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Executive summary: 

This thesis aims to determine the current state of conglomeration by studying Mergers & 

Acquisitions (M&A) announcement activity in the high-tech sector of the economy in the United 

States of America (USA). The current state of conglomeration is determined by investigating 

trends of conglomeration in the high-tech industry, and calculating the short-term value-creating 

ability of both single-industry and conglomerate transactions, by analyzing the abnormal returns 

(ARs) of the acquiring firms’ stock around the announcement date (±20-day event window). The 

value-creating ability for each sample group is determined by conducting an event study of 771 

M&A announcements in the high-tech industry in the period January 1, 1997, to December 31, 

2019. 

Through investigating trends of conglomeration in the high-tech industry, it was discovered 

that the proportion of conglomerate to single-industry transactions has increased from the period 

(1997-2008) to (2009-2019), which is consistent with theoretical predictions that the high-tech 

industry can structurally support, and is prone to conglomeration. However, when conglomerate 

transactions are separated into private and public-target samples, there are no distinguishable 

trends in conglomerate M&A’s preferred target type. 

The event study concluded that conglomerate M&A only creates value over the shortest-

length event window is employed (±5 days) and does not create value over longer-event windows 

(±10, ±15,±20-days). Additionally, when separated into private and public-target samples, it is 

concluded that private target-transactions create more (destroys less) value than public-target 

transactions. However, neither sample creates value (positive CAARs) at a statistically significant 

level.   

Furthermore, this thesis has concluded that neither conglomerate nor single-industry 

transactions create short-term value for the acquiring firm at a statistically significant level. 

Furthermore, it has been concluded that conglomerate transactions create more (destroy less) value 

than single-industry transactions through the full-length event window (±20-days). Hence, it has 

been determined that conglomerate high-tech M&A out-performs single-industry M&A through 

the event window. 
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1. Introduction 

 

1.1 Introduction to the research area 

 Conglomeration is a corporate phenomenon that has shaped the competitive landscape for 

centuries. Diversified corporations became a dominant competitive force in the United States of 

America (USA) in the early twentieth century, as companies began to employ multi-divisional 

structures (M-form) for the first time in modern history (Davis, Diekmann & Tinsley, 1994). It is 

because of this new organizational structure that significant waves of Mergers & Acquisitions 

(M&A) activity occurred in the late 19th century, and in the 1920s and 1960s (Gugler et al., 2012). 

It is within this period that the “firm-by-portfolio” model of diversification was the most widely 

used diversification strategy. As late as the 1980s, less than 25% of Fortune 500 organizations 

operated solely within a 2-digit Standard Industrial Classification (SIC) defined industry (Davis, 

Diekmann & Tinsley, 1994). The prevalence of conglomeration can be partly attributed to the 

volume of economy-wide M&A deals. From 1963-64, there were 3,311 total M&A 

announcements, and from 1968-69 there were 10,569 announcements (Rhodes-Kropf & 

Viswanathan, 2004). Albeit, this wave of conglomeration began to slow in the 1980s as Ronald 

Reagan enacted a regulatory policy to enforce corporate break-ups, emphasizing businesses return 

to focusing on their core operations (Davis, Diekmann & Tinsley, 1994; Lipartito & Sicilia, 2004). 

The deinstitutionalization of corporate conglomerates was ever more present in the American 

economy. Conglomerates were forced to sell business units to more focused firms in their 

respective industries, essentially ending horizontal diversification (Davis, Diekmann & Tinsley, 

1994). The firm-as-portfolio model hindered financial performance, which along with increased 

regulation from government agencies, had all but discredited the model's credibility, and clout. It 

was in this period that emphasis on firm growth shifted towards shareholder value maximization, 

which is the most prevalent form of corporate emphasis today (Martynova & Renneboog, 2007; 

Grant, 2016).  

 Consequently, the concept of maximizing shareholder value is what drives most decisions 

in the modern business environment (Grant, 2016). The organizational structure employed by 
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modern businesses is focused on lean operations, efficiency, and optimization that is based on a 

core-centric business model (Grant, 2016). Albeit, Conglomerate organizations, and conglomerate 

M&A activity are prevalent across all sectors of the modern economy, as a study discovered that 

domestic, and cross-border conglomerate deals made up 46.1% (42,197/91,552) of all horizontal, 

vertical, and mixed transactions during the period 1997-2012 (Ray, 2016). The high-tech sector 

has seen increased M&A activity from both conglomerate and non-conglomerate organizations, 

and it is in this sector that new organizational capabilities can be exploited as never before 

(Kengelbach et Al., 2017). It is within the high-tech sector that this thesis investigates M&A 

announcement activity, to determine the level of conglomeration in this sector and if conglomerate 

M&A can create value, and if they can create value at a similar level to single-industry M&A. It 

is from here that this thesis will depart, starting with the formulation of the research question to be 

answered.  

 

1.2 Problem formulation: 

 As previously mentioned, most academic literature on conglomeration has attempted to 

prove it is an ineffective method of maximizing shareholder return, and that maintaining a 

diversified firm it is a costly and inefficient diversification strategy when compared to portfolio 

diversification (Mueller, 1969; Klein, 2001). The current message to students in business schools 

is that it is best to focus on a single-industry and learn to exploit it in the leanest, most agile way 

possible.  

 The problem then exists, if the consensus is that conglomeration is an expensive, 

inefficient, organizational structure that does not create-value through M&A, why are 

conglomerate firms and conglomerate growth still so prevalent in the modern economic landscape? 

Previous research has attempted to answer this question by discovering any financial benefits to 

conglomeration arising from synergies, management benefits, and knowledge acquisition.  

Evidence supports the notion that conglomerates are not as successful at creating value as other 

single-segment firms, as conglomerate firms in the USA typically trade at a discount of 15% when 

compared to similar single-industry firms (Berger & Ofek, 1995).  The phenomenon of the 
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conglomerate discount is supported partly by the belief that single-industry firms that 

underperform in comparison to their peers are most likely to conglomerate or reflect the values of 

firms that conglomerate (Fluck & Lynch, 1999). It can be assumed that the discounted 

conglomerate will not be able to capitalize on investments as efficiently as a single-industry firm, 

ergo, creating less value. However, research from Villalonga (2004) suggests that the discount 

dissipates when propensity scores are used to find more accurate comparable firms. When 

compared to firms selected using bias-reducing control variables, conglomerates may perform 

better, and create more value than previously anticipated. However, this research also determined 

that the results of the experiment are susceptible to variable results when choosing propensity 

estimators and benchmarks to be included when regressing samples (Villalonga, 2004).  

Consequently, there is room for further research to determine if diversifying (conglomerate) M&A 

activity can create value, or if diversification is best left to the shareholders.  

 This diversification discount, or the ability to add value through conglomerate M&A 

activity, may also be heavily influenced by the industry to be entered. Hence, industry-specific 

regulation, or industry-specific trends, may affect the profitability and value that can be gained 

through entering. For instance, as this thesis studies the high-tech industry, trends such as the rate 

of technology adoption and firm-specific technological capabilities/resources may substantially 

affect the conglomerates' ability to generate returns (Lusyana & Sherif, 2016). Henceforth, this 

paper will investigate if the recent increase in the value of data and technological development 

lead to a wave of conglomerate (diversification) mergers and acquisitions into the tech industry 

(Grant, 2016; Brown et Al., 2017). Moreover, this thesis will seek to determine if conglomerate 

M&A activity creates short-term value for the acquiring firm. The results will subsequently be 

compared to single-industry transactions to determine if they are more or less effective at creating 

short-term value in this economic sector.  

 

1.3  Delimitation of Research Area and Scope 

 This thesis aims to investigate the announcement effects on the stock price for firms 

targeting “high-tech” firms. Due to the pre-determined limit of the length of this thesis, certain 
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macroeconomic and firm-specific factors are unable to be accounted for. However, these factors 

are mentioned to consider their potential effect on results.  

 This thesis studies the effect of M&A announcements in the USA between January 1, 1997, 

and December 31, 2019. M&A activity in the USA is the focus of this study due to the availability 

of historical stock information and the size of the American high-tech industry, which made up 

23% of all economic output in 2014 (Wolf & Terrell, 2016). While it is essential to establish a 

timeframe in which there is economic variation, however, determining the impact of macro-

economic factors on the number of M&A announcements over time are not analyzed, as it is 

outside the scope of this thesis. This period is used due to technological record-keeping 

advancements, granting complete information retrieval. Additionally, key motivating factors 

(scale economies of demand, innovation) have increased intensely as of late, thus presenting more 

potential growth opportunities. 

 Industries defined as high-tech by the Organization for Economic Cooperation and 

Development (OECD) rank highly in their technology intensity, which is the result of comparing 

industry research and development expenditure to the total value added by the industry (Walcott, 

2000). In determining which industries are considered high-tech, the level of technology-intensity 

required to be included as such is subject to personal interpretation. Additionally, industrial cycles 

expect R&D efforts to change over the life cycle of the industry (Bos, Economidou & Sanders, 

2013; Grant, 2016). This definition implies that certain industries can be considered high-tech 

during periods of substantial innovation and rejected in periods of stagnation. Henceforth, the 

definition of what is considered high-tech is vague and is subject to changes in what is considered 

an acceptable threshold over time.  

Consequently, the Standard Industrial Classification (SIC) macro-industry filter will be used 

in the Thomson Reuter’s One Finance M&A database to determine which industries are classified 

as high-tech by their SIC codes. This industry filter will additionally be used to determine if an 

announced M&A transaction by the acquiring firm is targeting a firm in a related or unrelated 

industry. Conglomerate M&A is defined as being the acquisition of a company in an unrelated 

industry. For this thesis, unrelated transactions will be defined as M&A activity in which the 

macro-industries of the acquiring and target firm differ. As this thesis investigates conglomerate 
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M&A in the high-tech industry, any acquiring firm that primarily operates in an industry that is 

not high-tech is, therefore, a conglomerate transaction. Therefore, the effect of industry relatedness 

is not considered as a factor that influences the value-creating ability of M&A.  

 

1.4  Project Outline  

 This section will briefly outline the structure of the paper, which will serve as reading 

directions. First, a literature review will be performed to highlight any relevant theories and 

research related to the topic of this thesis. Subsequently, with ample understanding of relevant 

theories and research, the hypotheses to be tested are proposed. Next, the scientific method this 

thesis will follow is introduced, as well as its influence on the following analysis. Hereafter, the 

data selection criteria and data collection techniques are outlined before a finalized dataset is 

constructed. Following the finalized data set, the theories to be used to analyze said data set are 

outlined before the data is accordingly analyzed and prepared for analysis. Upon the conclusion of 

the analysis, a discussion of the findings, methods used, and any potential errors or biases will be 

included. Finally, the project is concluded, which will be followed by a section describing any 

contributions made to academic literature. 
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2 Literature Review 

 Here, the history of institutionalization, deinstitutionalization, and the idea of merger 

waves throughout history is first explored. Secondly, value theories of conglomeration are 

presented to understand and predict industries that potentially support conglomeration and value-

creation through M&A activity.  Finally, announcement effects are studied to determine how, and 

if the acquiring firm can create short-term value in the days surrounding the M&A announcement 

in the high-tech industry 

 

2.1  M&A Waves 

 As mentioned earlier, the phenomenon of swings in M&A activity has trended overtime 

consistently during periods of stock price inflation (Gugler et al., 2012). M&A waves are greatly 

affected by economic trends that affect the stock price, as market power acquisitions are more 

common as stock prices increase and decrease as stock prices fall. A study in the Journal of 

Industrial Economics concluded that conglomerate firms are more volatile than single-industry 

firms (Hill, 1983). In contrast to the stability created by the firm-as-portfolio model, conglomerate 

firms outperform single-industry firms in economic upturns and underperform during economic 

downturns (Hill, 1983).  

Furthermore, another predictor of M&A waves is the level of innovation within an industry 

(Steger & Kummer, 2007). Periods of reduction in M&A activity are industry-wide signals to 

innovate and develop new products that will later increase the rate of acquisitions in the industry 

(Steger & Kummer, 2007). While this thesis does not investigate the reasons as to why M&A 

activity occurs during periods of increased competition, it is essential to distinguish the correlation 

in trends that will help estimate the amount of activity that can be expected during a given period 

going forth.  
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2.2  Value Theory 

The value theory of conglomeration uses market power theory and the resource hypothesis 

theory to understand which industries are more prone to conglomeration than others (Burch, Nanda 

& Narayanan, 2004). These theories are built on the assumption that managers are shareholder 

value maximizers and that there are no moral hazard issues between managers and shareholders 

(Burch, Nanda & Narayanan, 2004). Hence, the high-tech industry is investigated using market 

power, and resource theories to determine if it can structurally support conglomeration. 

 

2.2.1 Market Power Theory 

 Market power theory suggests that conglomerate firms use market power to exercise 

predatory pricing techniques using cross-subsidization with profits made in other industries in 

which the conglomerate operates. It is this cross-subsidization that allows firms to collude within 

a market, often marking products below-cost to “drive-out” competitors that are unable to meet 

their pricing strategies (Narver, 1969). Conglomerate firms develop this ability through horizontal 

diversification and vertical integration. These diversification strategies and their potential impact 

on market power are explained in the following.  

   Horizontal diversification into industries that produce complementary products is 

especially attractive to conglomeration (OECD, 2001) Diversifying into unrelated industries in 

which common inputs, distribution channels, or complementary products allows for cost-sharing, 

and reduced monitoring costs (OECD, 2001; Church, 2004). As conglomeration increases a single 

firm's influence over a market(s), the acquiring firm can generate economic rents as a result of 

decreased competition (Eckbo, 1982; OECD, 2001; Burch, Nanda & Narayanan, 2004). 

Additionally, the acquiring firm can create-value by increasing its product bundles, and through 

cross-selling products via their network of customers (Uzzi, 1996; Melnick et al., 2000). These 

economic rents would suggest that the acquiring firm would outperform what the market initially 

expects, generating abnormal returns. Albeit, upon studying the effect of conglomerate 

transactions on market share, results discovered no indication that larger acquiring firms positively 
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affect the market share of the target firm (Goldberg, 1973). Additionally, studies reveal that 

enhancing market power does not lead to considerably increased performance of the acquiring firm 

(Eckbo, 1982; Mueller, 1985; Bruner, 2004). While it is still possible to attain economies of scale 

through horizontal diversification, no evidence suggests that market share is significantly 

positively affected (Goldberg, 1973; Eckbo, 1982). 

 Vertical integration focuses on upstream and downstream integration of the supply chain 

to leverage upstream market power (Church, 2004). Vertical integration not only reduces future 

transaction costs for the acquiring firm, but it enables the firm to engage in input foreclosure. Input 

foreclosure occurs when a firm controlling upstream resources refuses to sell those resources to 

competition or does so at an inflated price (Church, 2004). Moreover, production efficiency and 

savings can be increased, and vertical externalities (caused by market power) can be internalized, 

further reducing costs (Church, 2004). Furthermore, supply chain control can lead to higher quality 

products, shorter lead times, reduced inventory costs, and supply quantity control (Riordan & 

Salop, 1995). Finally, vertical integration better-aligns downstream pricing strategies and 

competitive strategies to those of the upstream firm. Vertical and horizontal alignment constrain 

the investment decisions managers can make, which restrains their ability to act opportunistically 

and act instead in the shareholders' interest (Church, 2004; Burch, Nanda & Narayanan, 2004). 

Therefore, there are considerable cost-effects, and influence that that can be acquired by increasing 

market power through either horizontal diversification or vertical integration.  

 

2.2.2 Resource Hypothesis 

 The resource-based perspective plays a crucial role in determining which industries are 

most prone to conglomeration, as non-marketable technological resources and capabilities create 

synergies and cost efficiencies for the acquiring organization (James, 2002). A 2004 study 

identified that one of the justifications for high-tech M&A is accessing competitive technologies 

and research and development (R&D) discoveries, and combining organizational resources 

differently (Teece, 2004; Ray, 2016). High-tech companies are capable and resource-rich, and 

while the future value of the resources is unable to be determined, the potential value they create 
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is immense (Kohers & Kohers, 2000). Firms may find it easier and more profitable to acquire firms 

to gain access to their research than develop it internally (Ranft & Lord, 2002; Phillips & Zhdanov, 

2012; Ray, 2016). These resources can also be intangible, such as the knowledge possessed by 

employees, especially those involved in R&D. Already developed innovations reduce the 

uncertainty of future cash flows, making it a safer investment. The expected synergies that these 

developed technologies can generate substantial value to the firm, as the market discounts these 

benefits, which can generate abnormal returns upon announcement (Bruner, 2014). 

Additionally, if these resources can be used in single or multiple processes of the acquiring 

business, economies of scale/scope can be attained. High-tech firms are classified as such due to 

their innovative intensity and high spending on R&D (OECD, 2001). Therefore, the high-tech 

industry is a prime target for integration, as larger acquiring firms would instead purchase 

technology and reduce uncertainty rather than develop it themselves. 

 Literature testing these hypotheses is scarce, and what is discovered is not advantageously 

beneficial to use. It has been concluded by one study that, “while our results provide support for 

value-motivated conglomeration for many firms, they do not rule out agency considerations as a 

motive for conglomeration for others” (Burch, Nanda & Narayanan, 2004, Pg.21). Therefore, it 

cannot be definitively determined if the high-tech industry is prone to conglomeration. Albeit, 

there is theoretical support that indicates it could potentially support conglomerate M&A activity, 

as value-creating conglomeration efforts are theoretically justifiable.  

 

2.2.3 Announcement Effect 

 In an efficient market, all information made publicly available would instantly become 

reflected in the stock price. Hence, an announcement of future M&A activity would be reflected 

in the stock price, either positively or negatively. If any delays in market-reaction to an 

announcement are present, it suggests that the market is not perfectly efficient. Market 

inefficiencies also appear if stock prices react abnormally pre-announcement, in which information 

becomes available to a select group of insiders at an earlier date. Studies of announcement effects 

and market efficiency have found mixed results, especially when comparing transactions in 
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different industries and countries.  As this thesis focuses on M&A announcements in the USA, the 

following summation of literature will describe announcement effects in the USA. 

 A study of high-tech M&A announcements by Lusyana & Sherif (2016) found evidence of 

stock price reaction both pre- and post-announcement. Their research found that on the dates 

leading up to an announcement, the acquiring company’s stock had a negative abnormal return 

(AR) and a positive AR post-announcement (Lusyana & Sherif, 2016). The study analyzed the AR 

on a company’s stock five days pre- and post-announcement to account for information spillage, 

and delayed market reaction. Lusyana and Sherif (2016) found that a company’s’ stock generated 

negative ARs on the days before the event and positive ARs post announcement. The ARs 

represent market inefficiencies or instances where the price does not fully reflect all available 

information (Borochin, Gosh & Di, 2018). However, despite the market’s inefficiency in reflecting 

all available information, the discovery of positive ARs suggests that the M&A can be value-

creating. Subsequently, this suggests that the market is only semi-strong efficient, and only reflects 

all publicly available information. Studies that discover negative ARs post-announcement support 

the assumption that the market is only semi-strong efficient, despite concluding M&A transactions 

do not create value. Accordingly, the discovery of abnormal returns is less critical than the sign 

(positive or negative) of those abnormal returns, which will determine the value-creating potential 

of these transactions.  

 M&A activity in the high-tech industry is expected to increase in the future, as 

organizations strategically use acquisitions to gain technologies and capabilities that would 

otherwise need to be developed (Ranft, 2002; Grant, 2016; Wolf & Terrell, 2016). As post-modern 

society becomes ever more dependent on technology, the number of firms in this industry are 

predicted to expand, ultimately creating new prospects for acquisition. The increasing demand for 

technological innovation and more consumer products will increase the number of firms 

attempting to capture profits in this economic sector (Porter, 1998; Grant, 2016; Wolf & Terrell, 

2016). Additionally, the high-growth nature of high-tech firms is distinct from other industries, 

which presents the opportunity to create greater shareholder wealth gains than other industries 

(Kohers & Kohers, 2011). The wealth-creating potential of high-tech firms is significant, but so is 

the inherent uncertainty about their ability to create cash flows in the future.  Recently, stock prices 

of high-tech companies have seen what Lusyana & Sherif call, “unjustifiable rises in the prices of 
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the majority of stocks… more prominent in high-tech stocks” as a result of the significant value-

creating potential of developments being made by firms in the industry. (2016, Pg.198). 

Consequently, target companies are often perceived by the market as massively overpriced, 

diminishing the value they could potentially create (Kohers & Kohers, 2011; Lusyana & Sherif, 

2016). Post-acquisition studies of high-tech firms have concluded mixed results. A 2004 study 

conducted by Porrini found a positive correlation between target firms and value creation post-

acquisition that was corroborated by another study, in which wealth gains to the acquiring 

company were high, despite the high premium paid for the target firm (Porrini, 2004; Kohers & 

Kohers, 2000). This correlation was more evident in acquisitions where public firms acquired 

private firms, which generated higher abnormal returns to the bidder, and in instances with higher 

bidder transaction costs, which generated higher abnormal returns (Kohers & Kohers, 2000). 

Albeit, opposing results have been found in similarly constructed studies, which conclude that 

productivity losses post-integration, and poor performance cannibalize the value-creating potential 

of the acquisition (Paruchuri, Nerkar & Hambrick, 2006; Dalziel, 2008). Literature studying high-

tech M&A has produced contradicting results when different operational and transaction 

assumptions are made. Subsequently, this thesis will add to available literature and contribute to 

the knowledge base of conglomerate M&A effectiveness. 
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3 Hypotheses 

In this section, the hypotheses to be later significance-tested are developed. Hypotheses are 

deduced from the theoretical and empirical results of previous academic experimentation noted in 

the literature review (Section 2). The hypotheses developed below are grouped by the research 

question they attempt to answer.  

 

3.1  Trends in M&A Activity in the High-Tech Industry 

 Value theory predicts that industries in which market power is easily attainable, and unique 

resources are attainable, will see an increase in conglomeration (James, 2002; Porrini, 2004; 

Church, 2004; Burch, Nanda & Narayanan, 2004; Narver, 1969). Conglomerate firms' ability to 

cross-subsidize profit-loss from competitive pricing and risk aversion suggests the high-tech 

industry would support conglomeration (Riordan & Salop, 1995; Goldberg, 1973; Eckbo, 1982; 

Church, 2004). Additionally, scale economies of demand in the form of network effects are 

effective across industry barriers. Hence, conglomerate firms are incentivized to acquire and 

exploit this economic gain. Thus, it is hypothesized that the proportion of conglomerate 

transactions to single-industry transactions in the high-tech industry is increasing.  

