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Abstract 
 

This thesis consists of three papers investigating investor attention in interesting 

environments. In the first two papers, I use the introduction of blockchain technology and 

cryptocurrencies to explore investors’ attention in uncertain environments and the impact on 

asset prices. The third paper is motivated by the events in 2021, when a group of aficionado 

retail traders were attributed to causing a short squeeze in an underperforming company.  

The first paper investigates the price reaction of listed companies in response to blockchain-

related announcements. The average abnormal return based on a global sample of 713 firm 

announcements is approximately 5% on the announcement day, with significantly higher 

returns for U.S. firms, smaller firms, and announcements in late 2017 and early 2018. I show 

that abnormal returns are linked to the performance of bitcoin. Additionally, speculative 

announcements exhibit higher returns than non-speculative announcements, and blockchain-

related Form 8-K disclosures have negligible difference in performance compared to their U.S. 

peers. Whilst there is the possibility that a latent variable affects both the abnormal returns and 

the performance of bitcoin, I expect that investors have confused bitcoin and blockchain, and 

used the performance of bitcoin as an indicator of the expected success of the blockchain 

technology.  

Building on the idea of attention-grabbing announcements, in paper two I investigate the 

early and short-term performance of cryptocurrencies. I find strong evidence that imitation to 

the leader in an uncertain environment provides short-term early success without enhancing 

long-term survival. Using a unique setting in cryptocurrencies where Bitcoin has been the 

central focus, I define copycats as cryptocurrencies that have a name similar to Bitcoin. The 

results show copycats earn higher returns in the first day and first week of trading but have a 

lower survival rate compared with non-copycats and are robust to alternative definitions of 

copycat and an instrumental variable. Overall, the results highlight that in an uncertain market 
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created by a novel technology, the name of an organization may be a strong signal to investors 

when other signals are unclear. 

Given the number of attention proxies used by researchers, I explore the role of a relatively 

new source of investor attention – Reddit. Ben-Rephael et al. (2017) show that investor 

attention “depends on where you search”, highlighting a difference in retail and institutional 

attention. We add to this research by using different proxies for retail attention to explore 

whether they capture different information. We assume activity on Reddit, Twitter, Wikipedia, 

and traditional media is associated with retail attention and explore whether abnormal attention 

is associated with different company characteristics and market reactions. We perform a 

principal component analysis to create a market-retail attention index and find short-term return 

predictability is dependent on the attention proxy used and the size of companies. Lastly, we 

find company memes on Reddit capture attention differently. On days a significant number of 

memes about a company are posted, we observe a drift in cumulative abnormal returns, which 

is positively associated with investor inattention from other sources and smaller firms. 
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Chapter 1. Introduction 
 
 
 
 
 

Searching for investment opportunities takes effort since limited cognitive resources 

(Kahneman, 1973) inhibit investors’ decisions to those that capture their attention (Odean, 

1999). In an efficient market, rational individuals are assumed to research opportunities and 

make optimal decisions, however, constraints in processing all available information makes 

optimisation difficult. This thesis consists of three papers on investor attention. Each paper is 

motivated by financial market environments I found interesting because they captured a 

compelling story. A shortcoming of this approach is that only things with compelling stories 

are subsequently studied, which leaves a lot unexplored. This is unsurprising since interesting 

things capturing attention is tautological. However, my attention to interesting things is 

problematic for the reason that I do not consider if the story is interesting to others. While the 

beginning of this thesis is largely motivated by interesting environments, attention is not 

necessarily captured homogeneously by different measures because what is considered 

interesting likely differs between people or groups. 

 

The first interesting environment I investigate is characterised by uncertainty and mixed 

sentiment regarding the ultimate success or failure of a novel technology – blockchain. How 

financial markets respond to new technologies demonstrates behaviours consistent with a 

difficulty in optimally allocating attention. A good example is provided by Cooper et al. (2001) 

who document significant market reactions to companies changing their name to signal an 

association with the Internet. A recent example in 2017 was the significant increase in the 

market value of Long Blockchain Corp. (previously Long Island Iced Tea) and the Eastman 
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Kodak Company upon announcing their intention to adopt blockchain technology. Long 

Blockchain Corp. was subsequently delisted from the Nasdaq and three individuals were 

charged for trading in advance of the announcement to pivot to blockchain technology (SEC 

2021). These events raise an interesting question: do similar announcements occur 

systematically and do they trigger a similar response to those observed by Cooper et al. (2001)? 

