*** -3.20  -0.007* -1.91 

Related Industry     -0.007** -2.00  -0.007** -2.14 

Cross Border     -0.002 -0.43   0.002 -0.44 

Size        -0.006*** -5.02 

Age        -0.002  1.15 

Growth         0.065***  7.23 

ROA         0.003  0.69 

# Observations  31,008  29,829  25,426 

AIC  3645.5  3655.69  5366.7 
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Panel D: Systematic Risk 

  (1)  (2)  (3) 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.020*** 83.97   0.021***  28.47   0.021*** 24.18 

FinTech  -0.001 -0.78  -0.001  -0.74  -0.001 -0.99 

Post  -0.006*** -20.87  -0.006*** -20.87  -0.005*** -25.54 

FinTech*Post   0.001   0.63   0.001   0.64   0.000   0.03 

Deal Size     -0.000  -1.13  -0.000 -0.69 

Cash     -0.001***  -3.50  -0.001** -2.41 

Related Industry      0.000   0.23   0.000  0.45 

Cross Border      0.002***   3.93   0.001*  1.75 

Size        -0.000 -0.96 

Age        -0.001*** -2.91 

Growth         0.001**  2.28 

ROA         0.001  0.74 

# Observations  31,008  29,829  25,426 

AIC  -136,913  -136,883  -128567 
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Panel E: Unsystematic Risk 

 (1)  (2)  (3) 

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept  0.038*** 25.84   0.064*** 15.29   0.085*** 12.73 

FinTech -0.010 -1.05  -0.010 -1.03  -0.008 -0.73 

Post -0.011*** -4.92  -0.011*** -4.94  -0.005* -1.68 

FinTech*Post  0.008  0.57   0.008  0.56   0.002  0.13 

Deal Size    -0.004*** -5.60  -0.001 -0.86 

Cash    -0.008*** -3.46  -0.008*** -2.61 

Related Industry    -0.005* -1.82  -0.006* -1.82 

Cross Border    -0.002 -0.65  -0.003 -0.84 

Size       -0.004*** -3.69 

Age       -0.000 -1.49 

Growth        0.000  0.55 

ROA       -0.059*** -5.87 

# Observations 31,008  29,829  25,426 

AIC -12,778.5  -12,781.3  -5604.7 
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Table 13 
Difference in Means for Unmatched and Score Matched Acquirers 

Table 13 reports the difference in mean test for the sample of acquirers from 2010 to 2017. 

Columns 1-3 display the results of comparisons between FinTech Acquirers and other 

Acquirers on key pre-acquisitions variables.  Columns 4-6 display the means and difference 

in means between the two groups after propensity score matching. ***, **, and * denotes 

significant at the 1%, 5% and 10% level, respectively. 

 

 

 Unmatched Score Matched 

 

FinTech 

Acquirers 

Other 

Acquirers 

Difference 

in Means 

(t-stats) 

FinTech 

Acquirers 

Other 

Acquirers 

Difference 

in Means 

(t-stats) 

Size 

 
7.8444 

 

7.6309 

 

0.2137** 

(-2.27) 

7.6927 

 

7.8416 

 

0.1490 

(1.20) 

ROA 

  

0.1258 

  

0.0839 

  

0.0420*** 

(-7.44) 

0.1416 

 

0.1433 

 

0.0017 

(0.25) 

Growth 

  

2.1125 

  

1.7685 

  

0.3440*** 

(3.21) 

2.0645 

 

1.7435 

 

0.3210*** 

(2.98) 

Leverage 

  

0.1660 

  

0.2589 

  

-0.0929*** 

(10.94) 

0.1635 

 

0.1783 

 

0.0148 

(1.22) 
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Table 14 
Propensity Score Matched Difference in Differences  

Table 14 presents the results a propensity score matched sample of difference in differences 

regressions between FinTech acquirers and non-FinTech Acquirers. In each regression, 

performance or risk is regressed onto the FinTech indicator variable, a post-acquisition 

indicator variable, and an interaction term.  The difference in differences is represented by 

the coefficient of the interaction between the FinTech indicator variable and the Post 

acquisition indicator variable.  Panel A presents the results of the Cash Flow Return 

regressions measured by CFR 1.  Panel B presents the results of the ROA regressions 

measured by ROA EBITDA.  Panel C presents the results of the Total Risk regressions.  