H1: The proportion of conglomerate to single-industry transactions in the high-tech industry 

has increased from 1997-2019 

Furthermore,  stock prices are positively correlated to the amount of M&A activity in the 

economy, resulting in high levels of M&A activity in periods of stock price advances, and little 

activity in periods of slowing, or falling stock prices (Gugler et al., 2012; Rhodes-Kropf & 

Viswanathan, 2004). In addition to economic signals of changing levels of M&A activity, the level 

of innovation within an industry can predict which industries might see an increase in M&A 

activity (Steger & Kummer, 2007). As the high-tech industry relies heavily on innovation, it can 

be predicted that the number of firms operating in this industry will increase. This increase will 

happen through either establishing a new organization or through acquiring or merging with a firm 

already operating in the high-tech industry. It has been discovered that acquiring firms that are 
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expanding within a single-industry prefer private targets, where diversification (conglomerate) 

M&A activity prefer public targets (Capron & Shen, 2007; Borochin, Gosh & Di, 2018). Hence, 

it can be hypothesized that conglomerate firms will more-often acquire public firms than private 

firms.  

H2: Over the period 1997-2019, conglomerate firms will more often acquire public firms than 

private firms in the high-tech sector 

 

3.2  The Successfulness of High-Tech Conglomerate M&A Activity 

The existence of abnormal returns suggests an inefficient market, and thereby, it is predicted 

that all M&A announcements will see some abnormal returns as a lack of market responsiveness 

(Kohers & Kohers, 2011; Lusyana & Sherif, 2016; Dalziel, 2008). Studies have determined that it 

is possible to create value through M&A activity in the high-tech industry (Ranft, 2002; Kohers & 

Kohers, 2011; Lusyana & Sherif, 2016; Goldberg, 1973; Eckbo, 1982). However,  little literature 

has investigated the effectiveness of conglomerate (diversified) M&A activity in the high-tech 

industry and if it can create value as capably as single-industry (non-diversified) M&A. Moreover, 

most literature finds that diversification M&A activity (conglomerate activity) does not create 

value for shareholders, and consequently, should not be pursued (Bruner, 2004).  Albeit, the 

synergy generating potential of these acquisitions is often discounted by the market (Bruner, 2004). 

Demand-side synergies in the form of network effects can significantly increase the revenue-

producing or cost-saving potential of diversified firms. As these synergies are not instantly 

realizable, their value-creating potential would not be recognized short-term. Therefore, it is 

hypothesized that: 

H0: Diversified M&A acquisitions (private or public) will not generate positive abnormal returns 

in the event window 

HA: Diversified M&A acquisitions (private or public) will generate positive abnormal returns in 

the event window 
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Additionally, as conglomerate firms have been discovered to prefer acquiring public firms 

over private firms, as private firms’ information is not publicly available, and subsequently 

increase the uncertainty surrounding any potential synergies/competencies (Capron & Shen, 

2007). The presumption is that conglomerate firms prefer to target firms in which future cash flows 

and synergies are more quickly and accurately modeled. Furthermore, as private firms tend to 

operate with a less complicated governance structure than public firms, post-transaction 

integration is typically quicker and more productive (Ragozzino, 2006). In diversified acquisitions, 

the high-tech industries innovative potential becomes a secondary decision factor to the accounting 

performance of the firm, which reduces financial uncertainty, which unfortunately also capping 

the value-creating potential of the acquisition (Shen & Reuer, 2005; Ragozzino, 2006; Capron & 

Shen, 2007; Kwon & Wang, 2018). Albeit, the increased availability, and reliability of information 

would make for more certain valuation and forecasting. Therefore, it can be hypothesized that: 

H3: Conglomerate (diversification) acquisitions of public firms will produce greater positive 

abnormal returns than acquisitions of private firms in the event window 

 

3.3  Conglomerate vs. Single-industry Transaction Effectiveness 

Shareholder theory and modern portfolio theory have shown that conglomeration is an 

inefficient and costly method of diversifying risk. Additionally, studies have determined that the 

acquiring firm performs substantially better when acquiring firms in related (intra-industry) 

acquisitions than unrelated acquisitions (Singh & Montgomery, 1987). Furthermore, network 

effects gained through M&A are not exclusively beneficial to conglomerate firms, and as such, do 

not greatly affect the short-term value-creating potential of conglomerate transactions (Garud, 

Kumaraswamy & Langlois, 2003, Lim, Choi & Park, 2003). Though M&A activity of any type 

has not proven to be consistently value-creating, the additional inefficiencies associated with 

conglomerate firms implies that they will underperform in comparison to single-industry 

transactions. Therefore, it is hypothesized that: 

H4: conglomerate (diversification) M&A acquisitions (private and Public) will generate less 

abnormal returns than non-diversified M&A in the event window 
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 With the hypotheses developed above, the effectiveness of conglomeration in the high-tech 

industry will be determined. Henceforth, this thesis will attempt to disprove the idea that 

conglomeration is an unsuccessful method of diversification, and that corporate diversification is 

less efficient than shareholder diversification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Riley Wellington Kack Master’s Thesis 

MSc Finance and Strategic Management 08/05/2020 

 

19 

 

4 Methodology 

 This thesis will analyze M&A activity in the high-tech sector to discover any statistically 

significant evidence that supports the hypotheses noted herein. An overview of the project’s 

structure is outlined to aid in understanding the process of analysis. This overview will additionally 

serve as a set of directions for the reader to follow. Secondly, the scientific approach this paper 

will follow is introduced, which will include supporting scientific methodologies to justify the 

approach taken in the analysis. 

 

4.1  Scientific Approach 

 This thesis will follow the critical rationalism methodology outlined by philosopher Karl 

R. Popper, which is regarded as a method of trial and error (Popper, 2005; Badie & Berg-Schlosser, 

2011). Critical rationalism states that in order to solve a problem situation, a theory should be 

developed and advocated. Upon the solution of the problem, the proposed theory will be subject 

to well-designed, reproducible tests that attempt to prove it to be false or inaccurate. If the theory 

in question is determined to be false, a new theory is developed to solve the problem situation, but 

with increased knowledge created through the disproval of the original theory (Popper, 2005; 

Mouritzen 2011). However, if the initial theory is tested through a well-designed experiment and 

cannot be proven false, it is corroborated (Maxwell, 2017). Scientific theories are never finally 

confirmed or proven correct, as there is the possibility of disconfirming evidence regardless of the 

number of times a theory has been corroborated (Maxwell, 2017; Mouritzen 2011). The more 

theory is corroborated, the more accurate the theory becomes, and as such, the degree of 

falsifiability becomes higher, the system now prohibits less variation than it previously did 

(Maxwell, 2017). This need for verifiable empirical results to refute previously established theory 

is known as the methodological falsificationism model. Therefore, this thesis will use the scientific 

processes of critical rationalism, and falsificationism, which entails proposing a theory based on 

previous knowledge before testing that theory rigorously. If the theory cannot be proven to be 

false, it is then corroborated and will be subject to more testing with increased strictness of the 

falsification parameters. Ergo, though nothing is determined to be true, the more corroborated a 
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theory becomes, it becomes less likely that it will be proven false. The nature of the data to be 

collected and how it is analyzed is explained in Section 5. 

 

4.1.1 Deductive Logic 

 Critical rationalism follows deductive reasoning; that is, it involves the development of a 

theory that is subsequently subjected to testing through a series of propositions (Saunders, Lewis 

& Thornhill, 2019). By creating theories that are based on observations, objective-theories are 

deduced and subject to be tested in a science-based manner, consistent with the principles 

mentioned in Section 4.1. Blaikie (2009) proposes a list of sequential steps to conduct an 

experiment using deductive logic, which are as follows. Fist, a tentative idea is formed into a 

hypothesis, which is followed by a review of the literature to determine a set of conditions to test 

the hypotheses (Saunders, Lewis & Thornhill, 2019).  Next, the proposition is tested by gathering 

appropriate data to measure or test the hypothesis. The results of the tests are then analyzed and 

compared against the original hypothesis; if the data is consistent with the original hypothesis, the 

theory is subsequently corroborated (Mouritzen, 2011; Saunders, Lewis & Thornhill, 2019). 

However, if the analysis shows that the data is not consistent with the hypothesis, the theory is 

falsified. As mentioned above, if the theory is falsified, the cycle of critical rationalism begins 

again, in which we develop new hypotheses based on the increased information from previous 

experimentation (Mouritzen, 2011).  

 

4.1.2 Quantitative Approach 

 This thesis will analyze data regarding the number of M&A announced across economic 

sectors, as well as historical stock data of the firms in consideration. Therefore, this thesis will 

collect quantitative data and analyze it to test the hypotheses, as historical stock prices, and the 

number of M&A announcements are numerical (Saunders, Lewis & Thornhill, 2019). Stock prices 

are categorized as being numerically continuous and can consequently be priced at any conceivable 

numerical amount, so long that the prices can be measured accurately enough (Saunders, Lewis & 
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Thornhill, 2019). The stock prices of acquiring firms are subsequently converted into more 

descriptive numerical data before being displayed in graphs and charts to give the reader an easily 

understandable representation of the findings. To ensure the data is generalizable and accurate, 

significance tests will be conducted. It is from these graphs, tables, and calculations that the 

hypotheses will be subsequently corroborated or falsified (Mouritzen, 2011). 
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5 Data Selection 

Here, the data sources and firm selection criteria are outlined. First, the data sources are 

presented and briefly discussed to ensure that subsequent data is accurate. Then, firm-selection 

criteria are presented, which additionally serves as a delimitation of the dataset, which is presented 

in Section 5.3.  

 

5.1  Data Sources 

 Historical announcement data will be gathered from the Thomson One Finance M&A 

database. Historical stock prices will be gathered from Yahoo Finance. It is from these data sources 

that all numerical data will be gathered and analyzed. As stock prices and M&A announcements 

are publicly available information, there is a natural vetting process, as organizations would not 

benefit from falsifying stock prices and M&A announcements. The Thomson One M&A Database 

is used to filter and compile historic M&A announcements from January 1, 1997, to December 31, 

2019. The criteria described above are available to screen announcements in the database, which 

are then manually vetted to ensure data completeness.  

 

5.2  Criteria for Firm Selection 

 The period of M&A announcements to be studied spans from January 1, 1997, until 

December 31, 2019. This 23-year period will allow for the inclusion of many economic events 

(including the dot.com bubble and the housing/financial crisis in 2008), which profoundly affects 

the amount of M&A activity. Additionally, the emergence of high-tech firms has flourished in the 

last 23 years, which creates a greater population of samples to study.  In selecting which M&A 

announcements to use in this study, the following criteria are employed: 

1. The acquiring company must be publicly listed, and it can operate in any economic 

sector. 
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To study the effect an announcement has on stock price, the acquiring company must be 

publicly listed to fulfill the requirement. The acquiring firm can also operate in any sector, as this 

will allow conglomerate and single-industry M&A transactions to be compared to each other. 

2. The target company may be publicly listed or privately held. 

Including both private and publicly listed target firms will additionally aid in discovering if 

Conglomerate acquisitions primarily target one firm type over the other. Subsequently, differences 

in the value-creating ability of each firm type are investigated and necessitate both firm types to 

be included in the dataset. 

3. The target company must operate in the high-tech sector of the economy. 

As this thesis investigates trends of conglomeration in the high-tech industry, the target 

company must operate primarily in the high-tech industry.  

4. If an individual firm announces multiple M&A proposals on the same day, they will be 

excluded from the dataset. 

5. If multiple firms announce M&A proposals on the same day, they will be excluded from 

the dataset.  

Criteria 4 and 5 are included to control the effect of confounding events and their impact on 

the findings. Confounding events occur when impacts of multiple events are unable to be 

separately determined, therefore introducing bias and error into the dataset. Minimizing 

confounding events is critical to the outcome of the analysis (Bowman, 2006); accordingly, any 

confounding events have been removed from the dataset, to limit bias and information inaccuracy. 

6. The acquiring and target company must be based in the USA 

Only American based organizations are analyzed to ensure that there are no inconsistencies 

in the governing regulations affecting M&A activities that may arise if foreign-based firms are 

included. 

7. At least 50% of the shares must be purchased upon announcement, with a final 

minimum ownership stake of 90% 
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A 50% acquisition with final ownership of at least 90% is to ensure that the acquisitions are 

made to gain full control of the target firm. 

8. The firms’ stock must be publicly traded daily at least 200 days before the 

announcement, and at least 20 days post-announcement 

Ensuring that a stock is traded daily through the entire estimation and event window ensures 

that the estimation period contains sufficient data to estimate the expected return of each security. 

Stock returns are calculated weekly using the historic close price of each security. The 200-day 

estimation period is based on previous event studies using stock prices (MacKinlay, 1997; 

Bowman, 2006). Weekly returns are calculated on a 5-trading day week, which is then extended 

to cover a 200 total-day estimation period (150 business days = 30 weekly returns ~200 days). 

Historical stock prices are gathered from Yahoo Finance and exported to Excel for manual vetting 

and formatting before being exported to IBMs SPSS software for calculation. 

 

5.3  Finalized Data Set:  

Herein, descriptive statistics are presented to summarize the dataset to be later analyzed 

(Section 7). A full list of all M&A announcements included in the samples are found in the 

appendix (11.1-11.4) 

The final sample of firms includes a total of 771 M&A announcements, of which 631 are 

single-industry transactions, and the other 140 announcements are conglomerate transactions.  

These samples are further separated into private and public-target groups, as shown in Table 5.3.1. 

  

TABLE 5.3.1: DATASET BY TRANSACTION TYPE 
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Private firms are targeted in 80.1% (618/771) of all transactions in the sample, representing 

a significant proportion of the dataset.  Albeit, this difference is consistent with economic-reality, 

in which active private firms outnumber firms listed on the NASDAQ and NYSE exchanges at a 

rate higher than 200:1 (Thomson One, 2020). The private and public-target sample groups are 

further dissected to investigate the acquiring firms’ primary industry, as noted in Table 5.3.2. 

 

As evident from Table 5.3.2, the prominent sectors of unrelated transactions differ when 

acquiring private, or publicly-listed target firms. Notable differences in the acquiring firms' 

primary operating industry between private and public transactions is observed in the financial 

industry (17, 0), media and entertainment (12, 0),  consumer products and services (22, 4), 

telecommunications (16, 4), and retail (11,1).  Next, both private and public-target transactions 

from 1997-2019 are graphed and presented in Figure 5.3.3 below to determine if trends in M&A 

activity are consistent with theoretical predictions using M&A wave theory. Additionally, the S&P 

500 price performance for the same period (1997-2019) is included to compare M&A activity to 

economic trends throughout the observation period. 

TABLE 5.3.2: ACQUIRING FIRM PRIMARY INDUSTRY 
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 As evident from the graphs above, the trend in M&A activity is consistent with theoretical 

predictions. Waves of activity are seen in both private and public transactions that mirror the price 

movements of the S&P 500, supporting the prediction that the economic status has a substantial 

influence on M&A activity. Additionally, the number of announcements in the high-tech industry 

are increasing as time goes on, which supports the hypothesis that the level of M&A in the high-

tech industry is increasing. A more in-depth trend analysis of conglomerate and single-industry 

transactions is conducted and discussed in Section 7.1. 

Figure 5.3.3: Transactions by year from 1997-2019 
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6 Theory 

 This section outlines the theories that are necessary to make critical assumptions to 

conduct the analysis. First, market efficiency is discussed to determine the markets’ ability to 

react to new information, which is used as the foundation for the event-study framework. Then, 

theories of economies of scale are presented before the event study framework is explained, 

which represents the majority of this theory section.  

 

6.1  Efficient Market Hypothesis 

 In determining the effect of an announcement on the stock price of an acquiring company, 

an essential factor to consider is the amount of information available to investors before the 

announcement. If there is unlimited information available to investors (both publicly available and 

private), the securities price reaction will be void, as different investors will react to the 

announcement at different times, depending on their level of market interaction. Intrinsically, the 

efficient market hypothesis is a theory to determine the amount of information available to the 

market within the price of the stock, and how that information will affect the stock price (Bodie, 

Kane & Marcus, 2018). There are three levels of market efficiency: weak-form; semi strong-form; 

and strong-form. These market efficiencies are described below, followed by a review of the 

current status of the market.  

 Weak-form market efficiency hypothesizes that stock prices reflect all information that is 

attainable through examining market trading data, such as historical price and volume information 

(Bodie, Kane & Marcus, 2018). In this hypothesized market, all price and volume information are 

publicly available, which nullifies the advantage of analyzing the market in-depth to discover any 

new signals. The availability of all information means that over-time, all investors would learn to 

exploit these market signals (Bodie, Kane & Marcus, 2018). Consequently, investors would know 

to potentially exploit an event such as the announcement of a merger or acquisition. If the market 

were weak-form efficient, it would be impossible to determine the date in which information 

became available, affecting the stock price and the accuracy of the data.  
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 Semi strong-form market efficiency hypothesizes that all publicly available information is 

reflected in the stock price (Bodie, Kane & Marcus, 2018). This publicly available information 

includes past pricing information, data on the firms' current product line, quality of management, 

earnings forecasts, etc. (Bodie, Kane & Marcus, 2018). As more specific information becomes 

displayed in the stock price, people who devote time to analyzing an organization may be able to 

gain a trading advantage and anticipate future events. Stock price movements will additionally 

occur upon the announcement of once-private information, such as earnings reports (Bradley, 

Myers & Allan, 2016). 

 Strong-form market efficiency states that all information relevant to a firm is reflected in 

the price of the stock, including information that is privately known by firm insiders (Bodie, Kane 

& Marcus, 2018). This theory of market efficiency is rather extreme and unattainable, as it is the 

consensus that insiders within an organization have secret knowledge of an event before it occurs, 

thus disproving this hypothesis (Bodie, Kane & Marcus). 

 Renowned economist Eugene Fama states that in an efficient market, security prices fully 

reflect all available information (Fama, 1978). The general definition of market efficiency has been 

debated and argued against, as the definition is vague and lacks verifiability. The most prevalent 

of these statements is Fama’s claim (1978) that security prices reflect all publicly available 

information. It is unclear what can be defined as “information,” as this could range from every 

possible signal conceivable, or merely only those that are empirically observable (Beaver, 1987). 

While this definition of efficiency is vague, it is used in this thesis for two crucial reasons. First, it 

defines market efficiency concerning the pricing mechanism used rather than the selection criteria 

of a portfolio (Beaver, 1987). Therefore, the pricing mechanism, which discovers the intrinsic 

value of the stock price, would be affected by the availability of information to the market (Beaver, 

1987).  

 Secondly, the definition of market efficiency does not consider all investors to have 

homogenous beliefs, which reflects the market (Beaver, 1987). Previously conducted studies 

(Beaver, 1968 Fama, 1997) supports that investors have heterogeneous beliefs towards the 

securities market, resulting in a diverse set of preferences for consumption, beliefs of future market 

states, and different information sources. To accurately model this heterogeneity, the development 
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of another model of market efficiency would be, “A daunting task,” as it would require, 

“Specifying biases in information processing that cause the same investors to under-react to some 

types of events, and over-react to others” (Fama, 1997. P.284). While market efficiency does not 

explain the cause to variation in observed results when compared to the expected value of abnormal 

returns, it does explain that chance creates deviation in the observed price change, in both positive 

and negative directions (Fama, 1997). Consequently, it can only be determined if a stock has been 

able to outperform or underperform what the market expects the price to be. While we cannot 

determine the cause of any discrepancies due to the lack of better market hypotheses, it also lays 

outside the scope of this thesis.  

 This thesis will assume that the market is efficient, which enables the use of market models 

to estimate the expected returns of a specific security, which will then be compared to the actual 

returns of that security to determine the abnormal return experienced. The method of determining 

expected returns, abnormal returns, and how they are used herein are explained in greater detail in 

Section 6.3 

 

6.2  Scale Economies of Demand 

 One of the benefits of conglomeration and increasing volume, in general, is to gain cost 

efficiencies, also known as economies of scale. There are two sides to economies of scale that 

can be gained through M&A activity, economies that arise on the supply side, and economies 

that arise on the demand side.  

 Supply-side economies of scale arise when a firm can gain a cost advantage per unit in 

production by increasing its volume of production (Porter, 2007). Cost efficiencies occur as fixed 

costs are spread over more units, thus decreasing the unit price of production. The cost advantage 

gained through volume growth was a historical justification for conglomeration, as firms attempted 

to grow by volume to gain cost advantages over their competitors. If the improvement in 

production or technology improvement that generates economies of scale applies to more than one 

product line or business unit, it is called economies of scope (Teece, 1980). Economies of scope 

arise when the joint production of two goods by a single enterprise is more cost-efficient than the 
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combined cost of two firms individually producing the two goods. These cost efficiencies occur 

so long as the inputs to the goods are similar, and the production of both goods does not cannibalize 

other activities in the firm (Teece, 1980). 

 The other form of economies of scale is on the demand side, which is called network effects 

(Porter, 2007). Demand-side network effects (also called direct network effects) occur such that 

the number of customers itself can affect the rate at which other customers join the network (Lim, 

Choi & Park, 2003). These network effects arise in industries where a buyer’s willingness to pay 

(WTP) increases as a result of an increase in the number of customers/clients a firm has (Garud, 

Kumaraswamy & Langlois, 2003). Firms that can exploit this advantage are generally more 

substantial companies with well-recognized products, or they can provide a network to the 

customer that allows them to interact with fellow customers (Uzzi, 1996; Melnick et al., 2000; 

Porter, 2007). Additionally, these firms tend to offer a “full-package” solution to customers, 

eliminating the need to buy from multiple competitors (Melnick et al., 2000). As customers 

become more reliant on a single vendor to supply their demand, the customer becomes embedded 

in the network (Uzzi, 1996). Scale economies of demand are faster and less expensive to realize, 

as supply-side economies of scale can potentially cause diseconomies of scale via production 

issues and implementation issues (Melnick et al., 2000). While cost efficiencies are a benefit of 

conglomeration, it alone is not a sufficient justification for conglomerating. The main synergistic 

effects that are used to justify conglomeration are a management advantage of one organization 

over the other, and that diversification of a firm can lead to risk reduction, and subsequently 

improve earnings consistently (Mueller, 1969). 