This is important to regulators, as even weak signals of adopting a novel technology may be 

attention-grabbing and provoke exuberant trading decisions to the benefit of insiders. 

 

The first paper in this thesis “I am a Blockchain too: How do markets respond to companies’ 

interest in blockchain?”, uses media headlines to capture the first instance companies announce 

interest in blockchains. This is a relatively relaxed interpretation of company name changes, 

however, given heightened attention to the technology, I expect companies’ interest in 

blockchains to provoke a similar reaction from markets. Studying blockchain technology rather 

than other innovations such as artificial intelligence or robo-advising, provides a study on a 

novel technology that is coupled with a globally traded and liquid asset – bitcoin. Since 

searching for information on a novel technology likely exacerbates the search problem 

investors already have, I hypothesise investors will benchmark the success of blockchain 

against the performance of bitcoin. There are two non-mutually exclusive explanations: 1) 

investors struggle to judge the value added from companies adopting blockchain technology 

and therefore use bitcoin as a signal; and 2) if “blockchain” is often referred as a system that 

resembles Bitcoin (Narayanan and Clark, 2017), then investors may confuse Bitcoin with being 

“the blockchain” rather than “a blockchain”. I find an average abnormal return of 

approximately 5% on the days companies announce an involvement in blockchain technology. 

Consistent with the hypothesis, abnormal returns are associated with the performance of 

bitcoin. However, given the sample period for this paper captures a single large increase and 
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decrease in bitcoin’s price in late 2017, I am unable to disentangle the causality from 

correlations. I find evidence that the correlation between company returns, and bitcoin returns 

increases after companies announce an interest in blockchain technology. 

 

The market’s reaction to blockchain announcements may be explained by the flurry of new 

terminology that confronted investors, creating an opportunity to exploit attention through 

irrelevant stimuli. When disentangling information from noise is difficult, investors may give 

attention to symbolic information. The second interesting environment I explore is the 

cryptocurrency market. Bitcoin is a leader in cryptocurrencies, and its timely introduction 

during the Global Financial Crisis made it a symbol that communicated a narrative for 

disintermediation, during a period when trust in intermediation was low. This inspired many 

cryptocurrency-based ventures to raise capital from the public via initial coin offerings (ICOs). 

Coupled with understanding the implications of the new technology, ICO investors were also 

faced with a plethora of technical information designed to reduce information asymmetry. 

While signals such as the technological capabilities and commitment to the project (Fisch, 2019 

and Howell et al., 2020) and institutional backing (Fisch and Momtaz, 2020) have been shown 

to improve the success of ICOs, the value of these signals may be limited provided the market 

remains naïve. The second paper “Limitation of imitation: Lessons from another Bitcoin 

copycat” proposes a different signal that captures attention – an imitative name. When a novel 

technology introduces an uncertain market, what signals do investors pay attention to when 

information is scarce? Investors that are unfamiliar with the technical information associated 

with new cryptocurrencies may rely on heuristics for difficult trading decisions. Since fluent 

stimuli are perceived as more familiar, Alter and Oppenheimer (2006) find firms with more 

fluent names have higher short-term post IPO returns. Building on this theory, I define copycat 

cryptocurrencies as those with a similar name to Bitcoin. Between 2013 to 2019, I find copycats 



 Daniel Cahill (2022) 

 22 

have higher returns within the first week of trading and lower survivability within the first year 

of trading compared with cryptocurrencies with dissimilar names. The results highlight that 

when investors are confronted by difficult-to-interpret information, an attention-grabbing 

signal, such as an imitative name may affect their trading decisions. 