***, **, and * denotes significant at the 1%, 5% and 10% level, respectively. 

 

 

Panel A: CFR 

 (1)  (2)  (3)  

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept  0.125*** 22.30   0.127***  7.91   0.127***  6.68  

FinTech -0.026*** -3.19  -0.028*** -3.31  -0.017** -2.26  

Post -0.014*** -3.52  -0.014*** -3.51  -0.017*** -3.80  

FinTech*Post  0.004  0.64   0.004  0.65   0.003  0.49  

Deal Size     0.001  0.39  -0.001 -0.54  

Cash     0.006  0.78   0.006  0.89  

Related Industry    -0.010 -1.28  -0.006 -0.82  

Cross Border    -0.011 -1.34  -0.008 -1.07  

Size        0.006  0.22  

Growth       -0.006*** -3.54  

Leverage        0.069***  3.90  

Risk        0.056  1.20  

# Observations 1,057  1,057  984  

R-Squared -3,142.8  -3113.0  -2902.7  
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Panel B: ROA 

  (1)  (2)  (3) 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.153*** 16.73   0.103***  4.04   0.067**  2.34 

FinTech   0.003  0.21   0.006  0.47  -0.006 -0.51 

Post  -0.034*** -6.58  -0.034*** -6.58  -0.027*** -5.00 

FinTech*Post   0.017**  2.28   0.017**  2.28   0.014*  1.91 

Deal Size      0.005  1.45   0.005  1.20 

Cash      0.016  1.27   0.012  1.10 

Related Industry      0.009  0.73   0.002  0.18 

Cross Border      0.023  1.70   0.018  1.44 

Size         0.002  0.78 

Growth         0.019***  8.52 

Leverage        -0.070*** -3.24 

Risk         0.052   0.44 

# Observations  1,172  1,172  1,066 

R-Squared  -2794.4  -2770.6  -2683.5 
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Panel C: Total Risk 

 (1)  (2)  (3) 

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept  0.039*** 19.46   0.051*** 10.09   0.064*** 16.75 

FinTech -0.005* -1.75  -0.005* -1.74  -0.002* -1.65 

Post -0.007*** -3.05  -0.007*** -3.05  -0.001 -1.44 

FinTech*Post -0.001  0.04   0.001  0.04  -0.002* -1.72 

Deal Size    -0.002*** -3.16  -0.000 -0.09 

Cash    -0.001 -0.49  -0.002 -1.04 

Related Industry      0.002   0.70  -0.000 -0.18 

Cross Border    -0.003 -1.13   0.001 -0.88 

Size       -0.005*** -10.10 

Age        0.001*** -3.19 

Growth        0.035*** 10.46 

ROA        0.013*** 1.11 

# Observations 1,136  1,136  1,091 

AIC -4890.3  -4854.9  -6560.8 
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Table 15 
Difference in Differences Industry Match 

Table 15 presents the results of the difference in differences methodology where FinTech acquirers are compared to non-acquirers.  A 

propensity score matching procedure is applied to match each FinTech Acquirer to a firm that did not conduct an acquisition during the 

sample period based on similar firm characteristics before the FinTech Acquisition. Panel A reports the performance results. Cash flow 

return is measured as CFR 1 and ROA is measured as ROA EBITDA.  Panel B reports the risk results. ***, **, and * denotes significant 

at the 1%, 5% and 10% level, respectively. 

 

Panel A: Performance  

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

 CFR  CFR  ROA  ROA 

Variable Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept 0.095*** 15.98  0.092*** 5.26  0.144*** 13.51  0.062** 2.52 

FinTech 0.002 0.22  -0.004 -0.47  0.014 0.94  0.002 0.15 

Post -0.013*** -2.74  -0.022*** -4.36  -0.033*** -4.70  -0.041*** -5.83 

FinTech*Post 0.002 0.39  0.005 0.73  0.008 0.88  0.019** 2.01 

Size    0.001 0.13     0.003 0.98 

Age    -0.003** -2.39     0.029*** -16.89 

Growth    0.147*** 6.45     0.031 1.01 

ROA    -0.012 -0.56     -0.151*** -4.96 

# Observations 1062  962  1238   1080 

AIC -2901.8  -2707.0  -2251.2   -2241.9 
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Panel B: Risk 

                              (1)                             (2) 

                        Total Risk                               Total Risk 

Variable Coefficient t-stats  Coefficient t-stats 

Intercept  0.051*** 20.67   0.081*** 17.12 

FinTech -0.018*** -5.28  -0.003* -1.86 

Post -0.012*** -4.03  -0.010*** -4.64 

FinTech*Post  0.005  1.44   0.005  0.73 

Size    -0.004*** -6.74 

Age    -0.003*** -2.67 

Growth     0.001  1.37 

ROA    -0.034 -5.13 

# Observations                          1,128                                1,084 

AIC                        -4,364.3                               -5,772.0 
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Table 16 
Difference in Differences Industry Median 

 

Table 16 presents the difference in difference results of the FinTech acquirers compared to their industry median.  In these regressions, 

the FinTech acquirers are matched to the median performance or risk.  The FinTech indicator variable is coded 1 for FinTech acquirers 

and 0 for the matched industry median.  The post indicator variable is coded 1 for years after the acquisition and 0 otherwise.  The 

coefficient of the FinTech*Post variable represents the difference in differences between the FinTech acquirers and the Industry median 

performance or risk from before to after the acquisition. ***, **, and * denotes significant at the 1%, 5% and 10% level, respectively. 