 Despite economies of scale being a weak justification for conglomeration, potential cost 

efficiencies can be used as justification in selecting the industry in which to diversify. If specific 

industries can provide more cost efficiencies to the acquiring organization than others, then they 

will be the target of conglomeration efforts. Subsequently, as this thesis focuses on the high-tech 

industry, firms have a unique opportunity to not only capture economies of scale on the supply 

side but to capture them on the demand side as well. As demand-side economies of scale/scope 

are more accessible and influential than ever before,  and more cross-selling opportunities emerge 

as network effects increase, conglomerate firms can capture more value, increasing the size of their 
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network (Uzzi, 1996; Melnick et al., 2000). Hence, it can be assumed that new conglomeration 

efforts would find the high-tech industry to be a superior target to others in which network effects 

cannot be achieved.  

 

6.3  Event Study 

 To study the financial impact the M&A has on the firms, the most common, and the 

proposed approach, is to conduct an event study. Event studies are used to measure the short-term 

security price reaction to an event (Bowman, 2006). As described in the Market Efficiency section 

(6.1), a securities price reflects all available information and represents the discounted value of all 

future cash flows the firm is expected to generate. Event studies can be manipulated to study firm-

specific events, and economy-wide events such as earnings announcements, announcements of 

trade deficits, and what this thesis will analyze, M&A announcements (Mackinlay, 1997). Event 

studies can help additionally determine the effect that information announcements have on a given 

stock price, which is a test of market efficiency (Fama, 1997; Bowman, 2006). An event's 

economic impact can be studied by determining the difference in a security’s observed returns and 

expected returns. By studying this difference in expected and actual returns, it can be determined 

if the event has had either a positive or negative effect on the firm's stock price while also 

determining the magnitude of the effect. It is from this stock price effect that data can be aggregated 

to determine if the transaction has created short term value. 

 

6.3.1 Defining the Steps in an Event Study 

The specific steps taken in an event study differ between studies; however, they agree upon a 

general framework that can be manipulated for more specific research. Suitably, the five-step 

event study framework proposed by Robert Bowman (1997) is employed due to its simplicity, 

and consistency with other event-study frameworks. 

1. Identify the event of interest/define dates; 
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2. Model the security price reaction; 

3. Estimate the Excess returns; 

4. Organize and group the excess returns; and, 

5. Analyze the results. 

 

 First, the dates of and surrounding the event in consideration will need to be determined. It 

is critical to determine if the market receives news of the announcement before it occurs to ensure 

data accuracy, as this consideration affects the dates of the event window used. Then, a period of 

observation days will be outlined before the event window to ensure that the stock price estimation 

is unbiased and dependable. Secondly, using the stock price data gathered through the estimation 

period, the expected return of the stock is calculated through the event window to model the 

security as if no event occurred. The statistical validity of these values is calculated to ensure that 

the estimation model employed is accurate, given the scope of this thesis. Third, the excess return 

is calculated for the event window by finding the difference between a securities' expected return, 

and its observed return. The excess returns are then grouped with similar results in step four, before 

the overall analysis of findings is conducted. The fifth and final step of the study involves testing 

the results of the above test to determine their statistical significance. Each of these steps are further 

defined, along with the models used to calculate the abnormal returns and subsequent sample-wide 

statistics in the remainder of this section. 

 

6.3.2 Identify the Event of Interest 

 The first step in conducting an event study is identifying the event of interest and the dates 

of the event (Bowman, 1997). This thesis attempts to determine the value-creating ability of 

conglomerate M&A transactions in the high-tech industry. Hence, the event of interest is the day 

the transaction is announced to the public. To accurately estimate a securities’ expected return, a 

period of observations before the event in consideration takes place (Prabhama, 1997). This period 

is called the estimation period. Though up for speculation, a sufficiently long estimation period 
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varies between 200-250 days, or 9-12 months before the event of interest (Bartholdy, Olson & 

Peare, 2007). 

Given that an estimation period of 200-250 days is sufficient, this thesis will employ a 9-

month estimation period for each stock [200-days before the announcement], to determine the 

expected return of a stock, excluding any potential announcement noise. The calculation of a 

stocks’ expected return is calculated during this period. Additionally, it is assumed that the stock 

price data, and calculated expected returns are normally distributed. Assuming a normal 

distribution, we could theoretically extend the estimation period infinitely, which would result in 

the data being asymptotically normally distributed (Kolari & Pynnonen, 2010). The estimation 

window begins at time T0, and each subsequent day is stated as t. Each day referred to after T0 will 

be noted as T0+t  until it reaches T1. The event window is defined as W1 in all equations. 

 Next, the event window in which the abnormal return of each firm will be calculated is 

determined. As the amount of information that has been accessed by the market before the 

announcement date (if any) cannot be determined, the event window will include observations 

were taken both pre- and post-announcement date.  Pre-event observations are made to compensate 

for the possibility of information leakages before the announcement. The effect this leakage would 

have on the market reaction, and consequently the stock price, is reduced through expanding the 

period of observations, reducing any potential systematic, and experimental error (Bowman, 2006; 

Mackinlay 1997). The post-event window observes the securities reaction to the announcement, 

which may not occur immediately upon announcement, or discovered upon the closing of the 

market (Mackinlay, 1997). While there is no universal event window used in event studies, it is 

thought that anything more than one-day pre- and post-event is enough to ensure information 

accurateness (Mackinlay, 1997). Hence, this will follow a time-series model (Dyckman, Philbrick 

& Stephan, 1984). To ensure the market has enough time to react to an announcement, observations 

are made 20 days pre- and post- announcement, creating an event window of 41 days. During this 

41 day event-window, observations will be made every five days, so that observations are taken at 

time 0 (announcement date) and then at ±5, ±10, ±15 and ±20 days, hence, the estimation period 

will take place from[-221; -21], and the event window will take place on days [-20; +20].  The 

event window will be referred to as W2 in all equations. The estimation period (W1) and the event 

window (W2) are depicted in Figure 6.3.2.1. 
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6.3.3 Modeling the Security Price Reaction 

 The second step in conducting the event study is to model the security prices reaction to 

the announcement. There are many models to estimate the expected return of a stock which have 

been empirically tested. Potential models are briefly described below, before concluding with the 

model that is used in this thesis, which is explained in greater depth, before moving to the next 

step in the event study. 

 One of the most popular models in determining the expected return of a security is the 

capital asset pricing model (CAPM). The CAPM model predicts the expected return by calculating 

the excess return that the security should gain based on its beta or risk correlation to the market. 

Unfortunately, the CAPM model has several disadvantages, the first being that the CAPM assumes 

all investor behavior is homogenous. While the CAPM and market model represent this 

relationship linearly, the market model is preferred, as it assumes that abnormal returns will be 

normally distributed with a conditional variance of 0 (MacKinlay, 1997). Another popular 

estimation method is the use of multi-factor models, such as the arbitrage pricing theory (APT). 

The advantage to APT is that it considers more weighted factors in determining the price of a 

security to reduce the variation in the distribution of results. However, the APT and other multi-

factor models are only beneficial in situations where there are many common factors between the 

firms (i.e., the same industry) (MacKinlay, 1997). As the acquiring firms in this study are from 

varying industries, using the APT’s expanded descriptive factors would not improve the results 

significantly, and will consequently not be used. 

 The market model will be used to estimate expected returns on the basis that it has been 

empirically tested and is widely accepted as a preferred method of conducting event studies 

(MacKinlay, 1997; Brown & Warner, 1980). Moreover, research has shown that there is no 

FIGURE 6.3.2.1: ESTIMATION WINDOW AND EVENT WINDOW VISUALIZATION 
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evidence that more complicated multi-factor models provide any statistical benefit (Brown & 

Warner, 1980).  

The market model is a statistical model that regresses the return of any individual security to the 

return of a market portfolio using the following equation: 

 𝑬(𝒓𝒊𝒕) = 𝜶𝒊 + 𝜷𝒊(𝑹𝒎𝒕) + 𝜺𝒊𝒕 

𝑤ℎ𝑒𝑟𝑒  𝜺𝒊𝒕 = 𝟎 𝑎𝑛𝑑 𝑽𝒂𝒓(𝜺𝒊𝒕) = 𝝈
𝟐
𝒆𝒊 

 

(6.1) 

Where E(rit )is the expected return of firm I on day t, and Rmt is the return on the market on 

the same day t. The firms' sensitivity to market reactions is modeled as 𝛽𝑖  while 𝛼𝑖  Represents the 

portion of a firm's return that is not affected by the market (risk-free rate). This regression model 

will enable the study of the relationship between the expected return and the observed return. The 

expected return is the dependent variable, to which the observed (actual) return is the independent 

variable. The market model involves regressing observed returns against those predicted by a 

linear regression model; therefore, it is assumed that there will be vertical deviation (either over, 

or under) what is predicted by the linear projection and what is observed. Any deviation from the 

linear projection is termed residual, which is represented above as the error term. The goal is then 

to minimize the sum of the squared residuals (SSR) by changing the linear approximation to fit the 

observed returns better. This method of reducing variance is the ordinary least squared method 

(OLS). 

 The OLS is based on a set of assumptions that establish the linear regressions’ unbiasedness 

using time series data (daily stock returns). The assumptions (Woolridge, 2009; Gujarati & Porter, 

2008) are as follows: 

1. The model is linear in parameters; 

2. There is no perfect collinearity; 

3. There is a zero-conditional mean; 

4. There is homoskedasticity; and, 

5. There is no serial correlation. 
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 The first assumption of being linear in parameters defines the population model, in which 

the dependent variable E(rit) is related to the independent variable Rmt and the error variable Eit. 

The variables are all viewed as random variables, which together represent a linear relationship. 

This assumption is fulfilled, given the use of the market model. 

 Secondly, the assumption of non-collinearity implies that no independent variable is 

constant, nor a perfectly linear combination of the others. The assumption allows for correlation 

in the explanatory variable, but it does not allow perfect correlation. As the collected data is 

gathered from the daily stock returns of large organizations over the estimation period, we find 

that the assumption of non-collinearity is passed.    

 The third assumption of the OLS regression model is a zero-conditional mean, which 

predicts the expected error to be 0 for any observed market return. As there are no estimation 

errors, unrelatedness between the market return, and observed errors for any given observation is 

expected. This assumption is subject to violation by random macroeconomic events that are unable 

to be controlled for, which could potentially create relatedness between the two variables. Albeit, 

as the data selected for study, spans over 23 years and covers numerous organizations across 

industry barriers, the sample represents the population enough to suppress any biases in 

relatedness.    

 The fourth assumption of the OLS model is that of homoscedasticity or non-constant 

variance. Homoscedasticity implies that the variance of the error is the same across time for each 

firm in both samples. While both assumptions of homoscedasticity and zero conditional mean are 

conditional on the explanatory variable (Rmt), zero conditional mean involves the expected value 

of the error. In contrast, homoscedasticity is concerned with the variance of error. When the 

variance of the error is dependent on the explanatory variable (Rmt), the model exhibits 

homoscedasticity. 

 The final assumption of the OLS regression model is that there is no serial correlation 

between error terms. The most popular method of testing for serial correlation is the Durbin-

Watson test (Brooks, 2008).  
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 To determine if there is autocorrelation in the regression sets, the results of T-tests are 

subsequently tested using the Durbin-Watson test. The Durbin-Watson test calculates a d-statistic 

ranging from 0 ≤ d ≤ 4, which related to the level of correlation of -1 ≤ p ≤ 1 (Woolridge, 2009). 

A correlation of p = 0 (zero correlation between two variables) would equal d = 2 on the Durbin-

Watson d-statistic scale, implying no autocorrelation, as the error-terms are normally distributed.  

A d-statistic score from 0-2 implies positive correlation, and results from 2-4 imply a negative 

correlation in the error terms. Positive autocorrelation is more common than negative correlation, 

meaning that the sign of an error term will be the same from one period to the following (Durbin 

& Watson, 1992). Ensuring normal distribution is critical to ensure the accuracy of the estimation 

model, which ultimately effects the ARs experienced in the event window. Data is often not 

normally distributed, and if not accounted for, the impact of skewness on subsequent testing can 

lead to biased, inaccurate results.  The D-statistic and related OPS regression will be calculated 

using IBM’s SPSS program. To determine the level of autocorrelation in the sample, the calculated 

d-statistic is compared to the lower-bound (DL) and upper bound (DU) values, which are 

calculated based on the significance of the test. The decision rules for determining autocorrelation 

(Durbin & Watson, 1992) are noted in Table 6.3.3.1. 

 

 

TABLE 6.3.3.1: RULES FOR DURBIN-WATSON D-TEST 
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6.3.4 Estimate the Excess Return 

 The actual return for each stock is calculated as a weekly return using the closing price of 

a security over five trading-day increments, excluding any dividend payments, or stock splits. As 

this thesis investigates the effect of M&A announcements on a stocks’ returns, excluding these 

events will allow for a stocks’ actual reaction to the announcement to be determined. The expected 

return is calculated by incorporating the 𝜷𝒊 of a stock, which represents the sensitivity of the stocks’ 

returns to the market. A stocks’ beta is calculated by dividing the covariance of the firm by the 

covariance of the market over the estimation period. The error term 𝜺𝒊𝒕 represents the stocks' 

abnormal return. The S&P 500 index will be used to represent the market portfolio, as it is a broad 

representation of the economy as a whole (MacKinlay, 1997).  The market model equation can be 

rearranged to calculate the abnormal sample return, using the following equation: 

 

 𝐴𝑅𝑖𝑡 = 𝑅𝑖𝑡 − (𝛼𝑖 + 𝛽𝑖𝑅𝑚𝑡) (6.2) 

 

 Where the abnormal return ARit is the disturbance of the market model calculated out of 

sample basis, and Rit is the observed return for security i at time t (MacKinlay, 1997; Dyckman, 

Philbrick & Stephan, 1984). As previously mentioned, the abnormal return will be jointly-normally 

distributed with a zero-conditional mean, and a conditional variance of 0, which is defined 

mathematically as. 

 
𝜎2(𝐴𝑅𝑖𝑡) = 𝜎𝑒𝑖

2 +
1

𝑊1
[1 +

(𝑅𝑚𝑡 − 𝜇𝑚)^2

𝜎𝑚2
] (6.3) 

  
 

Where 𝜎𝑒𝑖
2  is the disturbance variance, W1 is the length of the estimation window, 𝜇𝑚 is the mean 

return of the market portfolio, and 𝜎𝑚
2  is the variance of the market portfolio (MacKinlay, 1997). 

The normal distribution is modeled as: 
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 𝐴𝑅𝑖𝑡~𝑁(0, 𝜎
2(𝐴𝑅𝑖𝑡) = 𝜎𝑒𝑖

2 )) (6.4) 

 

 

6.3.5 Organize and Group Excess Returns 

 To understand the samples’ reaction to M&A announcements, the individual observations 

are aggregated together across time and securities, so that inferences can be made about the 

population (MacKinlay, 1997). The method of grouping the excess returns is done by calculating 

the cumulative abnormal return (CAR). The CAR is defined mathematically as:  

 

𝐶𝐴𝑅𝑖(𝑡1 + 1, 𝑡2) = ∑ 𝐴𝑅𝑖𝑡

𝑡2

𝑡=𝑡1+1

 (6.5) 

The variance of the CAR: 

 

 𝜎𝑒𝑖
2 (𝑡1 + 1, 𝑡2) = 𝑤2 𝜎𝑒𝑖

2  (6.6) 

 

As the cumulative abnormal return is the sum of the abnormal returns, it too is normally 

distributed: 

 𝐶𝐴𝑅𝑖(𝑡1 + 1, 𝑡2)~𝑁(0, 𝜎𝑒𝑖
2 (𝑡1 + 1, 𝑡2)) (6.7) 

Where the sum of the abnormal returns from t1-t2 is the cumulative abnormal return of the 

population within the time frame.  The sample aggregated abnormal return, also called the average 

abnormal return (AAR), is calculated by dividing the period CAR by the number of observations 

in that period (MacKinlay, 1997).  

 

𝐴𝐴𝑅𝑡 =
1

𝑁
∑𝐴𝑅𝑖𝑡

𝑁

𝑡=1

 (6.8) 

The variance of the AAR is: 
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                           𝜎𝑖

2(𝐴𝐴𝑅𝑡) =
1

𝑁2
∑ 𝜎𝑒𝑖

2𝑁
𝑖=1  

(6.9) 

While the results of the individual abnormal returns are essential to understand the firm effects in 

greater depth, it is standard procedure to aggregate them to a population level. The AARs over 

the entire event window can be averaged into a cumulative average abnormal return (CAAR): 

 

𝐶𝐴𝐴𝑅𝑡(𝑡1 + 1, 𝑡2) = ∑ 𝐴𝐴𝑅𝑡

𝑡2

𝑡=𝑡1+1

 

(6.10) 

 

The variance of the CAAR is calculated: 

 

 σi
2CAAR(t1 + 1, t2) =  ∑ σi

2(AARt)

t2

t=t1+1

 (6.11) 

 

By determining the CAAR of a sample, the average short-term value-creating ability can be 

determined. As such, the CAAR of each sample is subsequently tested for significance, to 

determine if the transactions in the sample have, on average,  created value to the acquiring firm 

through the event window.  

 

6.3.6 Analysis of the Results 

 The final step in conducting an event study is to test the results of the population for 

significance to determine if the findings are statistically significant enough to support or reject the 

hypotheses. Precisely, the significance test will determine if there is a non-zero abnormal return, 

which would support an announcement effect, from which the results can be analyzed (Prabhala, 

1997). According to MacKinlay (1997), an event study should employ both parametric and 

nonparametric tests,  to which some believe that nonparametric tests are preferred to parametric 

tests of abnormal performance (Bartholdy, Olson & Peare, 2007). However, nonparametric tests 

are not conclusively better or more accurate than parametric tests. According to Glenn Henderson 
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in the article Problems and Solutions in Conducting Event Studies, “Nonparametric tests are an 

unnecessary complication and do not work well. The choice is the simple T-test, or, for aggregated 

excess returns, tests based on the sums of Ts or the sums of squared Ts” (Henderson, 1990; P. 298). 

The use of parametric tests is furthered by the belief that “Methodologies based on the OLS market 

model and using standard parametric tests are well specified under a variety of conditions,” and, 

“The nonnormality of individual-security daily-return residuals have little effect on the inferences 

drawn from the use of the T-test applied to portfolios” (Dyckman, Philbrick & Stephan, 1984; P. 

25, 29). Although parametric tests are credible and accurate analysis techniques, nonparametric 

tests will be used complimentarily to ensure data accurateness for two critical reasons. First, 

parametric tests require that the variables being tested are independently and identically distributed 

(Bowman, 2006). The second problem with conducting parametric tests is that abnormal returns 

are not independently distributed and display some cross-sectional correlation (Bowman, 2006). 

The nonparametric test will be included to conduct a robustness check of the findings of parametric 

tests, which will be the primary tests used to analyze the abnormal returns. The parametric and 

nonparametric tests are further defined herein, before discussing the analysis. 

 

6.3.6.1 Parametric Tests: 

 Parametric tests are designed to test if the abnormal return is non-zero, meaning that 

abnormal returns caused by an event exist (Prabhala, 1997). A parametric test determines if the 

results of the experiment are statistically significant, which is the probability of making a type 1 

error of wrongly rejecting a null hypothesis when it should be accepted (Saunders, Lewis & 

Thornhill, 2019). A significance test can be performed on any individual AR or CAR for a given 

firm, or it can be tested at the population level by testing the AAR, or the CAAR. Whereas the AR 

and AAR can be tested for significance at a single point in time, the CAR and CAAR can only be 

tested over periods of returns. 

 First, a null hypothesis is established to determine the significance of the findings of the 

parametric tests. A null hypothesis is testable and assumes no statistical association between the 
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tested variables.  The first data series to be tested are the abnormal returns (AR). As this thesis 

seeks to determine if ARs exist, the null and alternative hypotheses are as follows: 

 

H0: there are no abnormal returns during the event window 

HA: Abnormal returns exist during the event window 

 

 The T-test will be used to test the null hypothesis, as it is highly accepted and used in event-

study literature (Brown & Warner, 1985; Dyckman, Philbrick & Stephen, 1984; Henderson, 1990). 

The T-test uses the standard deviations to determine if the values of the variables are independent 

of each other and if the difference between the two groups is the result of chance alone (Sauders, 

Lewis & Thornhill, 2019). The first step in conducting a T-test is to calculate the variance for each 

observation, as it is an input to the T-test equation. Then the calculated abnormal return for each 

statistic (AAR, CAR, CAAR) is divided by their respective standard deviation. Therefore, the 

variance for the CAR is as follows: 

 

The T-test equation for the CAR is subsequently: 

 

𝑡 =
𝐶𝐴𝑅𝑡(𝑡1 + 1, 𝑡2)

√𝜎𝑒𝑖
2 (𝑡1 + 1, 𝑡2)

∗ √𝑁 (6.12) 

 

The variance of the AAR is calculated as: 

 

𝜎𝑖
2(𝐴𝐴𝑅𝑡) =

1

𝑁 − 1
∑𝜎𝑒𝑖

2

𝑁

𝑖=1

 (6.9) 

 

 
𝜎𝑒𝑖
2 (𝑡1 + 1, 𝑡2) = 𝑤2 𝜎𝑒𝑖

2 ∗
1

𝑛 − 1
 (6.6) 
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The T-test of the AAR: 

 
𝑡 =

𝐴𝐴𝑅𝑡

√𝜎𝑖
2(𝐴𝐴𝑅𝑡)

∗ √𝑁 
(6.13) 

 

The variance of the CAAR is calculated as: 

 

σi
2CAAR(t1 + 1, t2) =  ∑ σi

2(AARt) ∗
1

N − 2

t2

t=t1+1

 (6.11) 

 

The T-test of the CAAR is subsequently: 

 
𝑡 =

𝐶𝐴𝐴𝑅𝑖(𝑡1 + 1, 𝑡2)

√σi
2CAAR(t1 + 1, t2)

∗  √𝑁 (6.14) 

   

The independent sample T-test formula for comparing the means of two samples is: 

 
𝑡 =  

𝐶𝐴𝐴𝑅1 − 𝐶𝐴𝐴𝑅2

√
𝜎21
𝑁1

+
𝜎22
𝑁2

 
(6.15) 

The higher the t-statistic, the more likely it is that the difference in the two variables is not 

the result of chance alone. Thus, a more statistically significant inference can be drawn from the 

results. Hence, a p-value is calculated, which is the probability that the difference in the above 

variables is the result of chance alone. Therefore, a lower p-statistic (.05-.01) means that it is 95-

99% certain that the difference is not the result of chance alone, supporting statistical significance 

(Sauders, Lewis & Thornhill, 2019). This thesis will test for significance at the 1%, 5%, and 10% 

confidence levels, of which more significant results are more statistically robust. Three confidence 

levels are used to add to the data completeness, and to additionally capture some significant results, 

that would otherwise be lost if significance were only measured at a minimum level of 5%. 



Riley Wellington Kack Master’s Thesis 

MSc Finance and Strategic Management 08/05/2020 

 

44 

 

Consequently, results that are considered statistically significant at the 10% level are less robust, 

but still are accurate enough (90% of the time) to be considered valid. Following the 

falsificationism method described in Section 4.1, discoveries made with 90% confidence are more 

easily falsifiable, while more-significant results (95-99%) are more difficult to falsify and demand 

stricter testing assumptions in future experiments. 

 

6.3.6.2 Nonparametric Tests: 

 Nonparametric tests differ in that they are less dependent on specific distribution 

assumptions, which contributes necessary robustness checks to the above T-test. These checks will 

increase data validity, as the use of both parametric and nonparametric tests verify the usefulness 

of all test procedures used. (Bowman, 2006).  

 The first nonparametric test to be conducted is the Sign test, which will specify the 

distribution of the abnormal returns based on their sign (Corrado & Zivney, 1992). A Sign test 

uses the excess return median to calculate the sign (positive or negative) of an excess return of a 

specified date in the event window (Corrado & Zivney, 1992).  If the return (Git) is positive, it is 

assigned a value of +1, to which a negative return is assigned a value of -1, no excess return is 

assigned a value of 0. The sign of each return is calculated as: 

 

 𝐺𝑖𝑡 = 𝑠𝑖𝑔𝑛(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑟𝑖𝑡 −𝑀𝑒𝑑𝑖𝑎𝑛 𝑟(𝑎𝑖)) (6.16) 

   

Where Git is the assigned value (+1,0, -1) from the corresponding sign (positive, negative, 

or zero) of the observed return minus the median return of the dataset (Corrado & Zivney, 1992). 

As the null hypothesis (H0) does not expect positive excess returns to be generated, it is interpreted 

as H0: p ≤ 0.5, whereas the alternative hypothesis (HA) is HA: p > 0.5 (MacKinlay, 1997). It is 

assumed equally probable that the CAR will be positive or negative, which is not affected by any 

skewness in the distribution of ARs (MacKinlay, 1997; Corrado & Zivney, 1992). Therefore, if 

the average AR is greater than 0.5, it is concluded that positive abnormal returns are more frequent 
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than negative or no-AR observations. The T-statistic of the averages is calculated using the 

following formula, to determine if the average sign is statistically significant for large samples: 

 

 
𝑇𝑠𝑖𝑔𝑛 = (

(�̂� ± 0.5) − 𝑁/2

0.5 ∗ √𝑁
) 

(6.17) 

Where ρ̂ is the average sign of the sample, and N is the number of data points in the sample.  

 The second test that will be conducted is the Rank test, which is often used as it is more 

powerful than the Sign test (Corrado & Zivney, 1992). The Rank test involves ranking the 

abnormal returns for each firm against all observed ARs through the estimation period (T0+1) and 

event window (T2). Like the Sign test, the ARs are ranked by their absolute value, which is 

subsequently standardized using the following equation (Corrado & Zivney, 1992): 

 

 
𝐾𝑖𝑡 =

𝑅𝑎𝑛𝑘(𝐴𝑅𝑖𝑡)

1 +𝑊1 +𝑊2
 

(6.18) 

Where Kit represents a standardized value between 1 and 0, and rank (ARit) is the rank of 

the ARs absolute value among all observations within a firm (Corrado & Zivney, 1992). Next, the 

variance is calculated as: 

 

𝜎𝐾
2 =

1

𝑊1 +𝑊2
∑(𝐾𝑡 −. 5)

2

𝑊2

𝑡=𝑇0

 (6.19) 

After calculating the Variance of the standardized values, the Rank test is calculated as: 

 

 

𝑡𝑟𝑎𝑛𝑘 = √𝑊2

(

 
𝐾(𝑇1 + 1, 𝑇2) − .5

√𝜎
2
𝐾 )

  (6.20) 

The Rank test is more powerful than the Sign test as it considers the impact outliers have 

on the t-statistic, which is ignored by the Sign test. Albeit, as the standardized values are only 

relative, the test lacks absolute values as calculated in parametric tests. Fittingly, the Rank test is 
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valuable in that it allows for the inclusion of ARs created by singular economic events, which can 

add validity to this thesis. 

The final nonparametric test employed is the Mann-Whitney U test for independent 

samples. The Mann-Whitney U-test is one of the most powerful and descriptive nonparametric 

tests, as it can be used to determine if two independent samples, grouped by qualitative variables 

(conglomerate, single-industry), are from the same population group (Favero & Belfiore, 2019). 

The Mann-Whitney U-test determines if the independent samples have equal medians when data 

is non-normally distributed, or if sample sizes are small, which explains why it is considered as a 

nonparametric T-test (Favero & Belfiore, 2019).  The Mann Whitney U-test statistic is calculated 

by first calculating the U-statistic for each group: 

 

 
𝑈1 = 𝑁1 ∗ 𝑁2 +

𝑁1 ∗ (𝑁1 + 1)

2
− 𝑅1 (6.21) 

 
𝑈2 = 𝑁1 ∗ 𝑁2 +

𝑁2 ∗ (𝑁2 + 1)

2
− 𝑅2 (6.22) 

 

Where R1 is the sum of the ranks of the sample with fewer observations, and R2 is the sum 

of the ranks of the sample with the most observations. Then the Mann-Whitney U statistic is 

calculated as: 

 𝑈𝑠𝑡𝑎𝑡 = min (𝑈1, 𝑈2) (6.23) 

The larger the number of sample observations grows, the more the Mann-Whitney 

distribution becomes more normally distributed (Favero & Belfiore, 2019). The U stat is then 

turned into a probability statistic (P) and compared to the alpha to test for significance.  

In summation, both the Sign test and the Rank test will be applied to the results to add 

robustness to the T-test By including both parametric and nonparametric tests, validity and 

accurateness are increased, which in turn will add to a greater level of falsifiability. While the 

results of the Sign test are less powerful and less descriptive than those of the Rank test, it is 

included as it creates the foundation for the Rank test. The Mann Whitney-U test is used in place 

of the Rank test for testing hypotheses by comparing independent samples of the same population. 

Ultimately, using both parametric and nonparametric tests allow for data to be tested as both 
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normally and non-normally distributed. To be considered statistically significant, the results of the 

nonparametric tests must satisfy a 90, 95, or 99% confidence level. 

 

6.3.7 Sensitivity Analysis 

 To determine if the abnormal return (AR) of a firm is affected by different transaction 

characteristics (conglomerate/single-industry transaction and the public/private status of the 

target), cross-sectional regression models are used as a sensitivity test in-addition to the above 

mentioned parametric, and nonparametric tests. Cross-sectional regression models are used in 

event studies to determine the association between a set of variables, and the ARs experienced by 

a firm (MacKinlay, 1997). As the variables being regressed are qualitative in nature, dummy 

variables will be used to determine their effect on the dependent variables. As dummy variables 

are being used to describe quantitative characteristics, an analysis of variance (ANOVA) model is 

used to dissect the relationship (Gujarati & Porter, 2009). 

 

 Yi = β0 + β1D1,i + β2D2,i + β3D3,i……+ μi (6.24) 

As the ANOVA model is a regression for qualitative characteristics, the assumptions of the 

model are the same for the regression described in section 6.3.3. In addition to these assumptions, 

the ANOVA model assumes data independence between samples, and that the samples have the 

same variance unless the groups differ in size by 1.5x.  The ANOVA model uses an F-statistic to 

determine the probability of observed differences occurring to chance alone (Saunders, Lewis & 

Thornhill, 2019). The F-statistic ratio is calculated as follows: 

 

 
𝐹 =

𝑏𝑒𝑡𝑤𝑒𝑒𝑛 − 𝑔𝑟𝑜𝑢𝑝 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

𝑤𝑖𝑡ℎ𝑖𝑛 − 𝑔𝑟𝑜𝑢𝑝 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
 (6.25) 

 The between-group variance is the error from experimental error, treatment effects, and 

individual differences, where the within-group variance, where the within-group variance of each 

sample (Dancey, Reidy, 2015). A large F-statistic (T-score) implies that the difference in samples 



Riley Wellington Kack Master’s Thesis 

MSc Finance and Strategic Management 08/05/2020 

 

48 

 

being the result of chance alone is low, with a probability of less than 5% (Saunders, Lewis & 

Thornhill, 2019). Consequently, the analysis of variance is not only a test of descriptive factors; 

influence on the CAR of a sample, but it is also a robustness check to ensure data, and procedural 

accuracy, and completeness.  
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7 Analysis 

This section explains the results of the hypotheses tested against the finalized dataset in Section 

5.3. First, trends of conglomeration in the high-tech industry are determined, before analyzing the 

value-creating announcement effect to determine if conglomerate M&A activity in the high-tech 

industry creates value. Lastly, the announcement effects of private and publicly listed target firms 

are analyzed to determine if conglomerate M&A prefers or creates more value through acquiring 

one firm-type over the other. Each section of the analysis will contain a sub-conclusion to 

summarize their findings. A summary of all findings will be presented in Section 8 section before 

concluding this thesis. 

 

7.1 The Trend of Conglomeration in High-Tech 

The first section of the analysis investigates the trends of conglomeration in the high-tech 

industry to determine if there is significant growth in the level of conglomerate transactions 

compared to non-conglomerate (single-industry) transactions. The growing societal dependence 

on technology and the rapid-innovation nature of the industry suggests that the number of firms 

entering the industry will increase in the future (Porter, 2008; Grant, 2016; Wolf & Terrell, 2016).  

Furthermore, theory suggests that the high-tech industry would support conglomeration as the 

ability to gain market share, and access developed technologies can create value to the acquirer. 

Additionally, scale economies in the form of network effects, are extra-valuable to conglomerate 

firms, as their multi-industrial structures already contain a network of consumers, to which 

acquiring more increases the value-creating ability of all areas of operation (Garud, Kumaraswamy 

& Langlois, 2003, Lim, Choi & Park, 2003). Hence, this section tests whether conglomerate M&A 

activity is increasing in proportion to single-industry activity, which is hypothesized in Section 3.1 

as: 

H1: The proportion of conglomerate to single-industry transactions in the high-tech industry 

has increased from 1997-2019 
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To determine if a trend of increasing-conglomeration exists, the number of conglomerate 

and single-industry transactions per year over the event window are divided into groups from the 

years 1997-2008 and 2009-2019. The ratio of conglomerate to single-industry transactions is 

calculated per year before the average ratio for each sample is calculated to determine if the mean 

conglomerate to single-industry ratio has increased from the first period (1997-20008) to the 

second (2009-2019). The results are presented below (Table 7.1.1).  

 

As evident from the Table above, single-industry transactions greatly outnumber conglomerate 

transactions by a ratio of 5:1. As discovered by analyzing the ratio of conglomerate to single-

industry transactions, the proportion of conglomerate transactions occurring in the high-tech 

industry is increasing. By comparing the mean of conglomerate to single-industry ratios of the 

periods from 1998-2008, and 2009-2019, it is observed that the proportion of conglomerate 

transactions more than doubles (2.34x). While the size of the increase is surprising, it is consistent 

with predictions that the high-tech industry is theoretically supportive of conglomeration. Both 

transaction types are graphed in figure 7.1.2 below to determine if the number of transactions per 

year follows the trend of occurring in waves. The number of conglomerate transactions per year is 

scaled 2.5x per year for visualization purposes. 

TABLE 7.1.1: CONGLOMERATE AND SINGLE-INDUSTRY TRANSACTIONS PER-YEAR 
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As evident from the above graph, the trend in both conglomerate and single-industry 

transactions are consistent with theory predicting that activity occurs in waves. As both sample 

groups experience similar changes in activity over the observation period, it can be deduced that 

conglomerate transactions are proportionally increasing in comparison to single-industry 

transactions in the high-tech industry. Previous literature has theoretically investigated and 

discovered that the high-tech industry is structured to potentially support conglomeration, which 

is corroborated by the findings in Table 7.1.1 and Figure 7.1.2 (Church, 2004; Eckbo, 1982; 

Goldberg, 1973; Riordan & Salop, 1995). This trend is further probed by investigating trends in 

target-listing preference by conglomerate transactions through plotting each type of transaction 

through the observation window. It is predicted that conglomerate firms would prefer to acquire 

public listed firms over private firms, mainly as the information asymmetry between the acquiring 

and target firm is decreased. Additionally, this decreased information asymmetry implies that more 

accurate valuations can be performed before the announcement, reducing the uncertainty 

surrounding the predicted future performance of the target (Borochin, Gosh & Di, 2018). Hence, 

the following hypothesis is tested to determine if there is a target preference by conglomerate 

M&A. 

FIGURE 7.1.2: SINGLE-INDUSTRY AND CONGLOMERATE TRANSACTIONS FROM 1997-2019 
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H2: Over the period 1997-2019, conglomerate firms will more often acquire public firms than 

private firms in the high-tech sector 

 To determine if a trend exists, the average ratio of public to private transactions per year 

are calculated for the periods 1997-2008 and 2009-2019. The results are presented in Table 7.1.3 

below.  

 

As evident from the table above, the difference in the number of private targets acquired 

(115) in comparison to public targets (19). Though large, this difference is consistent with the 

current economic ratio of publicly listed firms (5,000) on the NASDAQ and NYSE exchanges 

when compared to private firms (1,185,344) (Thomson One, 2020). As highlighted, the mean ratio 

of public to private-target firms increases between the periods of 1997-2008 and 2009-2019. 

Consequently, it cannot be determined if conglomerate firms prefer acquiring publicly listed 

targets as opposed to private-targets due to the difference in the number of observations in each 

sample. Though the trend of preference is unidentifiable, single-industry and conglomerate 

transactions are later examined  (Section 7.3) to determine their short-term value-creating ability, 

and if there is a difference in the value-creating ability between the sample groups.  

TABLE 7.1.3: CONGLOMERATE TRANSACTION ANALYSIS – PRIVATE VS. PUBLIC TARGET 
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7.1.1 Sub-conclusion 

From the above trend analysis of conglomerate and single-industry M&A transactions in the 

high-tech industry, it can be deduced that the level of conglomerate transactions are increasing in 

comparison to single-industry transactions. Though it cannot be determined if a new wave of 

conglomerate M&A activity is starting, the increasing proportion of conglomerate to single-

industry transactions infers these waves of activity are becoming increasingly comprised of 

conglomerate transactions. Consequently, though conglomeration is becoming more popular, it 

cannot be determined that conglomerate firms prefer publicly-listed target firms over public firms 

due to the difference in the number of observed transactions between the two groups. 

 

 

7.2 Does Conglomeration Create Short-term Value? 

 As it has been determined that the proportion of conglomerate to single-industry M&A 

transactions in the high-tech industry is increasing, the next phase of the analysis focuses on 

determining if conglomerate M&A activity in the high-tech industry generates abnormal returns 

in the days surrounding the announcement date. The following hypotheses represent the body of 

the analysis, as the central question this thesis attempts to answer is conglomerations' effectiveness 

at creating value. The hypotheses are tested by measuring the acquiring firms’ stock price reaction 

to announcements of M&A activity, to determine if prices react positively, or negatively in the 

days leading up to, and post-announcement. As mentioned in the section on market efficiency, it 

is assumed that the market is semi-strong efficient, which implies that the abnormal returns 

generated in the event window are representative of the short-term value being created by the 

announcement. Once the short-term value-creating ability of conglomeration is determined, it is 

separated into acquisitions of public firms, and private firms to determine their value-creating 

ability. 
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Literature that studies the value-creating ability of conglomerate M&A is inconclusive at best. 

When tested across a variety of acquisitions, in multiple industries, results show that conglomerate 

M&A does not typically create value and should subsequently not be pursued. However, specific 

industries theoretically support the possibility of value-creating conglomeration due to a variety of 

synergistic, firm-specific competencies, and resources. The high-tech industry has been identified 

as being theoretically supportive of conglomeration, as newly-captured network effects and 

technological innovation can provide cost-reducing and value-enhancing synergies and 

competencies that can be re-deployed across all business units. It is from this theoretically 

supported idea that this thesis aims to determine if conglomerate M&A transactions can create 

short-term value in the high-tech industry. The cumulative average abnormal return of acquiring 

firms is calculated and tested to determine their statistical significance. Consequently, the 

hypotheses to be tested are as follows: 

H0: Diversified M&A acquisitions (private or public) will not generate positive abnormal returns 

in the event window (CAAR ≤ 0) 

HA: Diversified M&A acquisitions (private or public) will generate positive abnormal returns in 

the event window (CAAR > 0) 

 

An event study procedure is used to calculate the abnormal return of the acquiring firms' stock 

price around the announcement date. To ensure data completeness, the CAAR of different length 

event windows is calculated to determine if event window length has any statistically significant 

effect on acquiring firm CAAR. The first step in determining the statistical significance of the 

CAARs is to use a parametric T-test, with the results of these tests noted in Table 7.2.1. 

 



Riley Wellington Kack Master’s Thesis 

MSc Finance and Strategic Management 08/05/2020 

 

55 

 

 

 

As evident from the table above, there is statistically significant evidence to reject the null 

hypothesis during the shortest event window (±5-days). Ergo, it can be concluded that 

conglomerate transactions can create short-term value to the acquiring firm ±5-days around the 

announcement date. Greater negative CAARs in longer event windows implies that the market 

reacts to the announcement positively, and then underperforms as the event window increases. (To 

further this analysis and determine how the AARs on each observation day affect the sample-wide 

CAAR, the AAR of each observation day is T-tested to determine if the AARs are statistically 

significant (see Table 7.2.2). 

  

TABLE 7.2.1: PARAMETRIC T-TEST OF CONGLOMERATE TRANSACTION 

CAARS 

 

The table above contains the results of the parametric T-test of the CAAR of all conglomerate 

transactions. The dependent variable is the length of the event window (±20, ±15, ±10, ±5) around the 

announcement date of the transaction. As this hypothesis tests the mean return of a single sample, the 

single sample T-test formula (6.14) is used.  
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Interestingly, the results of the CAAR T-test are inconsistent with the analysis of 

observation-day AARs. As seen in the table herein, there is no statistically significant evidence to 

reject the null hypothesis on any observation day. The statistically significant CAAR of the ±5-

day event window in Table 7.2.1 is only made significant due to the positive AARs generated on 

the announcement day, and five days post announcement.  

One surprising discovery is the AAR experienced 20 days post-announcement, in which 

the AAR increases by .0038% between observation days +15 and +20. One potential explanation 

for this is that the acquiring firm can capitalize on any economies of scale on the demand side, 

which is faster to realize than those on the supply side (Bruner, 2004).  As mentioned in Section 

6.3.6.2, the dataset is also tested nonparametrically to account for the possibility that the data is 

non-normally distributed. Therefore, the Sign test is applied to the ARs of the dataset (Table 7.2.3). 

TABLE 7.2.2: PARAMETRIC T-TEST OF CONGLOMERATE TRANSACTION AARS 

 

The table above contains the results of the parametric T-test of the AAR of each observation day 

in the sample event window (±20 days).  The single sample T-test formula (6.13) is used to calculate the 

t-stat for each observation. 
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The primary purpose of including nonparametric tests is to determine if non-normally 

distributed data causes any skewness in the results of the parametric tests. The results of the Sign 

test conclude that there is not enough statistical evidence to reject the null hypothesis. When the 

sign of the AR is considered, the average sign of the sample is negative for event windows ±20, 

±15, and ±10. The only positive average sign is during the shortest event-window, which is 

consistent with the discovery of a statistically significant positive CAAR in Table 7.2.1. Next, a 

Rank test is used to test if data is non-normally distributed when the magnitude of the ARs is 

considered as well as their sign. This will additionally assist in determining if the single positive 

CAAR observation is the result of positive data skewness. The results of the Rank test are 

presented in Table 7.2.4. 

TABLE 7.2.3: NONPARAMETRIC SIGN TEST OF CONGLOMERATE TRANSACTIONS 

 

The table above contains the results of the sign test of the ARs in the event window. An average 

sign of .5 or greater indicates positive ARs. The dependent variable is the number of observations days 

(±20, ±15, ±10, ±5) surrounding the announcement of the transaction. 
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The results of the Rank test support the findings of both the parametric and nonparametric 

tests, while also contributing that outliers do not affect the total CAAR as highlighted in Table 

7.2.1. Interestingly, the t-stats of the findings during the windows (±20, ±15, ±5) all decrease when 

the effect of outliers on the dataset is considered. However, it is not surprising that longer event-

windows subsequently include greater magnitude ARs in their samples. Moreover, although the 

±5-day event window average is positive, the T-statistic is negative. Though insignificant, this 

indicates that large, negative AR outliers (mainly pre-announcement) increase the variance 

negatively, while the average sign of the sample stays the same. While interesting, the shorter 

event window amplifies any information leakages that happen immediately before the 

announcement, while also capturing the initial market reaction to the announcement itself. 

Consequently, a greater variance is expected in this sample. 

 

7.2.1 Sub-conclusion 

Upon reconciling the results of the parametric and nonparametric tests, there is statistically 

significant evidence to reject the null hypothesis when employing a ±5-day event window. As 

such, conglomerate M&A in the high-tech industry can create short-term immediately around the 

announcement date. Albeit, when the length of the event window is increased to ±10, ±15-days, 

the value-creating ability disappears, as only significantly negative CAARs are generated. As all 

TABLE 7.2.4: NONPARAMETRIC RANK TEST OF CONGLOMERATE TRANSACTIONS  

 
The table above contains the results of the rank test of the ARs in the event window. An average 

sign of .5 or greater indicates positive ARs. The dependent variable is the number of observations days 

(±20, ±15, ±10, ±5) surrounding the announcement of the transaction. 
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statistically significant AARs generated are negative, and post-announcement, it is deduced that 

the market reacts poorly to the transaction once the initial-market reaction dissipates.  Though 

statistically insignificant, the results of the nonparametric tests are consistent with the findings of 

the T-tests when a non-normal distribution is assumed. 