 
 (1)  (2)  (3)  

 CFR  ROA  Total Risk  

Variable Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept  0.081*** 18.56   0.069***  7.80   0.034*** 14.11  

FinTech 0.014**  2.37   0.062***  5.54             0.003 0.90  

Post -0.015*** -8.78  -0.011*** -4.12  -0.007*** -3.99  

FinTech*Post        0.006  2.35         -0.001 -0.32            -0.001 -0.37  

# Observations 1477  1712  1672   

AIC -6310.7  -5450.3  -7323.5   
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Table 17 
Difference in Differences Robustness Checks 

 

Table 17 presents the results a propensity score matched sample of difference in differences 

regressions between FinTech acquirers and non-FinTech Acquirers using alternative 

measures of performance and risk. In each regression, performance or risk is regressed onto 

the FinTech indicator variable, a post-acquisition indicator variable, and an interaction 

term.  The difference in differences is represented by the coefficient of the interaction 

between the FinTech indicator variable and the Post acquisition indicator variable.  Panel 

A presents the results of the Cash Flow Return regressions measured as CFR 2.  Panel B 

presents the results of the ROA regressions measured as ROA EBIT.  Panel C presents the 

results of the Systematic Risk regressions. Panel D presents the results of the Unsystematic 

Risk regressions. ***, **, and * denotes significant at the 1%, 5% and 10% level, 

respectively. 

 

 

Panel A: CFR 

 
 (1)  (2)  (3)  

Variable Coefficient t-stats  Coefficient t-stats  Coefficient t-stats  

Intercept  0.118*** 19.57   0.110***  6.83   0.120***  5.81  

FinTech -0.017* -1.94  -0.022** -2.42  -0.011 -1.28  

Post -0.202*** -3.32  -0.020*** -3.37  -0.026*** -3.88  

FinTech*Post  0.010  1.21   0.0011  1.29   0.011  1.26  

Deal Size     0.006***  2.69   0.003  1.35  

Cash    -0.003 -0.42  -0.003 -0.45  

Related Industry     0.025*** -2.92  -0.015* -1.92  

Cross Border    -0.006 -0.76  -0.006 -0.87  

Size        0.002  0.99  

Growth       -0.009*** -4.39  

Leverage        0.007  0.27  

Risk       -0.127 -1.25  

# Observations 1,034  1,034  983  

AIC -2406.9  -2390.6  -2262.6  
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Panel B: ROA 

 
  (1)  (2)  (3) 

  Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept   0.111*** 12.53   0.054**  2.20   0.003  0.12 

FinTech   0.006  0.53   0.009  0.68   0.001  0.08 

Post  -0.033*** -7.25  -0.033*** -7.25  -0.028*** -3.39 

FinTech*Post   0.015**  2.38   0.015**  2.37   0.0128**  2.15 

Deal Size      0.007**  2.11   0.007**  1.99 

Cash      0.016  1.23   0.012  1.07 

Related Industry      0.007  0.56   0.002  0.23 

Cross Border      0.015  1.07   0.010  0.81 

Size         0.003  0.95 

Growth         0.020*** -10.85 

Leverage        -0.041** -2.39 

Risk         0.141**  2.51 

# Observations  1,175  1,175  1,091 

R-Squared  -3061.2  -3038.1  -3110.0 
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Panel C: Systematic Risk 
 (1)  (2)  (3) 

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept  0.018*** 18.87   0.021***  8.52    0.020*** 10.33 

FinTech -0.000 -0.29  -0.000 -0.23    0.000  0.48 

Post -0.004*** -3.29  -0.004*** -3.29  -0.002*** -3.64 

FinTech*Post -0.001 -0.20  -0.000 -0.20  -0.0020* -1.92 

Deal Size    -0.000 -1.21    0.000  0.16 

Cash    -0.002 -1.26    0.000  0.43 

Related Industry      0.001   0.89    0.001  1.25 

Cross Border    -0.000   0.16    0.001 -0.11 

Size       -0.001* -1.67 

Age       -0.000 -0.98 

Growth        0.001***  3.57 

ROA       -0.015*** -4.22 

# Observations 1,124  1,124  1,070 

AIC -6133.8  -6088.9  -7291.4 
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Panel D: Unsystematic Risk 
 (1)  (2)  (3) 

 Coefficient t-stats  Coefficient t-stats  Coefficient t-stats 

Intercept  0.032*** 15.13   0.051***  9.24   0.057*** 16.73 

FinTech -0.004 -1.23  -0.005* -1.73  -0.002* -1.67 

Post -0.004** -1.95  -0.003* -1.90   0.001  1.37 

FinTech*Post -0.001 -0.47  -0.001 -0.51  -0.003*** -2.83 

Deal Size    -0.003*** -4.24  -0.000 -0.81 

Cash    -0.001 -0.38  -0.003 -0.22 

Related Industry     0.000  0.13  -0.002 -1.51 

Cross Border    -0.006** -1.95  -0.000 -0.11 

Size       -0.003*** -6.12 

Age       -0.001** -2.68 

Growth        0.001***  2.20 

ROA       -0.039*** -7.55 

# Observations 1,124  1,124  1,070 

AIC -5189.3  -5165.6  -6663.2 

 

 

 

 