 

 

7.3 Does the Public Status of Target Firms Affect Abnormal Returns? 

In continuation of Sections 7.1 and 7.2, conglomerate M&A transactions are divided into 

two groups to determine if targeting private, or publicly listed firms in the high-tech industry create 

short-term value at differing levels. While the overall sample of conglomerate transactions has 

been proven not to generate positive ARs, theoretical implications have highlighted that when 

divided into the sub-samples, other trends may appear. Value and resource theories presume that 

the increased certainty of information and operational processes attributed to public firms make 

them preferred targets of conglomerate transactions. Subsequently, it is believed that this reduced 

information asymmetry and increased operational transparency would allow acquiring firms to 

create more value from the transaction. Accordingly, it is hypothesized that: 

H3: Conglomerate (diversification) acquisitions of public firms will produce greater positive 

abnormal returns than acquisitions of private firms in the event window. 

 To determine if public-target transactions create more value than public-target transactions, 

the ARs of each firm are calculated before a sensitivity analysis is conducted to determine if there 

is a statistically significant difference in the value-creating ability of the two samples. First, a 

parametric independent samples T-test is used to determine if the mean ARs of each group are 

equal. The results of the independent T-test are presented in Figure 7.3.1 below.  
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Given the results of the T-test, it can be concluded that there is a difference in the mean 

returns of private-target and public-target transactions. The statistically significant T-stat implies 

that the average AR of public-transactions target transactions is less (more negative) than the 

average AR of private-target transactions. As such, hypothesis 3 can be rejected with 99% 

confidence, and subsequently concluded that private-target transactions create more short-term 

value to the acquiring firm than public-target transactions. This discovery can potentially be 

attributed to the increased information availability attributed to publicly listed firms. As 

underperforming firms are more likely to conglomerate (Fluck & Lynch, 1999), the market may 

initially perceive the acquisition of an underperforming firm negatively, which would generate 

more numerous negative ARs over the ±20-day event window. 

Though it has been discovered in Section 7.1 that there is no determinable difference in 

target preference by conglomerate transactions, the results herein suggest that the target preference 

may consider more than just the volume of transactions.  Albeit, neither public nor private-target 

transactions create short-term value to the acquiring firm over a ±20-day event window, which are 

consistent with the results presented in Table 7.2.1 

FIGURE 7.3.1: PARAMETRIC T-TEST OF PRIVATE AND PUBLIC-TARGET 

TRANSACTION CAARS 

 
The table above contains the results of the parametric independent sample T-test of the ARs of 

both the acquisitions of private, and publicly listed firms over the full (±20) day event window. 

Consequently, the two-sample T-test formula (6.14) is used to compare the means of both samples. 
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To determine if the increased information associated with public firms affected the ability 

to generate ARs, the individual AARs of each observation day are T-tested, and the results are 

presented in Table 7.3.2 and Figure 7.3.3. 

 

 

TABLE 7.3.2: PARAMETRIC T-TEST OF PUBLIC AND PRIVATE TARGET TRANSACTION 

AARS 

 

The table above contains the results of the parametric T-test of the AARs of both groups for 

each observation day in the sample event window (±20 days). The T-statistic of each observation day 

for each sample is calculated using equation (6.13). 
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 As evident from the results of the T-test of the AARs of both groups throughout the event 

window, there is no statistically significant evidence to support that either public or private target 

firms create short-term value to the acquiring firm. More numerous, negative AARs are 

experienced through the event window when targeting publicly listed firms. This finding, as 

highlighted by Table 7.3.2, is consistent with theoretical predictions regarding pre-announcement 

information leakages (Shen & Reuer, 2005; Capron & Shen, 2007). It appears that the greater 

negative ARs generated by public-target transactions are potentially caused by the market's 

adverse reaction to having increased information about the transactions due to the public status of 

both firms. However, the number of public firms in the dataset would need to be increased to add 

robustness to these findings 

FIGURE 7.3.3: PRIVATE AND PUBLIC TARGET CONGLOMERATE TRANSACTION 

AARS 
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To add to the data completeness, a nonparametric Mann-Whitney U-test is used to 

determine if the variance between the groups differs from each other at a statistically significant 

level. The results of the Mann-Whitney U-test are displayed in Figure 7.3.4. 

 

The results of the Mann-Whitney U-test corroborate initial findings and confirm that there 

is no statistically significant difference (positive or negative) in the value-creating ability of either 

public or private target firms. A negative t-statistic (-1.018) implies that the mean AR of the public-

transaction sample set is less than that of the private-target sample. Though statistically 

insignificant, the results correspond with the results of the T-test. Finally, to further corroborate 

the results of the above parametric and nonparametric tests, an ANOVA regression is used to 

determine if there is a difference in the ARs experienced by each group. The results of the ANOVA 

test are presented in Figure 7.3.5. 

 

 

FIGURE 7.3.4: NONPARAMETRIC MANN-WHITNEY U-TEST 

 

The table above displays the results of the Mann-Whitney U-test. A grouping value of 1 is 

assigned to public-target transactions, and a value of 0 is given to private-target transactions.  
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 The results of the ANOVA regression corroborate that there is no statistically significant 

difference in the mean AR of private and public-target transactions. A Durbin-Watson D-statistic 

of 1.908 implies no positive or negative autocorrelation, indicating that the ARs of one observation 

day are not correlated to the day before, which supports the assumption that the ARs of the sample 

are normally distributed. Ergo, it cannot be concluded definitively that publicly listed target firms 

do not create more short-term value to the acquirer than private-target transactions.  

 

7.3.1 Sub-Conclusion 

The results of the parametric independent samples T-test determined that the CAARs of 

private-target and public-target transactions are different at a statistically significant level. Under 

the assumption of a normal distribution, private-target transactions create greater (less negative) 

ARs than public-target transactions with 99% confidence. However, nonparametric tests have 

concluded differently, as the results of the Mann-Whitney U-test concludes that there is no 

statistically significant difference in the mean AR of public, and private-target transactions. The 

results of the U-test are supported by the ANOVA regression, which has concluded that there is 

FIGURE 7.3.5: ANOVA REGRESSION OF PRIVATE AND PUBLIC-TARGET SAMPLES 

 
The table above contains the results of the nonparametric ANOVA regression. A grouping 

variable of 1is assigned to private-target transaction AARs, and a value of 0 is assigned to public-target 

transaction AARs. The ANOVA regression is calculated over the largest (±20 day) event window. 
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no difference in the mean ARs of either sample. Ergo, it can be concluded that private target 

transactions create more (destroy less) value than public target transactions. Additionally, it can 

be concluded that, on average, the mean AR generated in the event window by either private or 

public target transactions differ at a statistically significant level.  

 

7.4 Conglomerate M&A vs. Single-industry M&A 

In this final section of the analysis, conglomerate M&A activity in the high-tech industry 

is compared to single-industry (intra-industry) high-tech transactions.  Until this point, this thesis 

has discovered that conglomerate M&A transactions targeting firms in the high-tech industry only 

create short-term value to the acquiring firm immediately surrounding the announcement. 

Conversely, single-industry M&A benefits from already operating in the industry and, thus, 

possess capabilities that better align with the firm they chose to target. Additionally, greater 

information asymmetry exists in conglomerate M&A than single-industry M&A, specifically 

when targeting both private and public-listed firms (Borochin, Gosh & Di, 2018). Thus, in 

comparing the ARs of both sample groups, it is expected that the conglomerate sample will under-

perform in comparison to the single-industry sample when the full-length event window is 

employed.  

H4: conglomerate (diversification) M&A acquisitions (private and Public) will generate less 

abnormal returns than non-diversified (single-industry) M&A in the event window.  

To determine if single-industry transactions generate greater ARs through the event 

window than conglomerate transactions, their mean ARs are compared. Therefore, to accept the 

above hypothesis, the mean AR of single-industry transactions will need to be greater than the 

mean AR of conglomerate transactions at a statistically significant level. Following the event study 

procedure used in the analysis, a parametric T-test is initially conducted to determine if either 

conglomerate or single-industry M&A activity in the high-tech industry create short-term value to 

the acquiring firm. The ARs of conglomerate and single-industry transactions are compared using 

an independent sample T-test. As this thesis investigates the effectiveness of one transaction type 
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against the other, the samples are compared over the full (±20) day event-window. The results are 

presented in Figure 7.4.1. 

 

 According to the results, there is statistically significant evidence to support the hypothesis 

H4. Ergo, it is concluded with 90% confidence that conglomerate transactions generate greater 

CAARs than the CAARs of all single-industry transactions through the full ±20-day event 

window. A negative T-stat implies that while neither conglomerate nor single-industry transactions 

create short-term value for the acquiring firm,  the mean AR of conglomerate transactions is greater 

(less negative) than the mean AR of single-industry transactions. Hence, it can be concluded with 

90% certainty that conglomerate M&A, though not value-creating, outperforms single-industry 

M&A.  

 The AARs of each transaction type (conglomerate and single-industry) for each 

observation day in the event window is calculated to add depth to the level of analysis. The findings 

are presented in Figures 7.4.2 and 7.4.3.  

FIGURE 7.4.1: PARAMETRIC T-TEST OF CONGLOMERATE & 

 SINGLE-INDUSTRY TRANSACTIONS CAARS 

 
The table above contains the results of the parametric independent samples T-test of the CAAR 

of all conglomerate, and single-industry transactions. The T-statistic is calculated using equation 

(6.15) over the entire ±20-day event window. The single-industry transaction ARs are assigned as 

sample 0, and the conglomerate ARs are assigned to sample 1 for formula grouping purposes. 

  



Riley Wellington Kack Master’s Thesis 

MSc Finance and Strategic Management 08/05/2020 

 

67 

 

 

FIGURE 7.4.2: PARAMETRIC T-TEST OF CONGLOMERATE & 

 SINGLE-INDUSTRY TRANSACTIONS AARS 

 
The table above contains the T-test of the AARs of each transaction type on each observation 

day in the event-window. Each AAR is T-tested using formula (6.13) to determine its significance. 

 

FIGURE 7.4.3: SINGLE-INDUSTRY AND CONGLOMERATE TRANSACTION AARS 
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As evident from the data noted in Figures 7.4.2 and 7.4.3, single-industry transactions 

generate statistically significant negative ARs on seven of the nine observation days. As 

statistically significant negative ARs are observed on three days for conglomerate transactions. Of 

all observations, single-industry ARs are more negative on six of the nine observation days. 

Additionally, the standard deviation of single-industry transactions is greater than those of 

conglomerate transactions on 7 of the nine observation days. Hence, single-industry transactions 

generate more variable, negative ARs than those generates from conglomerate transactions. This 

observation is inconsistent with previous studies that have determined conglomeration to 

underperform in comparison to single-industry transactions (Hill, 1983; Bruner, 2004). As all 

statistically significant ARs in both samples are negative, it can be deduced that the overall sample 

is skewed negatively due to this asymmetry. 

Consequently, nonparametric tests will need to be used out of necessity, rather than to add 

robustness to the parametric tests as in Sections 7.2 and 7.3. First, the Mann-Whitney U-test was 

used to determine if the mean AR of single-industry and conglomerate transactions differ, 

assuming non-normal distribution. The results of the Mann-Whitney U-test are presented in Table 

7.4.4. 

 

TABLE 7.4.4:  NONPARAMETRIC MANN-WHITNEY U-TEST 

 
The table above contains the results of the nonparametric Mann-Whitney U-test. A grouping 

variable of 0 is assigned to single-industry transactions, and a variable of 1 is assigned to conglomerate 

transactions.  
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The results displayed in Table 7.4.4 contradict the findings of the parametric T-tests. When 

non-normal distribution is assumed, it cannot be determined that the mean AR of single-industry, 

and the mean AR of conglomerate transactions differ at a statistically significant level. Though 

statistically insignificant, a positive T-stat (1.244) implies that the mean AR of conglomerate 

transactions is greater (less negative) than single-industry transactions. Interestingly, the standard 

deviation of ARs for the conglomerate sample is less than those of the single-industry sample. This 

observation is inconsistent with previous literature, which has determined that conglomerate firms 

are inherently more volatile in their performance than single-industry firms. This potentially 

suggests that while their performance over a longer time horizon may be more volatile, their target 

selection criteria for M&A growth may be more refined and accurate than firms growing through 

intra-industry M&A, which would reduce their immediate volatility.  To add robustness, an 

ANOVA regression was run to determine if a statistically significant difference in ARs exists 

between the two samples, assuming non-normal distribution. The results of the ANOVA 

regression of conglomerate and single-industry transaction ARs are presented in Figure 7.4.5. 

 

FIGURE 7.4.5: ANOVA REGRESSION OF CONGLOMERATE AND SINGLE-INDUSTRY 

TRANSACTIONS 

 
The table above contains the results of the nonparametric ANOVA regression. A grouping variable 

of 0 is assigned to conglomerate transaction ARs, to which a variable of 1 is assigned to single-industry 

ARs. The result of the Durbin-Watson d-test is displayed to determine if autocorrelation exists within 

the sample. 
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 Consistent with the findings of the Mann-Whitney U-test (Figure 7.4.4), the results of the 

ANOVA regression (Figure 7.4.5) conclude that there is no statistically significant difference in 

the mean ARs of conglomerate, and single-industry transactions. The results of the ANOVA 

regression contradict the findings of the parametric T-test, which infers that although the CAARs 

of conglomerate and single-industry transactions differ, there is not a statistically significant 

difference in the mean AR of the two samples. As the results of the T-test in Figure7.4.1 are barely 

significant at the 10% level (9.37%), the ANOVA test suggests that the results, assuming normal 

distribution, are most likely incorrect. A high F-score indicates that there is a very low likelihood 

that this is the result of chance alone, adding robustness to the above statement. Additionally, a 

Durbin-Watson d-score of 1.904 implies no autocorrelation, either positive or negative, ensuring 

data accuracy 

 

7.4.1 Sub-conclusion 

In summation, there is statistically significant evidence to conclude that there is a difference 

in the mean AR of conglomerate and single-industry transactions when normal distribution is 

assumed. Hence, it can be determined with 90% confidence that conglomerate transactions 

outperform single-industry transactions by generating greater (less negative) ARs through the full-

length event window. The results of the nonparametric Mann-Whitney U-test and ANOVA 

regression contradict the findings of the T-test as they have determined that the mean AR of both 

sample groups do not differ at a statistically significant level. Hence, it is concluded that evidence 

exists to reject the hypothesis that conglomerate transactions generate less ARs than single-

industry transactions through the event window. However, although conglomerate transactions 

create more (destroy less) value than single-industry transactions, the average AR of conglomerate 

and single-industry transactions do not differ at a statistically significant level. 
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8 Discussion 

This section of the thesis examines trends, both statistically significant and insignificant, that 

have been discovered through testing the hypotheses. Additionally, this section will serve as a 

critical reflection of the methods used and their potential impacts on the estimation and testing 

process.  

 

8.1  Summary of Findings 

Upon initial inspection, the findings in the analysis are consistent with previous empirical 

research and theoretical predictions regarding the effectiveness of conglomeration. The discovery 

that conglomeration is becoming increasingly common in the high-tech industry can potentially 

be attributed to two main identifying factors. First, the rapid innovation level of the industry 

presents many investment opportunities for companies (both conglomerate and non-conglomerate) 

to exploit. Here, conglomerate firms are thought to have the advantage of being cash-rich and 

better able to capture and manipulate market power post-transaction (Narver, 1969; OECD, 2001; 

Church, 2004). Secondly, emerging scale economies of demand in the form of network effects 

allow for conglomerate-wide value creation upon integration. As network effects can be 

implemented across industry borders, conglomerate firms seem to be recognizing their 

effectiveness and entering the high-tech industry to secure a greater network, with more data. As 

these network effects become increasingly valuable as more consumers are added to the network, 

conglomerate firms are potentially motivated to expand through M&A to increase the value-

creating ability of these network effects (Garud, Kumaraswamy & Langlois, 2003). Additionally, 

multiple-industry firms can cross-sell products and services across their network, further 

increasing the value of, and the motivation to exploit these economies of scale (Uzzi, 1996; 

Melnick et al., 2000).  

As neither conglomerate, nor single-industry M&A activity creates short-term value for 

shareholders over the full ±20-day observation window (Section 7.4), the justification for growth 

via M&A must exist within developing technological capabilities, or for exploiting the information 

asymmetry/ technological resources. As noted in Section 2.2.2 and 2.2.3, the acquisition of 
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technology or innovation that can lead to potential scale economies on the supply or demand side 

is not immediately realized upon announcement or transaction. Hence, it is anticipated that these 

potential synergies do not affect the value-creating ability of either single-industry or conglomerate 

transactions. Interestingly, conglomerate transactions are better at creating value than single-

industry transactions, which contradicts previous empirical studies of conglomerate growth, and 

general beliefs. 

Furthermore, in separating the conglomerate transaction sample by the listing status of the 

target firm, there are no statistically significant results that lead us to conclude that either 

transaction type outperforms the other. However, data, though statistically insignificant, suggests 

that publicly listed target firms outperform private firms in the short-term. This discovery is not 

surprising; however, as theory and information availability would predict that public firms would 

see larger ARs (positive and negative) as information is more-easily leaked to the market. 

However, larger ARs of both signs would subsequently create more variance for the public sample, 

which is not observed in the data (.0012 public, .0013 private). 

 

8.2  Critical Reflection 

In reflecting on the methods of calculation used to determine the ARs of the individual firms 

over the event window, potential shortfalls become apparent. First, returns in the estimation period 

were calculated as weekly returns, rather than using daily returns. This estimation method could 

potentially affect the variance of the estimation period for both firms, and S&P returns. 

Subsequently, the beta and alpha of the estimation period could be larger than anticipated, which 

would lead to calculating abnormal returns that are greater than they are. Fortunately, the lack of 

statistically significant CAARs and AARs suggest that the potential excess variance has been 

minimized. Additionally, to increase the accuracy of the ANOVA regression and estimation 

model, a multi-factor regression and multi-factor estimation models could have been employed. 

While this would reduce the potential noise from macroeconomic factors, though literature notes 

that the benefits of employing multi-factor models are insignificant (MacKinlay, 1997; Brown & 

Warner, 1980). 
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Also, it is noted that the event window employed is substantial when compared to other AR 

event studies, and the interval between observation days (5 days) is also large. This observation 

interval is justifiable however, as 5-day increments in observation days does not decrease the 

robustness, as the event windows used (±20, ±15, ±10, ±5) can be compared against each other to a 

greater extent than if they were calculated daily. While this inevitably leads to hyper-descriptive 

statistics being overlooked, the overall trend in value-creating ability is not significantly hindered 

and can be generalized over a greater period. Additionally, the data sample used in this study would 

need to be expanded to increase the generalizability of any discoveries made. Mainly, as this thesis 

only studies firms still operating publicly as of December 31, 2019, many announcements are not 

included as the firms have since-been privatized. However, by including these announcements, the 

dataset’s generalizability, and subsequent robustness would be improved. 

  As this thesis investigates the trend, and short-term value-creating ability of conglomerate 

M&A in the high-tech industry, motivating factors, and value-creating factors have not been 

investigated. Factors such as industry relatedness between the acquiring and target firm and the 

level of innovation in the acquiring firms’ primary industry are not considered in this thesis. 

Literature has identified these factors as being identifiers of potential value-creating M&A 

opportunities and needs to be tested further to add robustness.   
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9 Conclusion 

 

This thesis has attempted to discover if the recent increase in the value of data and 

technological development has initiated a wave of conglomerate (diversification) mergers and 

acquisitions into the tech industry. Upon investigating trends of M&A activity in the high-tech 

industry, it has been determined that the proportion of conglomerate to single-industry transactions 

has increased. While the overall trends of high-tech M&A are consistent with that predicted by 

M&A wave theory, the increasing proportion of conglomerate M&A activity alone does not 

suggest a new “wave” of activity is occurring. From this increasing proportion of an M&A wave 

being conglomerate transactions, it can be concluded that conglomerate M&A activity is 

increasing in the industry. However, it cannot be concluded if conglomerate transactions prefer to 

target public firms over private firms. 

This thesis also attempted to answer if conglomerate M&A activity creates short-term value 

to the acquiring firm. Though the level of conglomerate M&A is increasing in the high-tech 

industry, results have concluded that conglomerate M&A only creates value for the acquiring firms 

in the shortest employed event window (±5-day). During longer event-windows (±20, ±15, and 

±10-day windows), conglomerate M&A does not create value to the acquiring firm at a statistically 

significant level. Furthermore, when conglomerate transactions are grouped by the public-listing 

status of the target firm, it is observed that private-target transactions create more value (destroy 

less) value than public-target transactions through the full-length event window (±20-days). 

However, as neither sample generates positive AARs or positive CAARs, it can be concluded that 

conglomerate M&A activity that targets either private or publicly listed firms do not create short-

term value to the acquiring firm.  

Finally, it has been concluded that neither conglomerate nor single-industry M&A in the high-

tech industry creates short term value for the acquiring firm. Additionally, it cannot be determined 

if conglomerate M&A is better at creating short-term value to the acquiring firm than single-

industry M&A at a statistically significant level.  
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9.1  Contribution to Academic Literature 

This thesis adds to the available literature focusing on the effectiveness of conglomerate M&A 

activity, and conglomerate expansion in the high-tech industry. Statistically significant results have 

been produced, which serve as a robustness check of previously corroborated beliefs and adds to 

the collective knowledge of conglomerate research.  

Furthermore, this thesis has identified areas for future research through uncovering trends that 

whole statistically insignificant, if investigated further, have the potential to produce statistically 

significant results. First, as cost-saving and revenue-increasing synergies on the supply and 

demand side are longer-to realize, the value-creating ability of both transaction types would need 

to be analyzed over a greater period post-announcement. Secondly, the further study of 

conglomerate transaction performance when targeting private and publicly listed firms could 

produce statistically significant results if assumptions and estimation methods were changed. 

Finally, increasing the sample size of both conglomerate and single transactions would allow for 

more generalizable inferences to be made.  
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11 Appendix 
 

Appendix 11.1: List of Single-industry Public Transactions 

Acquiring Firm 
Acquiring 

Macro-industry 

Announcement 

Date 
Target firm 

ON Semiconductor Corp (XNAS:ON) High Technology 03/27/2019 Quantenna Communications Inc 

Broadcom Inc (XNAS:AVGO) High Technology 07/11/2018 Ca Inc 

Cohu Inc (XNAS:COHU) High Technology 05/08/2018 Xcerra Corp 

Microchip Technology Inc (XNAS:MCHP) High Technology 03/01/2018 Microsemi Corp 

SS&C Technologies Holdings Inc (XNAS:SSNC) High Technology 01/11/2018 DST Systems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/23/2017 BroadSoft Inc 

Synchronoss Technologies Inc (XNAS:SNCR) High Technology 12/06/2016 IntraLinks Holdings Inc 

MACOM Technology Solutions Holdings Inc 

(XNAS:MTSI) 

High Technology 11/21/2016 Applied Micro Circuits Corp 

Adobe Inc (XNAS:ADBE) High Technology 11/10/2016 TubeMogul Inc 

Broadcom Inc (XNAS:AVGO) High Technology 11/02/2016 Brocade Commun Sys Inc 

Analog Devices Inc (XNAS:ADI) High Technology 07/26/2016 Linear Technology Corp 

Microsoft Corp (XNAS:MSFT) High Technology 06/13/2016 LinkedIn Corp 

Coherent Inc (XNAS:COHR) High Technology 03/16/2016 Rofin-Sinar Technologies Inc 

Microchip Technology Inc (XNAS:MCHP) High Technology 01/13/2016 Atmel Corp 

ON Semiconductor Corp (XNAS:ON) High Technology 11/18/2015 Fairchild Semiconductor Intl 

Western Digital Corp (XNAS:WDC) High Technology 10/21/2015 SanDisk Corp 

Seagate Technology PLC (XNAS:STX) High Technology 08/18/2015 Dot Hill Systems Corp 

Intel Corp (XNAS:INTC) High Technology 06/01/2015 Altera Corp 

Microchip Technology Inc (XNAS:MCHP) High Technology 05/07/2015 Micrel Inc 

Cypress Semiconductor Corp (XNAS:CY) High Technology 12/01/2014 Spansion Inc 

Zillow Group Inc (XNAS:ZG) High Technology 07/28/2014 Trulia Inc 

Analog Devices Inc (XNAS:ADI) High Technology 06/09/2014 Hittite Microwave Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 07/23/2013 Sourcefire Inc 

Microchip Technology Inc (XNAS:MCHP) High Technology 05/02/2012 Standard Microsystems Corp 

Synopsys Inc (XNAS:SNPS) High Technology 11/30/2011 Magma Design Automation Inc 

Avnet Inc (XNAS:AVT) High Technology 03/29/2010 Bell Microproducts Inc 

Adobe Inc (XNAS:ADBE) High Technology 09/15/2009 Omniture Inc 

Intel Corp (XNAS:INTC) High Technology 06/04/2009 Wind River Systems Inc 

ANSYS Inc (XNAS:ANSS) High Technology 03/31/2008 Ansoft Corp 

ON Semiconductor Corp (XNAS:ON) High Technology 12/13/2007 AMIS Holdings Inc 

Fiserv Inc (XNAS:FISV) High Technology 08/02/2007 CheckFree Corp 

Western Digital Corp (XNAS:WDC) High Technology 06/28/2007 Komag Inc 
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Data retrieved from: Thomson One M&A database (2020) 

 

 

Appendix 11.2: List of Single-industry Private Transactions 

Acquiring Firm 
Acquiring Macro-

industry 
Announcement Date Target firm 

F5 Networks Inc (XNAS:FFIV) High Technology 12/19/2019 Shape Security Inc 

Tenable Holdings Inc (XNAS:TENB) High Technology 12/2/2019 Indegy Ltd 

RealPage Inc (XNAS:RP) High Technology 11/6/2019 Buildium LLC 

Workday Inc (XNAS:WDAY) High Technology 11/4/2019 Scout RFP Inc 

Fortinet Inc (XNAS:FTNT) High Technology 10/28/2019 enSilo Inc 

PTC Inc (XNAS:PTC) High Technology 10/23/2019 Onshape Inc 

ANSYS Inc (XNAS:ANSS) High Technology 9/11/2019 Livermore Software Tech Corp 

Endurance International Group Holdings Inc 

(XNAS:EIGI) 

High Technology 9/9/2019 LTD Software LLC 

OPTIMIZERx Corp (XNAS:OPRX) High Technology 9/5/2019 RMDY Health Inc 

Commvault Systems Inc (XNAS:CVLT) High Technology 9/4/2019 Hedvig Inc 

Upland Software Inc (XNAS:UPLD) High Technology 8/22/2019 Cimpl 

Amdocs Ltd (XNAS:DOX) High Technology 8/7/2019 TTS Wireless 

SVMK Inc (XNAS:SVMK) High Technology 8/5/2019 GFB Holdings Inc 

Smart Global Holdings Inc (XNAS:SGH) High Technology 7/9/2019 Inforce Computing Inc 

Landstar System Inc (XNAS:LSTR) High Technology 6/26/2019 DataExpress 

Zscaler Inc (XNAS:ZS) High Technology 5/30/2019 Appsulate Inc 

Pluralsight Inc (XNAS:PS) High Technology 5/1/2019 Gitprime Inc 

Upland Software Inc (XNAS:UPLD) High Technology 4/22/2019 PostUp Inc 

Coupa Software Inc (XNAS:COUP) High Technology 4/16/2019 Exari Group Inc 

CalAmp Corp (XNAS:CAMP) High Technology 4/15/2019 Synovia Solutions Llc 

Progress Software Corp (XNAS:PRGS) High Technology 3/28/2019 Ipswitch Inc 

Atlassian Corporation PLC (XNAS:TEAM) High Technology 3/18/2019 AgileCraft LLC 

F5 Networks Inc (XNAS:FFIV) High Technology 3/11/2019 NGINX Inc 

Okta Inc (XNAS:OKTA) High Technology 3/7/2019 Azuqua Inc 

Verint Systems Inc (XNAS:VRNT) High Technology 02/12/2007 Witness Systems Inc 

Intuit Inc (XNAS:INTU) High Technology 11/29/2006 Digital Insight Corp 

Quantum Corp (XNAS:QMCO) High Technology 05/02/2006 Advanced Digital Infon Corp 

Micron Technology Inc (XNAS:MU) High Technology 03/08/2006 Lexar Media Inc 

Seagate Technology PLC (XNAS:STX) High Technology 12/20/2005 Maxtor Corp 

Electronic Arts Inc (XNAS:EA) High Technology 12/08/2005 JAMDAT Mobile Inc 

Adobe Inc (XNAS:ADBE) High Technology 04/18/2005 Macromedia Inc 

Automatic Data Processing Inc (XNAS:ADP) High Technology 01/05/2003 ProBusiness Services Inc 

Synopsys Inc (XNAS:SNPS) High Technology 12/03/2001 Avant! Corp 

Sanmina Corp (XNAS:SANM) High Technology 07/16/2001 SCI Systems Inc 

Maxim Integrated Products Inc (XNAS:MXIM) High Technology 01/29/2001 Dallas-Semiconductor Corp 

Microsoft Corp (XNAS:MSFT) High Technology 12/21/2000 Great Plains Software Inc 

Texas Instruments Inc (XNAS:TXN) High Technology 06/21/2000 Burr-Brown Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 05/05/2000 ArrowPoint Communications Inc 

Sanmina Corp (XNAS:SANM) High Technology 04/17/2000 Hadco Corp 

Verisign Inc (XNAS:VRSN) High Technology 03/07/2000 Network Solutions Inc 

BroadVision Inc (XNAS:BVSN) High Technology 01/26/2000 Interleaf Inc 

Microsoft Corp (XNAS:MSFT) High Technology 09/15/1999 Visio Corp 

Texas Instruments Inc (XNAS:TXN) High Technology 07/23/1999 Unitrode Corp 

Avnet Inc (XNAS:AVT) High Technology 06/28/1999 Marshall Industries 

Intel Corp (XNAS:INTC) High Technology 06/01/1999 Dialogic Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 04/13/1999 GeoTel Communications Corp 

Intel Corp (XNAS:INTC) High Technology 03/04/1999 Level One Communications Inc 
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Meet Group Inc (XNAS:MEET) High Technology 3/5/2019 Initech Llc 

HealthStream Inc (XNAS:HSTM) High Technology 1/28/2019 Providigm LLC 

AppFolio Inc (XNAS:APPF) High Technology 1/10/2019 Dynasty Marketplace Inc 

Zagg Inc (XNAS:ZAGG) High Technology 1/7/2019 Halo2Cloud LLC 

Blackbaud Inc (XNAS:BLKB) High Technology 1/3/2019 YourCause LLC 

Autodesk Inc (XNAS:ADSK) High Technology 1/2/2019 BuildingConnected Inc 

SPS Commerce Inc (XNAS:SPSC) High Technology 12/20/2018 CovalentWorks 

Cisco Systems Inc (XNAS:CSCO) High Technology 12/19/2018 Luxtera Inc 

Citrix Systems Inc (XNAS:CTXS) High Technology 12/6/2018 Sapho Inc 

Identiv Inc (XNAS:INVE) High Technology 11/1/2018 Thursby Software Systems Inc 

OPTIMIZERx Corp (XNAS:OPRX) High Technology 10/25/2018 CareSpeak Communs Inc 

RealPage Inc (XNAS:RP) High Technology 10/17/2018 Rentlytics Inc 

ANGI Homeservices Inc (XNAS:ANGI) High Technology 10/12/2018 Handy Technologies Inc 

MongoDB Inc (XNAS:MDB) High Technology 10/11/2018 Objectlabs Corp 

Atlassian Corporation PLC (XNAS:TEAM) High Technology 10/9/2018 OpsGenie Inc 

Skyworks Solutions Inc (XNAS:SWKS) High Technology 9/4/2018 Avnera Corp 

Boingo Wireless Inc (XNAS:WIFI) High Technology 8/28/2018 Elauwit Networks LLC 

Upland Software Inc (XNAS:UPLD) High Technology 8/1/2018 RO Innovation Inc 

Ribbon Communications Inc (XNAS:RBBN) High Technology 7/31/2018 Edgewater Networks Inc 

Microsoft Corp (XNAS:MSFT) High Technology 7/12/2018 GitHub Inc 

Splunk Inc (XNAS:SPLK) High Technology 6/4/2018 Phantom Cyber Corp 

Advanced Energy Industries Inc (XNAS:AEIS) High Technology 5/16/2018 TREK Inc 

Amdocs Ltd (XNAS:DOX) High Technology 2/27/2018 Vubiquity Inc 

FireEye Inc (XNAS:FEYE) High Technology 2/2/2018 X15 Software Inc 

Verint Systems Inc (XNAS:VRNT) High Technology 2/1/2018 Next It Corp 

Mercury Systems Inc (XNAS:MRCY) High Technology 1/30/2018 Themis Computer 

Intuit Inc (XNAS:INTU) High Technology 1/12/2018 TSheets.com LLC 

Verisk Analytics Inc (XNAS:VRSK) High Technology 12/19/2017 Power Advocate Inc 

Jack Henry & Associates Inc (XNAS:JKHY) High Technology 12/14/2017 Ensenta Corp 

Upland Software Inc (XNAS:UPLD) High Technology 12/5/2017 Qvidian Corp 

Proofpoint Inc (XNAS:PFPT) High Technology 11/30/2017 Cloudmark INC 

Synopsys Inc (XNAS:SNPS) High Technology 11/28/2017 Black Duck Software Inc 

ManTech International Corp (XNAS:MANT) High Technology 11/2/2017 Infozen Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/19/2017 Springpath Inc 

Upland Software Inc (XNAS:UPLD) High Technology 9/18/2017 Waterfall International Inc 

Progress Software Corp (XNAS:PRGS) High Technology 9/5/2017 Kinvey Inc 

Perficient Inc (XNAS:PRFT) High Technology 8/21/2017 Clarity Consulting Inc 

Perficient Inc (XNAS:PRFT) High Technology 6/22/2017 Praxify Technologies Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 6/19/2017 MindMeld Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 6/12/2017 Viptela Inc 

Upland Software Inc (XNAS:UPLD) High Technology 6/8/2017 RightAnswers Inc 

Zix Corp (XNAS:ZIXI) High Technology 5/11/2017 Greenview Data Inc 

Meet Group Inc (XNAS:MEET) High Technology 5/1/2017 If(we) Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/24/2017 AppDynamics Inc 

Atlassian Corporation PLC (XNAS:TEAM) High Technology 3/15/2017 Trello Inc 

Aspen Technology Inc (XNAS:AZPN) High Technology 1/24/2017 Mtelligence Corp 

Proofpoint Inc (XNAS:PFPT) High Technology 12/5/2016 FireLayers Inc 

ADDvantage Technologies Group Inc 

(XNAS:AEY) 

High Technology 11/16/2016 Triton Miami Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 10/17/2016 TouchCommerce Inc 

RealPage Inc (XNAS:RP) High Technology 10/4/2016 eSupply Systems LLC 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/20/2016 Jasper Technologies Inc 

FireEye Inc (XNAS:FEYE) High Technology 5/5/2016 iSIGHT Partners Inc 

NetApp Inc (XNAS:NTAP) High Technology 5/3/2016 SolidFire Inc 

Upland Software Inc (XNAS:UPLD) High Technology 3/3/2016 Ultriva Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 2/3/2016 Lancope Inc 

LogMeIn Inc (XNAS:LOGM) High Technology 1/19/2016 LastPass 

Evolving Systems Inc (XNAS:EVOL) High Technology 1/14/2016 Rateintegration Inc 
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Perficient Inc (XNAS:PRFT) High Technology 11/30/2015 Market Street Solutions Inc 

Virtusa Corp (XNAS:VRTU) High Technology 10/27/2015 Agora Group Inc 

Splunk Inc (XNAS:SPLK) High Technology 10/13/2015 Caspida Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/9/2015 OpenDNS Inc 

RealPage Inc (XNAS:RP) High Technology 9/28/2015 Indatus ICIM Corp 

Virtusa Corp (XNAS:VRTU) High Technology 7/28/2015 Apparatus Inc 

Semtech Corp (XNAS:SMTC) High Technology 7/9/2015 Triune Systems LLC 

PCTEL Inc (XNAS:PCTI) High Technology 6/30/2015 Nexgen Wireless Inc 

HealthStream Inc (XNAS:HSTM) High Technology 6/2/2015 HealthLine Systems Inc 

SeaChange International Inc (XNAS:SEAC) High Technology 4/20/2015 TLL LLC 

LivePerson Inc (XNAS:LPSN) High Technology 3/16/2015 Contact At Once! LLC 

Stamps.Com Inc (XNAS:STMP) High Technology 3/4/2015 Interapptive Inc 

Cornerstone OnDemand Inc (XNAS:CSOD) High Technology 3/2/2015 Evolv Inc 

LogMeIn Inc (XNAS:LOGM) High Technology 2/24/2015 BBA Inc 

Blackbaud Inc (XNAS:BLKB) High Technology 2/13/2015 MicroEdge Holdings LLC 

Asure Software Inc (XNAS:ASUR) High Technology 12/22/2014 Roomtag LLC 

Glu Mobile Inc (XNAS:GLUU) High Technology 11/12/2014 Cie Games Inc 

TripAdvisor Inc (XNAS:TRIP) High Technology 11/5/2014 Viator Inc 

PTC Inc (XNAS:PTC) High Technology 10/20/2014 Axeda Corp 

Key Tronic Corp (XNAS:KTCC) High Technology 10/7/2014 CDR Manufacturing Inc 

Asure Software Inc (XNAS:ASUR) High Technology 9/4/2014 FotoPunch Inc 

Autodesk Inc (XNAS:ADSK) High Technology 9/2/2014 Shotgun Software Inc 

Blackbaud Inc (XNAS:BLKB) High Technology 8/25/2014 WhippleHill Communications Inc 

Stamps.Com Inc (XNAS:STMP) High Technology 8/11/2014 ShipStation 

ON Semiconductor Corp (XNAS:ON) High Technology 7/30/2014 Aptina Imaging Corp 

Marin Software Inc (XNAS:MRIN) High Technology 7/24/2014 Perfect Audience 

Apple Inc (XNAS:AAPL) High Technology 7/17/2014 Beats Electronics LLC 

Intuit Inc (XNAS:INTU) High Technology 7/7/2014 Check Inc 

Proofpoint Inc (XNAS:PFPT) High Technology 6/25/2014 NetCitadel Inc 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 6/16/2014 Jasper Design Automation Inc 

Perficient Inc (XNAS:PRFT) High Technology 6/10/2014 BioPharm Systems Inc 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 6/9/2014 Andera Inc 

Facebook Inc (XNAS:FB) High Technology 6/2/2014 Oculus VR Inc 

HealthStream Inc (XNAS:HSTM) High Technology 5/29/2014 HCCS 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 5/28/2014 Rationalwave Analytics Inc 

Alphabet Inc (XNAS:GOOGL) High Technology 5/20/2014 Nest Labs Inc 

Brightcove Inc (XNAS:BCOV) High Technology 5/6/2014 Unicorn Media Inc 

Virtusa Corp (XNAS:VRTU) High Technology 4/21/2014 OSB Consulting LLC 

Evolving Systems Inc (XNAS:EVOL) High Technology 4/1/2014 Telespree Communications 

Pegasystems Inc (XNAS:PEGA) High Technology 3/31/2014 Antenna Software Inc 

Synaptics Inc (XNAS:SYNA) High Technology 3/25/2014 Validity Sensors Inc 

Apple Inc (XNAS:AAPL) High Technology 3/4/2014 Cue 

Proofpoint Inc (XNAS:PFPT) High Technology 1/30/2014 Sendmail Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/25/2013 Whiptail Inc 

Proofpoint Inc (XNAS:PFPT) High Technology 10/11/2013 Armorize Technologies Inc 

Bridgeline Digital Inc (XNAS:BLIN) High Technology 10/9/2013 ElementsLocal Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/3/2013 Composite Software Inc 

Stratasys Ltd (XNAS:SSYS) High Technology 10/1/2013 MakerBot Industries LLC 

Cisco Systems Inc (XNAS:CSCO) High Technology 9/26/2013 JouleX Inc 

Perficient Inc (XNAS:PRFT) High Technology 9/20/2013 Clear Task Inc 

Perficient Inc (XNAS:PRFT) High Technology 9/19/2013 Tritek Solutions Inc 

Fortinet Inc (XNAS:FTNT) High Technology 9/13/2013 Coyote Point Systems Inc 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 9/10/2013 Tensilica Inc 

Cerner Corp (XNAS:CERN) High Technology 8/9/2013 PureWellness Inc 

Alphabet Inc (XNAS:GOOGL) High Technology 8/1/2013 Channel Intelligence Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/29/2013 Cariden Technologies Inc 
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Zillow Group Inc (XNAS:ZG) High Technology 5/17/2013 HotPads Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/2/2013 Cloupia Inc 

Zillow Group Inc (XNAS:ZG) High Technology 3/22/2013 Mortech Inc 

Brooks Automation Inc (XNAS:BRKS) High Technology 2/25/2013 Crossing Automation Inc 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 2/6/2013 5280 Dynamic Solutions LLC 

Nuance Communications Inc (XNAS:NUAN) High Technology 12/21/2012 JA Thomas & Associates Inc 

Streamline Health Solutions Inc (XNAS:STRM) High Technology 11/29/2012 Meta Health Technology Inc 

Alphabet Inc (XNAS:GOOGL) High Technology 11/26/2012 Wildfire Interactive Inc 

Brightcove Inc (XNAS:BCOV) High Technology 11/15/2012 Zencoder Inc 

Asure Software Inc (XNAS:ASUR) High Technology 11/5/2012 PeopleCube Inc 

Microsoft Corp (XNAS:MSFT) High Technology 11/1/2012 Yammer Inc 

Bridgeline Digital Inc (XNAS:BLIN) High Technology 10/29/2012 Marketnet Inc 

Silicon Laboratories Inc (XNAS:SLAB) High Technology 10/25/2012 Ember Corp 

Intuit Inc (XNAS:INTU) High Technology 10/1/2012 Demandforce Inc 

Verisk Analytics Inc (XNAS:VRSK) High Technology 9/17/2012 MediConnect Global Inc 

Advanced Micro Devices Inc (XNAS:AMD) High Technology 7/31/2012 SeaMicro Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/26/2012 Lightwire Inc 

Frequency Electronics Inc (XNAS:FEIM) High Technology 7/5/2012 Elcom Technologies Inc 

Perficient Inc (XNAS:PRFT) High Technology 6/25/2012 Pointbridge Solutions LLC 

Rambus Inc (XNAS:RMBS) High Technology 6/4/2012 Unity Semiconductor Corp 

Support.com Inc (XNAS:SPRT) High Technology 5/21/2012 RightHand IT Corp 

LogMeIn Inc (XNAS:LOGM) High Technology 5/2/2012 Bold Software LLC 

RealPage Inc (XNAS:RP) High Technology 4/27/2012 Vigilan Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 3/21/2012 Vlingo Inc 

Lattice Semiconductor Corp (XNAS:LSCC) High Technology 2/29/2012 SiliconBlue Technologies Corp 

Streamline Health Solutions Inc (XNAS:STRM) High Technology 2/24/2012 Interpoint Partners LLC 

ManTech International Corp (XNAS:MANT) High Technology 2/13/2012 Worldwide Information Network 

LSI Industries Inc (XNAS:LYTS) High Technology 2/9/2012 SandForce Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 2/6/2012 BNI Video 

Bridgeline Digital Inc (XNAS:BLIN) High Technology 1/13/2012 Magnetic Corp 

Teradyne Inc (XNAS:TER) High Technology 1/9/2012 LitePoint Corp 

Intel Corp (XNAS:INTC) High Technology 1/4/2012 ConnectSoft Inc 

RealPage Inc (XNAS:RP) High Technology 12/22/2011 Multifamily Tech Solutions Inc 

RealPage Inc (XNAS:RP) High Technology 12/20/2011 IO Turbine Inc 

TransAct Technologies Inc (XNAS:TACT) High Technology 12/12/2011 Printrex Inc 

Verint Systems Inc (XNAS:VRNT) High Technology 12/7/2011 Vovici Corp 

Perficient Inc (XNAS:PRFT) High Technology 11/4/2011 JCB Partners LLC 

Fiserv Inc (XNAS:FISV) High Technology 10/27/2011 CashEdge Inc 

Quantum Corp (XNAS:QMCO) High Technology 10/26/2011 Pancetera Software Inc 

RF Industries Ltd (XNAS:RFIL) High Technology 10/20/2011 Cables Unlimited Inc 

Skyworks Solutions Inc (XNAS:SWKS) High Technology 10/4/2011 SiGe Semiconductor Inc 

Rambus Inc (XNAS:RMBS) High Technology 9/14/2011 Cryptography Research Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 9/2/2011 Equitrac Corp 

Verisk Analytics Inc (XNAS:VRSK) High Technology 8/4/2011 Bloodhound Inc 

Autodesk Inc (XNAS:ADSK) High Technology 7/22/2011 Blue Ridge Numerics Inc 

Autodesk Inc (XNAS:ADSK) High Technology 7/19/2011 Scaleform Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/7/2011 Inlet technologies 

Blackbaud Inc (XNAS:BLKB) High Technology 7/5/2011 Public Interest Data Inc 

Silicon Laboratories Inc (XNAS:SLAB) High Technology 7/1/2011 SpectraLinear Inc 

NetApp Inc (XNAS:NTAP) High Technology 6/29/2011 Akorri Networks Inc 

GSE Systems Inc (XNAS:GVP) High Technology 6/14/2011 EnVision Systems Inc 

Power Integrations Inc (XNAS:POWI) High Technology 6/7/2011 Qspeed Semiconductor Inc 

IEC Electronics Corp (XNAS:IEC) High Technology 5/12/2011 Southern California Braiding 

Verisk Analytics Inc (XNAS:VRSK) High Technology 5/10/2011 3E Co 

RealPage Inc (XNAS:RP) High Technology 5/2/2011 Level One Inc 

Broadcom Inc (XNAS:AVGO) High Technology 4/27/2011 Beceem Communications Inc 

Alphabet Inc (XNAS:GOOGL) High Technology 3/17/2011 Slide Inc 
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Bridgeline Digital Inc (XNAS:BLIN) High Technology 2/15/2011 e.magination network llc 

Synchronoss Technologies Inc (XNAS:SNCR) High Technology 2/4/2011 fusionOne Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 2/1/2011 CoreOptics Inc 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 1/26/2011 Denali Software Inc 

Bridgeline Digital Inc (XNAS:BLIN) High Technology 1/12/2011 TMX Interactive Inc 

Intuit Inc (XNAS:INTU) High Technology 1/5/2011 MedFusion Inc 

Perficient Inc (XNAS:PRFT) High Technology 12/17/2010 Kerdock Consulting Inc 

MoSys Inc (XNAS:MOSY) High Technology 12/7/2010 MagnaLynx Inc 

Broadcom Inc (XNAS:AVGO) High Technology 11/3/2010 Teknovus Inc 

Virtusa Corp (XNAS:VRTU) High Technology 10/13/2010 ConVista Consulting LLC 

Progress Software Corp (XNAS:PRGS) High Technology 9/13/2010 Savvion Inc 

SeaChange International Inc (XNAS:SEAC) High Technology 8/4/2010 VividLogic Inc 

Support.com Inc (XNAS:SPRT) High Technology 7/7/2010 Xeriton Corp 

Broadcom Inc (XNAS:AVGO) High Technology 5/20/2010 Dune Networks Inc 

Semtech Corp (XNAS:SMTC) High Technology 5/13/2010 Sierra Monolithics Inc 

Virtusa Corp (XNAS:VRTU) High Technology 5/11/2010 InSource LLC 

ON Semiconductor Corp (XNAS:ON) High Technology 5/10/2010 PulseCore Semiconductor Inc 

Smith Micro Software Inc (XNAS:SMSI) High Technology 5/6/2010 Core Mobility Inc 

LSI Industries Inc (XNAS:LYTS) High Technology 5/3/2010 ONStor Inc 

MoSys Inc (XNAS:MOSY) High Technology 3/26/2010 Prism Circuits Inc 

Ebix Inc (XNAS:EBIX) High Technology 2/3/2010 FACTS Services Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 2/1/2010 Tidal Software Inc 

Western Digital Corp (XNAS:WDC) High Technology 1/11/2010 SiliconSystems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/7/2010 Pure Digital Technologies Inc 

First Solar Inc (XNAS:FSLR) High Technology 12/28/2009 OptiSolar Inc 

Intuit Inc (XNAS:INTU) High Technology 12/11/2009 Entellium Corp 

Autodesk Inc (XNAS:ADSK) High Technology 12/8/2009 ALGOR Inc 

CSG Systems International Inc (XNAS:CSGS) High Technology 11/30/2009 Quaero Corp 

Kforce Inc (XNAS:KFRC) High Technology 11/5/2009 dNovus RDI Inc 

Bsquare Corp (XNAS:BSQR) High Technology 11/4/2009 TestQuest Inc 

Ebix Inc (XNAS:EBIX) High Technology 9/14/2009 ConfirmNet Corp 

Intel Corp (XNAS:INTC) High Technology 7/22/2009 NetEffect Inc 

CSP Inc (XNAS:CSPI) High Technology 6/6/2009 R2 Technologies 

Synchronoss Technologies Inc (XNAS:SNCR) High Technology 5/19/2009 Wisor Telecom Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/9/2009 PostPath Inc 

Ebix Inc (XNAS:EBIX) High Technology 3/19/2009 Acclamation Systems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 3/2/2009 Pure Networks Inc 

Bridgeline Digital Inc (XNAS:BLIN) High Technology 2/3/2009 Indigio Group Inc 

Silicon Laboratories Inc (XNAS:SLAB) High Technology 12/17/2008 Integration Associates Inc 

ICAD Inc (XNAS:ICAD) High Technology 12/8/2008 CAD Sciences LLC 

IEC Electronics Corp (XNAS:IEC) High Technology 12/4/2008 Val-U-Tech Corp 

Apple Inc (XNAS:AAPL) High Technology 12/2/2008 PA Semi Inc 

CSG Systems International Inc (XNAS:CSGS) High Technology 11/18/2008 DataProse Inc 

Microsoft Corp (XNAS:MSFT) High Technology 11/10/2008 Komoku Inc 

Agilysys Inc (XNAS:AGYS) High Technology 10/6/2008 Eatec Corp 

Microsoft Corp (XNAS:MSFT) High Technology 9/25/2008 Danger Inc 

Cree Inc (XNAS:CREE) High Technology 9/10/2008 LED Lighting Fixtures Inc 

Insight Enterprises Inc (XNAS:NSIT) High Technology 8/27/2008 Calence LLC 

Allscripts Healthcare Solutions Inc 

(XNAS:MDRX) 

High Technology 8/14/2008 Extended Care Information 

Intuit Inc (XNAS:INTU) High Technology 7/31/2008 Homestead Technologies Inc 

Perficient Inc (XNAS:PRFT) High Technology 7/23/2008 ePairs Inc 

ManTech International Corp (XNAS:MANT) High Technology 7/1/2008 McDonald Bradley Inc 

Qualcomm Inc (XNAS:QCOM) High Technology 6/24/2008 Firethorn Holdings LLC 

Ebix Inc (XNAS:EBIX) High Technology 4/24/2008 JenQuest Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/17/2008 Securent Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 3/19/2008 Navini Networks Inc 

Perficient Inc (XNAS:PRFT) High Technology 3/6/2008 BoldTech Systems Inc 
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Asure Software Inc (XNAS:ASUR) High Technology 2/19/2008 iEmployee 

Bridgeline Digital Inc (XNAS:BLIN) High Technology 2/11/2008 Purple Monkey Studios Inc 

Citrix Systems Inc (XNAS:CTXS) High Technology 2/8/2008 XenSource Inc 

CSG Systems International Inc (XNAS:CSGS) High Technology 12/17/2007 Prairie Voice Services Inc 

Perficient Inc (XNAS:PRFT) High Technology 11/16/2007 Tier1 Innovation LLC 

LivePerson Inc (XNAS:LPSN) High Technology 11/14/2007 Kasamba Inc 

CSG Systems International Inc (XNAS:CSGS) High Technology 11/6/2007 ComTec Inc 

Agilysys Inc (XNAS:AGYS) High Technology 11/1/2007 Innovativ Systems Design Inc 

PDF Solutions Inc (XNAS:PDFS) High Technology 10/23/2007 Fabbrix Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 9/13/2007 VoiceSignal Technologies Inc 

ManTech International Corp (XNAS:MANT) High Technology 8/15/2007 SRS Technologies Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 7/30/2007 Focus Informatics Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 7/25/2007 BeVocal Inc 

Smith Micro Software Inc (XNAS:SMSI) High Technology 6/25/2007 Ecutel Systems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/30/2007 Ironport Systems Inc 

Seagate Technology PLC (XNAS:STX) High Technology 5/25/2007 EVault Inc 

CorVel Corp (XNAS:CRVL) High Technology 5/24/2007 Hazelrigg Risk Mgmt Svcs Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/6/2007 Orative Corp 

Diodes Inc (XNAS:DIOD) High Technology 3/22/2007 APD Semiconductor Inc 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 3/15/2007 FormScape Group Ltd 

Alphabet Inc (XNAS:GOOGL) High Technology 2/22/2007 YouTube Inc 

Kforce Inc (XNAS:KFRC) High Technology 2/16/2007 Bradson Corp 

Ebix Inc (XNAS:EBIX) High Technology 2/5/2007 Finetre Corp 

Intuit Inc (XNAS:INTU) High Technology 1/31/2007 StepUp Commerce Inc 

Cognizant Technology Solutions Corp 

(XNAS:CTSH) 

High Technology 1/11/2007 AimNet Solutions Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/10/2007 Arroyo Video Solutions Inc 

Citrix Systems Inc (XNAS:CTXS) High Technology 1/4/2007 Orbital Data Corp 

Silicon Laboratories Inc (XNAS:SLAB) High Technology 12/15/2006 StackCom 

Verint Systems Inc (XNAS:VRNT) High Technology 11/29/2006 Mercom Systems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 11/20/2006 Meetinghouse Data Commun Inc 

Cree Inc (XNAS:CREE) High Technology 11/6/2006 Intrinsic Semiconductor Corp 

Progress Software Corp (XNAS:PRGS) High Technology 10/19/2006 Pantero Corp 

Perficient Inc (XNAS:PRFT) High Technology 10/16/2006 Insolexen Corp 

Verisign Inc (XNAS:VRSN) High Technology 10/2/2006 GeoTrust Inc 

NetSol Technologies Inc (XNAS:NTWK) High Technology 9/25/2006 McCue Systems Inc 

Ebix Inc (XNAS:EBIX) High Technology 9/13/2006 Infinity Systems Consulting 

PTC Inc (XNAS:PTC) High Technology 9/5/2006 MathSoft Engineering & Educ 

Amdocs Ltd (XNAS:DOX) High Technology 8/21/2006 Qpass Inc 

Avid Technology Inc (XNAS:AVID) High Technology 8/4/2006 Sundance Digital Inc 

Perficient Inc (XNAS:PRFT) High Technology 8/1/2006 Bay Street Solutions Inc 

TESSCO Technologies Inc (XNAS:TESS) High Technology 7/20/2006 TerraWave Solutions Ltd 

Verisign Inc (XNAS:VRSN) High Technology 7/14/2006 m-Qube Inc 

Verisign Inc (XNAS:VRSN) High Technology 7/6/2006 Kontiki Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 6/26/2006 SyPixx Networks Inc 

CSG Systems International Inc (XNAS:CSGS) High Technology 6/21/2006 Telution Inc 

Nuance Communications Inc (XNAS:NUAN) High Technology 6/19/2006 Dictaphone Corp 

Autodesk Inc (XNAS:ADSK) High Technology 5/31/2006 Emerging Solutions Inc 

Alphabet Inc (XNAS:GOOGL) High Technology 5/23/2006 dMarc Broadcasting Inc 

EMCORE Corp (XNAS:EMKR) High Technology 5/17/2006 K2 Optronics Inc 

Verisign Inc (XNAS:VRSN) High Technology 5/8/2006 CallVision Inc 

Qualcomm Inc (XNAS:QCOM) High Technology 5/1/2006 Berkana Wireless Inc 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 4/26/2006 Visibillity Inc 

Verisign Inc (XNAS:VRSN) High Technology 4/5/2006 Retail Solutions Inc 

Verisign Inc (XNAS:VRSN) High Technology 3/13/2006 Moreover Technologies Inc 

Verint Systems Inc (XNAS:VRNT) High Technology 3/1/2006 Opus Group LLC 
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Silicon Laboratories Inc (XNAS:SLAB) High Technology 2/8/2006 Silicon MAGIKE Inc 

Manhattan Associates Inc (XNAS:MANH) High Technology 2/7/2006 Evant Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/12/2006 Sheer Networks Inc 

Verisign Inc (XNAS:VRSN) High Technology 1/5/2006 iDEFENSE Inc 

PTC Inc (XNAS:PTC) High Technology 1/4/2006 Arbortext Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 12/9/2005 NetSift Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 11/21/2005 M I Secure Corp 

Perficient Inc (XNAS:PRFT) High Technology 10/31/2005 iPath Solutions Ltd 

Citrix Systems Inc (XNAS:CTXS) High Technology 10/26/2005 NetScaler Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/24/2005 Vihana Inc 

Verisign Inc (XNAS:VRSN) High Technology 10/17/2005 R4 Global Solutions Inc 

Agilysys Inc (XNAS:AGYS) High Technology 8/19/2005 CTS Corps 

Cohu Inc (XNAS:COHU) High Technology 8/11/2005 Kryotech Inc 

ManTech International Corp (XNAS:MANT) High Technology 7/27/2005 Gray Hawk Systems Inc 

Progress Software Corp (XNAS:PRGS) High Technology 7/26/2005 EasyAsk Inc 

Pixelworks Inc (XNAS:PXLW) High Technology 7/19/2005 Equator Technologies Inc 

Avnet Inc (XNAS:AVT) High Technology 7/14/2005 Memec Group Holdings Ltd 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/6/2005 Topspin Communications Inc 

Netscout Systems Inc (XNAS:NTCT) High Technology 6/10/2005 Quantiva Inc 

Cypress Semiconductor Corp (XNAS:CY) High Technology 6/2/2005 SMaL Camera Technology 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/23/2005 Airespace Inc 

Verisign Inc (XNAS:VRSN) High Technology 5/17/2005 LightSurf Technologies Inc 

ANSYS Inc (XNAS:ANSS) High Technology 5/16/2005 Century Dynamics Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/10/2005 Blue Pumpkin Software Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/6/2005 BCN Systems Inc 

Kforce Inc (XNAS:KFRC) High Technology 5/4/2005 950 herndon parkwaVistaRMS Inc 

Citrix Systems Inc (XNAS:CTXS) High Technology 4/29/2005 Net6 Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/28/2005 Jahi Networks Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/26/2005 Perfigo Inc 

Quantum Corp (XNAS:QMCO) High Technology 4/14/2005 Certance 

Evolving Systems Inc (XNAS:EVOL) High Technology 3/16/2005 Telecom Software Enterprises 

Qualcomm Inc (XNAS:QCOM) High Technology 3/7/2005 Spike Technologies 

Cisco Systems Inc (XNAS:CSCO) High Technology 2/14/2005 dynamicsoft Inc 

Qualcomm Inc (XNAS:QCOM) High Technology 2/11/2005 Iridigm Display Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/10/2005 P-Cube Inc 

Avid Technology Inc (XNAS:AVID) High Technology 1/5/2005 M-Audio Inc 

Amkor Technology Inc (XNAS:AMKR) High Technology 12/16/2004 Unitive Inc 

EMCORE Corp (XNAS:EMKR) High Technology 12/3/2004 Corona Optical Systems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 11/23/2004 Actona Technologies Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 11/17/2004 Procket Networks Inc 

F5 Networks Inc (XNAS:FFIV) High Technology 10/20/2004 Magnifire Websystems Inc 

Perficient Inc (XNAS:PRFT) High Technology 9/13/2004 Genisys Consulting Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 9/9/2004 Riverhead Networks Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 8/23/2004 Twingo Systems Inc 

BIO-Key International Inc (XNAS:BKYI) High Technology 8/13/2004 Public Safety Group Inc 

Synopsys Inc (XNAS:SNPS) High Technology 7/29/2004 Accelerant Networks 

Agilysys Inc (XNAS:AGYS) High Technology 7/15/2004 Inter-American Data Inc 

RealNetworks Inc (XNAS:RNWK) High Technology 6/29/2004 GameHouse Inc 

Citrix Systems Inc (XNAS:CTXS) High Technology 6/17/2004 Expertcity Inc 

Verisign Inc (XNAS:VRSN) High Technology 6/15/2004 Guardent Inc 

Progress Software Corp (XNAS:PRGS) High Technology 5/31/2004 DataDirect Technologies Ltd 

Evolving Systems Inc (XNAS:EVOL) High Technology 4/28/2004 CMS Communications Inc 

Agilysys Inc (XNAS:AGYS) High Technology 4/2/2004 Kyrus Corp 

Silicon Laboratories Inc (XNAS:SLAB) High Technology 3/22/2004 Cygnal Integrated Products Inc 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 3/15/2004 Create form International Inc 

Cerner Corp (XNAS:CERN) High Technology 3/12/2004 BeyondNow Technologies 

NVIDIA Corp (XNAS:NVDA) High Technology 2/27/2004 MediaQ Inc 
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Texas Instruments Inc (XNAS:TXN) High Technology 2/23/2004 Radia Commun Inc 

F5 Networks Inc (XNAS:FFIV) High Technology 2/18/2004 uRoam Inc 

Zix Corp (XNAS:ZIXI) High Technology 2/2/2004 PocketScript 

Intuit Inc (XNAS:INTU) High Technology 1/30/2004 Income Dynamics Inc 

PDF Solutions Inc (XNAS:PDFS) High Technology 1/26/2004 IDS Software Systems Inc 

DSP Group Inc (XNAS:DSPG) High Technology 12/18/2003 Teleman Multimedia Inc 

RealNetworks Inc (XNAS:RNWK) High Technology 12/17/2003 Listen.Com Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 12/5/2003 Linksys Group Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 11/3/2003 SignalWorks Inc 

ManTech International Corp (XNAS:MANT) High Technology 10/22/2003 Integrated Data Systems 

Quantum Corp (XNAS:QMCO) High Technology 9/30/2003 Sanlight Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 9/25/2003 Okena Inc 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 9/16/2003 Celestry Design Technologies 

ManTech International Corp (XNAS:MANT) High Technology 8/13/2003 CTX Corp 

Take-Two Interactive Software Inc 

(XNAS:TTWO) 

High Technology 8/4/2003 Rockstar San Diego 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/30/2003 Psionic Software Inc 

Texas Instruments Inc (XNAS:TXN) High Technology 7/23/2003 Envoy Networks Inc 

Activision Blizzard Inc (XNAS:ATVI) High Technology 7/22/2003 Luxoflux Corp 

Quantum Corp (XNAS:QMCO) High Technology 6/19/2003 Benchmark Storage Innovations 

Synopsys Inc (XNAS:SNPS) High Technology 5/19/2003 Co-Design Automation 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/21/2003 Andiamo Systems Inc 

Intuit Inc (XNAS:INTU) High Technology 3/20/2003 Blue Ocean Software Inc 

Autodesk Inc (XNAS:ADSK) High Technology 3/19/2003 Caice Software Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 2/24/2003 AYR Networks Inc 

Lattice Semiconductor Corp (XNAS:LSCC) High Technology 2/5/2003 Cerdelinx Technologies Inc 

ManTech International Corp (XNAS:MANT) High Technology 1/24/2003 Aegis Research Corp 

Intuit Inc (XNAS:INTU) High Technology 1/16/2003 Eclipse Inc 

Intuit Inc (XNAS:INTU) High Technology 12/5/2002 Management Reports Inc 

Intuit Inc (XNAS:INTU) High Technology 11/20/2002 CBS Employer Services Inc 

Apple Inc (XNAS:AAPL) High Technology 10/14/2002 Zayante Inc 

Activision Blizzard Inc (XNAS:ATVI) High Technology 10/11/2002 Shaba Games LLC 

Apple Inc (XNAS:AAPL) High Technology 8/19/2002 Nothing Real LLC 

Pegasystems Inc (XNAS:PEGA) High Technology 8/14/2002 1Mind Corp 

Activision Blizzard Inc (XNAS:ATVI) High Technology 7/25/2002 Gray Matter Interactive 

Pixelworks Inc (XNAS:PXLW) High Technology 7/15/2002 nDSP Corp 

Perficient Inc (XNAS:PRFT) High Technology 6/27/2002 Javelin Solutions Inc 

Lantronix Inc (XNAS:LTRX) High Technology 6/4/2002 Synergetic Micro Systems Inc 

Cypress Semiconductor Corp (XNAS:CY) High Technology 5/8/2002 InSystem Design Inc 

Cirrus Logic Inc (XNAS:CRUS) High Technology 4/10/2002 Stream Machine Co 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/4/2002 Allegro Systems Inc 

Brooks Automation Inc (XNAS:BRKS) High Technology 4/2/2002 General Precision 

Cirrus Logic Inc (XNAS:CRUS) High Technology 3/26/2002 LuxSonor Semiconductors Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 3/20/2002 Auroranetics Inc 

Autodesk Inc (XNAS:ADSK) High Technology 2/20/2002 Buzzsaw.com Inc 

Brooks Automation Inc (XNAS:BRKS) High Technology 2/1/2002 CCS Technology Inc 

Autodesk Inc (XNAS:ADSK) High Technology 1/29/2002 Computer Support Associates 

Cypress Semiconductor Corp (XNAS:CY) High Technology 1/15/2002 Lara Networks Inc 

Plexus Corp (XNAS:PLXS) High Technology 1/14/2002 Qtron Inc 

Apple Inc (XNAS:AAPL) High Technology 12/10/2001 PowerSchool Inc 

Extreme Networks Inc (XNAS:EXTR) High Technology 12/6/2001 Webstacks Inc 

Intel Corp (XNAS:INTC) High Technology 10/29/2001 VxTel Inc 

Cypress Semiconductor Corp (XNAS:CY) High Technology 8/20/2001 HiBand Semiconductors Inc 

RealNetworks Inc (XNAS:RNWK) High Technology 8/10/2001 Aegisoft Corp 

Extreme Networks Inc (XNAS:EXTR) High Technology 7/25/2001 Optranet Inc 

Lantronix Inc (XNAS:LTRX) High Technology 7/19/2001 United States Software Co 

Pixelworks Inc (XNAS:PXLW) High Technology 7/11/2001 Panstera Inc 

Analog Devices Inc (XNAS:ADI) High Technology 7/10/2001 Chiplogic Inc 
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Manhattan Associates Inc (XNAS:MANH) High Technology 6/25/2001 Intrepa LLC 

Xilinx Inc (XNAS:XLNX) High Technology 6/6/2001 RocketChips Inc 

Plexus Corp (XNAS:PLXS) High Technology 5/2/2001 e2E Corp 

Microsoft Corp (XNAS:MSFT) High Technology 3/1/2001 MongoMusic Inc 

Aspen Technology Inc (XNAS:AZPN) High Technology 2/26/2001 ICARUS Corp 

Extreme Networks Inc (XNAS:EXTR) High Technology 2/13/2001 Odyssia Systems Inc 

ANSYS Inc (XNAS:ANSS) High Technology 2/5/2001 ICEM CFD Engineering 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 1/15/2001 Flashpoint Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 12/18/2000 IPmobile Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 12/14/2000 NuSpeed Internet Systems 

Cypress Semiconductor Corp (XNAS:CY) High Technology 11/20/2000 Silicon Light Machines 

Intuit Inc (XNAS:INTU) High Technology 11/6/2000 Venture Finance Software Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 10/24/2000 Netiverse Inc 

Sanmina Corp (XNAS:SANM) High Technology 10/3/2000 InterWorks Computer Products 

Texas Instruments Inc (XNAS:TXN) High Technology 10/2/2000 Alantro Communications 

Aspen Technology Inc (XNAS:AZPN) High Technology 9/5/2000 Petrolsoft Corp 

Amkor Technology Inc (XNAS:AMKR) High Technology 8/28/2000 Integra Technologies LLC 

Jack Henry & Associates Inc (XNAS:JKHY) High Technology 8/9/2000 Symitar Systems Inc 

Bsquare Corp (XNAS:BSQR) High Technology 8/7/2000 Mainbrace Corp 

Cypress Semiconductor Corp (XNAS:CY) High Technology 8/1/2000 RadioCom Corp 

Allscripts Healthcare Solutions Inc 

(XNAS:MDRX) 

High Technology 7/27/2000 Medifor Inc 

Advanced Energy Industries Inc (XNAS:AEIS) High Technology 7/25/2000 Noah Holdings Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/10/2000 SightPath Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 7/7/2000 InfoGear Technology Corp 

Allscripts Healthcare Solutions Inc 

(XNAS:MDRX) 

High Technology 6/27/2000 MasterChart Inc 

Perficient Inc (XNAS:PRFT) High Technology 6/1/2000 Compete Inc 

Intel Corp (XNAS:INTC) High Technology 5/24/2000 Ambient Technologies Inc 

Qualcomm Inc (XNAS:QCOM) High Technology 5/16/2000 SnapTrack Inc 

RealNetworks Inc (XNAS:RNWK) High Technology 5/15/2000 Netzip Inc 

SeaChange International Inc (XNAS:SEAC) High Technology 4/12/2000 Digital Video Arts Ltd 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/6/2000 Internet Engineering Group Inc 

Perficient Inc (XNAS:PRFT) High Technology 3/29/2000 Loredata Inc 

Semtech Corp (XNAS:SMTC) High Technology 3/16/2000 USAR Systems Inc 

Apple Inc (XNAS:AAPL) High Technology 3/1/2000 Raycer Graphics 

Stamps.Com Inc (XNAS:STMP) High Technology 2/28/2000 iShip.com Inc 

Intuit Inc (XNAS:INTU) High Technology 2/22/2000 Boston Light Software Corp 

Intel Corp (XNAS:INTC) High Technology 2/14/2000 Ipivot Inc 

Smith Micro Software Inc (XNAS:SMSI) High Technology 2/3/2000 Pacific Coast Software 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/26/2000 MaxComm Technologies Inc 

Bottomline Technologies (DE) Inc 

(XNAS:EPAY) 

High Technology 1/20/2000 NetTransact 

Citrix Systems Inc (XNAS:CTXS) High Technology 1/7/2000 Viewsoft Inc 

Activision Blizzard Inc (XNAS:ATVI) High Technology 12/30/1999 Elsinore Multimedia 

Cypress Semiconductor Corp (XNAS:CY) High Technology 12/17/1999 Arcus Technology 

Cisco Systems Inc (XNAS:CSCO) High Technology 12/13/1999 StratumOne Communications Inc 

Texas Instruments Inc (XNAS:TXN) High Technology 12/6/1999 Telogy Networks Inc 

Cypress Semiconductor Corp (XNAS:CY) High Technology 11/3/1999 Anchor Chips Inc 

Synopsys Inc (XNAS:SNPS) High Technology 10/5/1999 Apteq 

Smith Micro Software Inc (XNAS:SMSI) High Technology 9/13/1999 STF Technologies Inc 

PTC Inc (XNAS:PTC) High Technology 8/11/1999 Auxilium Inc 

Western Digital Corp (XNAS:WDC) High Technology 7/14/1999 Crag Technologies 

Computer Task Group Inc (XNAS:CTG) High Technology 7/12/1999 Elumen Solutions Inc 

Cypress Semiconductor Corp (XNAS:CY) High Technology 6/30/1999 IC Works Inc 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 6/29/1999 Design Acceleration Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 6/2/1999 Pipelinks Inc 
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Jack Henry & Associates Inc (XNAS:JKHY) High Technology 6/1/1999 Digital Data Services Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 5/25/1999 Selsius Systems Inc 

Autodesk Inc (XNAS:ADSK) High Technology 5/20/1999 Ashlar Inc 

PTC Inc (XNAS:PTC) High Technology 5/3/1999 InPart Design Inc 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 4/25/1999 Ambit Design Systems Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 4/15/1999 American Internet Corp 

Cadence Design Systems Inc (XNAS:CDNS) High Technology 4/13/1999 Detente Technology 

Synopsys Inc (XNAS:SNPS) High Technology 3/9/1999 Systems Science Inc 

Micron Technology Inc (XNAS:MU) High Technology 2/2/1999 Rendition 

Intuit Inc (XNAS:INTU) High Technology 1/29/1999 Lacerte Software Corp 

Microsoft Corp (XNAS:MSFT) High Technology 1/21/1999 FireFly Network Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/13/1999 Precept Software 

Aspen Technology Inc (XNAS:AZPN) High Technology 12/2/1998 IISYS Inc 

RealNetworks Inc (XNAS:RNWK) High Technology 10/14/1998 Vivo Software Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 9/25/1998 WheelGroup Corp 

Unico American Corp (XNAS:UNAM) High Technology 9/10/1998 Starlicon International Corp 

Cisco Systems Inc (XNAS:CSCO) High Technology 9/3/1998 LightSpeed International Inc 

Jack Henry & Associates Inc (XNAS:JKHY) High Technology 8/21/1998 Vertex Inc 

ScanSource Inc (XNAS:SCSC) High Technology 8/14/1998 POS ProVisions 

EMCORE Corp (XNAS:EMKR) High Technology 7/21/1998 MicroOptical Devices Inc 

Avnet Inc (XNAS:AVT) High Technology 6/22/1998 American Intl Facsimile Prods 

Intel Corp (XNAS:INTC) High Technology 5/18/1998 Dayna Communications Inc 

Semtech Corp (XNAS:SMTC) High Technology 5/12/1998 Edge Semiconductor Inc 

Advanced Energy Industries Inc (XNAS:AEIS) High Technology 3/11/1998 Tower Electronics Inc 

Activision Blizzard Inc (XNAS:ATVI) High Technology 3/10/1998 Raven Software Corp 

Jack Henry & Associates Inc (XNAS:JKHY) High Technology 2/18/1998 GG Pulley & Associates Inc 

Cisco Systems Inc (XNAS:CSCO) High Technology 1/20/1998 Ardent Communications Corp 

CSP Inc (XNAS:CSPI) High Technology 12/22/1997 Signal Analytics Corp 

Mitek Systems Inc (XNAS:MITK) High Technology 12/10/1997 Technology Solutions Inc 

Perceptron Inc (XNAS:PRCP) High Technology 12/8/1997 Trident Systems Inc 

Data retrieved from: Thomson One M&A database (2020) 

 

 

 

 

 

 

 

Appendix 11.3: List of Public Target Conglomerate Transactions  

Acquiring Firm 
Acquiring Macro-

industry 
Announcement Date Target Firm 

II-VI Inc (XNAS:IIVI) Healthcare 11/9/2018 Finisar Corp 

MKS Instruments Inc (XNAS:MKSI) Industrials 10/30/2018 Electro Scientific Inds Inc 

Lumentum Holdings Inc (XNAS:LITE) Healthcare 3/12/2018 Oclaro Inc 

Itron Inc (XNAS:ITRI) Industrials 9/18/2017 Silver Spring Networks Inc 

Littelfuse Inc (XNAS:LFUS) Energy and Power 8/28/2017 IXYS Corp 

Expedia Group Inc (XNAS:EXPE) Consumer 

Products and 

Services 

11/4/2015 HomeAway Inc 
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Comscore Inc (XNAS:SCOR) Consumer 

Products and 

Services 

9/29/2015 Rentrak Corp 

Expedia Group Inc (XNAS:EXPE) Consumer 

Products and 

Services 

2/12/2015 Orbitz Worldwide Inc 

eBay Inc (XNAS:EBAY) Retail 7/8/2002 Paypal Inc 

Data retrieved from: Thomson One M&A database (2020) 

 

 

 

 

Appendix 11.4: Private Target Conglomerate Transactions  

Acquiring Firm 
Acquiring Macro-

industry 
Announcement Date Target Firm 

Marchex Inc (XNAS:MCHX) Media and Entertainment 12/17/2019 Sonar Technologies Inc 

PayPal Holdings Inc (XNAS:PYPL) Financials 11/20/2019 Honey Science Corp 

Digi International Inc (XNAS:DGII) Telecommunications 11/7/2019 Opengear Inc 

Roku Inc (XNAS:ROKU) Media and Entertainment 10/22/2019 DataXu Inc 

i3 Verticals Inc (XNAS:IIIV) Consumer Products and 

Services 

6/3/2019 Pace Payment Systems Inc 

Repligen Corp (XNAS:RGEN) Healthcare 4/26/2019 C Technologies Inc 

BioTelemetry Inc (XNAS:BEAT) Healthcare 3/4/2019 Geneva Healthcare Inc 

Waitr Holdings Inc (XNAS:WTRH) Consumer Products and 

Services 

12/18/2018 Bitesquad.Com Llc 

Allied Motion Technologies Inc (XNAS:AMOT) Industrials 12/12/2018 TCI LLC 

CoStar Group Inc (XNAS:CSGP) Media and Entertainment 11/15/2018 Cozy Services Ltd 

Uniti Group Inc (XNAS:UNIT) Real Estate 11/8/2018 Information Transport Solution 

IZEA Worldwide Inc (XNAS:IZEA) Media and Entertainment 8/6/2018 TapInfluence Inc 

Myriad Genetics Inc (XNAS:MYGN) Healthcare 6/28/2018 Counsyl Inc 

Landcadia Holdings II Inc (XNAS:LCAHU) Financials 6/25/2018 Waitr Inc 

Trimble Inc (XNAS:TRMB) Industrials 5/28/2018 e-Builder 

Digi International Inc (XNAS:DGII) Telecommunications 11/17/2017 Tempalert Llc 

E*TRADE Financial Corp (XNAS:ETFC) Financials 11/7/2017 Tr Co Of America 

Nasdaq Inc (XNAS:NDAQ) Financials 10/23/2017 eVestment Alliance LLC 

II-VI Inc (XNAS:IIVI) Healthcare 7/13/2017 Integrated Photonics Inc 

ORBCOMM Inc (XNAS:ORBC) Telecommunications 6/28/2017 Inthinc Inc 

Patrick Industries Inc (XNAS:PATK) Industrials 3/6/2017 Sigma Wire International LLC 

LendingTree Inc (XNAS:TREE) Financials 1/31/2017 Iron Horse Holdings LLC 

PRGX Global Inc (XNAS:PRGX) Consumer Products and 

Services 

1/9/2017 Lavante Inc 

Trans World Entertainment Corp 

(XNAS:TWMC) 

Retail 10/27/2016 etailz Inc 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

10/25/2016 Soha Systems Inc 
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HMS Holdings Corp (XNAS:HMSY) Consumer Products and 

Services 

10/20/2016 Essette Inc 

Penn National Gaming Inc (XNAS:PENN) Media and Entertainment 10/19/2016 Rocket Games Inc 

Vonage Holdings Corp (XNAS:VG) Telecommunications 9/7/2016 Nexmo Inc 

DLH Holdings Corp (XNAS:DLHC) Consumer Products and 

Services 

8/3/2016 Danya International 

MTS Systems Corp (XNAS:MTSC) Industrials 8/1/2016 PCB Group Inc 

Patrick Industries Inc (XNAS:PATK) Industrials 7/31/2016 The Progressive Group Inc 

II-VI Inc (XNAS:IIVI) Healthcare 6/16/2016 EpiWorks Inc 

FLIR Systems Inc (XNAS:FLIR) Industrials 4/6/2016 DVTel Inc 

Cabot Microelectronics Corp (XNAS:CCMP) Materials 12/21/2015 NexPlanar Corp 

PFSweb Inc (XNAS:PFSW) Consumer Products and 

Services 

11/13/2015 CrossView Inc 

Gibraltar Industries Inc (XNAS:ROCK) Materials 9/30/2015 RBI Solar Inc 

CyrusOne Inc (XNAS:CONE) Real Estate 9/18/2015 Cervalis Holdings LLC 

Patriot National Bancorp Inc (XNAS:PNBK) Financials 8/5/2015 Vikaran Solutions LLC 

Vonage Holdings Corp (XNAS:VG) Telecommunications 7/27/2015 Simple Signal Inc 

Exlservice Holdings Inc (XNAS:EXLS) Consumer Products and 

Services 

6/10/2015 RPM Direct LLC 

Patriot National Bancorp Inc (XNAS:PNBK) Financials 4/28/2015 Decision UR LLC 

Churchill Downs Inc (XNAS:CHDN) Media and Entertainment 4/1/2015 Big Fish Games Inc 

Amazon.com Inc (XNAS:AMZN) Retail 2/5/2015 Twitch Interactive Inc 

Morningstar Inc (XNAS:MORN) Financials 7/23/2014 HelloWallet Holdings Inc 

TiVo Corp (XNAS:TIVO) Media and Entertainment 5/27/2014 Digitalsmiths Corp 

eBay Inc (XNAS:EBAY) Retail 1/29/2014 Braintree Payment Solutions 

Huron Consulting Group Inc (XNAS:HURN) Consumer Products and 

Services 

1/13/2014 Blue Stone International LLC 

Veeco Instruments Inc (XNAS:VECO) Industrials 1/6/2014 Synos Technology Inc 

Daily Journal Corp (XNAS:DJCO) Media and Entertainment 11/1/2013 ISD Corp 

Zebra Technologies Corp (XNAS:ZBRA) Industrials 6/20/2013 StepOne Systems LLC 

Daily Journal Corp (XNAS:DJCO) Media and Entertainment 6/19/2013 New Dawn Technologies Inc 

Digi International Inc (XNAS:DGII) Telecommunications 3/11/2013 Etherios Inc 

iRobot Corp (XNAS:IRBT) Industrials 12/4/2012 Evolution Robotics Inc 

Amazon.com Inc (XNAS:AMZN) Retail 8/16/2012 Kiva Systems Inc 

DexCom Inc (XNAS:DXCM) Healthcare 7/23/2012 SweetSpot Diabetes Care Inc 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

3/23/2012 Cotendo Inc 

ICF International Inc (XNAS:ICFI) Consumer Products and 

Services 

3/19/2012 Ironworks Consulting LLC 

Kratos Defense and Security Solutions Inc 

(XNAS:KTOS) 

Telecommunications 2/23/2012 SecureInfo Corp 

FLIR Systems Inc (XNAS:FLIR) Industrials 12/9/2011 Aerius Photonics LLC 

II-VI Inc (XNAS:IIVI) Healthcare 11/15/2011 Aegis Lightwave Inc 

Limelight Networks Inc (XNAS:LLNW) Consumer Products and 

Services 

8/22/2011 Clickability Inc 

Align Technology Inc (XNAS:ALGN) Healthcare 8/3/2011 Cadent Inc 

Littelfuse Inc (XNAS:LFUS) Energy and Power 5/17/2011 Cole Hersee Co 
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RadNet Inc (XNAS:RDNT) Healthcare 3/29/2011 Image Medical Corp 

Harmonic Inc (XNAS:HLIT) Telecommunications 12/31/2010 Omneon Inc 

eHealth Inc (XNAS:EHTH) Financials 12/22/2010 PlanPrescriber Inc 

SeaChange International Inc (XNAS:SEAC) Retail 8/3/2010 Salu Inc 

Morningstar Inc (XNAS:MORN) Financials 7/12/2010 Logical Info Machines Inc 

LSI Industries Inc (XNAS:LYTS) Industrials 3/29/2010 AdL Technology 

Morningstar Inc (XNAS:MORN) Financials 11/18/2009 10-K Wizard Technology LLC 

eBay Inc (XNAS:EBAY) Retail 6/29/2009 Bill Me Later Inc 

Transcat Inc (XNAS:TRNS) Industrials 3/30/2009 Westcon Inc 

Marketaxess Holdings Inc (XNAS:MKTX) Financials 10/15/2008 Greenline Finl Tech Inc 

TechTarget Inc (XNAS:TTGT) Consumer Products and 

Services 

6/23/2008 KnowledgeStorm Inc 

Providence Service Corp (XNAS:PRSC) Government and 

Agencies 

5/8/2008 LogistiCare Inc 

Marchex Inc (XNAS:MCHX) Media and Entertainment 1/24/2008 Voicestar Inc 

Harmonic Inc (XNAS:HLIT) Telecommunications 11/26/2007 Rhozet Corp 

ICF International Inc (XNAS:ICFI) Consumer Products and 

Services 

11/23/2007 Z-Tech Corp 

eBay Inc (XNAS:EBAY) Retail 11/2/2007 StumbleUpon Inc 

Steven Madden Ltd (XNAS:SHOO) Consumer Staples 9/21/2007 Compo Enhancements LLC 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

9/4/2007 Red Swoosh Inc 

Preformed Line Products Co (XNAS:PLPC) Energy and Power 8/9/2007 Direct Power & Water Corp 

ViaSat Inc (XNAS:VSAT) Telecommunications 6/28/2007 Intelligent Compression Tech 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

6/26/2007 Netli Inc 

Zebra Technologies Corp (XNAS:ZBRA) Industrials 6/12/2007 WhereNet Corp 

eBay Inc (XNAS:EBAY) Retail 6/11/2007 StubHub Inc 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

5/15/2007 Nine Systems Corp 

Huron Consulting Group Inc (XNAS:HURN) Consumer Products and 

Services 

12/21/2006 Aaxis Technologies Inc 

ViaSat Inc (XNAS:VSAT) Telecommunications 10/26/2006 Enerdyne Technologies Inc 

Perficient Inc (XNAS:PRFT) Financials 10/9/2006 VMdirect LLC 

Morningstar Inc (XNAS:MORN) Financials 4/18/2006 Ibbotson Associates 

FLIR Systems Inc (XNAS:FLIR) Industrials 4/13/2006 Scientific Materials Corp 

PC Connection Inc (XNAS:CNXN) Retail 3/20/2006 Amherst Technologies LLC 

Marchex Inc (XNAS:MCHX) Media and Entertainment 1/16/2006 IndustryBrains Inc 

UTStarcom Holdings Corp (XNAS:UTSI) Telecommunications 9/2/2005 Pedestal Networks Inc 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

6/27/2005 Speedera Networks Inc 

eBay Inc (XNAS:EBAY) Retail 5/13/2005 Viva Group Inc 

Marchex Inc (XNAS:MCHX) Media and Entertainment 12/17/2004 goClick.com Inc 

Matthews International Corp (XNAS:MATW) Materials 12/9/2004 Cloverleaf Group 

FLIR Systems Inc (XNAS:FLIR) Industrials 4/16/2004 Indigo Systems Corp 

Equinix Inc (XNAS:EQIX) Real Estate 7/11/2003 Pihana Pacific Inc 

E*TRADE Financial Corp (XNAS:ETFC) Financials 10/22/2002 Tradescape.com 
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PC Connection Inc (XNAS:CNXN) Retail 10/2/2002 MoreDirect.com Inc 

Raven Industries Inc (XNAS:RAVN) Industrials 7/1/2002 Starlink Inc 

TD Ameritrade Holding Corp (XNAS:AMTD) Financials 9/19/2001 TradeCast Inc 

Digi International Inc (XNAS:DGII) Telecommunications 3/14/2001 Inside Out Networks 

Akamai Technologies Inc (XNAS:AKAM) Consumer Products and 

Services 

1/8/2001 CallTheShots Inc 

Eastern Co (XNAS:EML) Industrials 9/13/2000 Greenwald Inds Inc,Greenwald 

TD Ameritrade Holding Corp (XNAS:AMTD) Financials 8/31/2000 Ten Bagger Inc 

Citrix Systems Inc (XNAS:CTXS) Consumer Products and 

Services 

5/25/2000 methodfive Inc 

United Therapeutics Corp (XNAS:UTHR) Consumer Products and 

Services 

2/17/2000 SynQuest Inc 

Applied Materials Inc (XNAS:AMAT) Telecommunications 10/25/1999 Port Consulting Inc 

Applied Materials Inc (XNAS:AMAT) Telecommunications 3/11/1999 Western Inbound 

Applied Materials Inc (XNAS:AMAT) Telecommunications 3/9/1998 Intermatica Inc 

Henry Schein Inc (XNAS:HSIC) Healthcare 12/5/1997 Dentrix Dental Systems Inc 

Data retrieved from: Thomson One M&A database (2020) 