 

In Chapters 2 and 3, I explore markets characterised by significant attention to explore how 

they react to attention-grabbing signals.  Similar research uses regular events that are also 

characterised by greater attention and highlights that information is not necessarily reflected in 

share prices as rational models may suggest (Fang and Peress, 2009). For example, investor 

inattention has been proxied by investigating market reactions around earnings announcements 

on Fridays (DellaVigna and Pollet, 2009), holidays (Pantzalis and Car, 2014), during allergy 

seasons (Pantzalis and Car, 2018), clustered earnings announcements (Hirshleifer et al., 2009). 

These studies observe larger post earnings announcement drifts for company announcements 

made around distracting days and are consistent with the notion that investors struggle to 

optimally allocate attention. While the introduction of blockchain creates a unique market, I 

expect investors face similar difficulties in normal market environments, which creates an 

opportunity to investigate alternative signals where prime signals may be unclear or distracting.  

Outside of attention-grabbing environments, it is unclear if some attention proxies are 

effective. Among others, Barber and Odean (2008) use trading metrics as indirect proxies for 

investor attention, however, using trading metrics such as volume and return are self-

perpetuating; higher volumes traded leads to higher attention, which leads to higher volumes 

and higher attention. Similarly, the assumption that media publications about a company 

automatically translates into investor attention is inaccurate since investors do not necessarily 

read those publications. For example, information transmitted via an alternative medium, that 

would otherwise fail to capture investors’ attention, suggest that merely releasing information 



 Chapter 1. Introduction
   

 23 

does not necessarily translate into attention (Blankespoor et al., 2014). This is consistent with 

Boulland et al. (2017), that find firms adopting new media technology to disseminate news 

have timelier responses to earnings announcements. 

 

Since trading proxies are unable to directly measure investor attention, and media articles 

do not necessarily mean investors are reading them, capturing investor attention remained 

problematic. Alternative data provides a remedy to this problem.1 Google Search Volume 

Index (SVI) has been shown to be a timelier indicator of attention compared with other proxies 

(Da et al., 2011), and is used to study attention around earnings announcements (Drake et al., 

2012), cryptocurrencies (Liu and Tsyvinski, 2021), and market sentiment (Da et al., 2015). An 

alternative, albeit indirect, proxy for investor attention was used by Lou (2014), that finds 

company advertising expense is associated with higher retail purchases and abnormal returns. 

Focke et al. (2020) challenges these findings, suggesting the relationship between advertising 

expense and returns is endogenous. The authors highlight that using yearly advertising 

expenses creates an endogeneity problem. Given the short-lived nature of investors’ attention 

(Seasholes and Wu, 2007; Barber and Odean, 2008; and Da et al., 2011), a higher frequency to 

capture investor attention is necessary. A relatively recent proxy, company Wikipedia page 

views (Kristoufek, 2013; Focke et al., 2020), provides several advantages over Google SVI 

(Focke et al., 2020). In Chapter 2, I use a different direct attention proxy, submissions from the 

subreddit r/Cryptocurrency on Reddit.com. The motivation for using this specific subreddit is 

to proxy for investor attention from individuals likely to invest in cryptocurrency-based 

ventures. While I find evidence that the survivability of these ventures is positively associated 

with this proxy, it assumes it outperforms other proxies at capturing the attention from these 

 
1 Alternative data refers to non-traditional data such as company filings and analyst forecast (Refinitiv: 
https://www.refinitiv.com/en/financial-data/alternative-data) 



 Daniel Cahill (2022) 

 24 

types of investors. This poses an important question: “Are proxies different given they likely 

capture attention from different groups or individuals?”  

 

The third paper “Is investor attention different?”, investigates several direct attention 

proxies. Using an arbitrary proxy for attention ignores the possibility that sources of 

information are accessed by different people under different circumstances. Ben-Rephael et al. 

(2017) explores retail and institutional attention and find attention from institutions react 

quicker to sensitive news and lead retail attention. This concluding paper is motivated by a 

story resembling David and Goliath and a new market paradigm in retail trading. At the 

beginning of 2021, a group of aficionado traders from the social media platform, Reddit.com, 

were attributed with a short squeeze in an underperforming company, Gamestop, which 

resulted in significant losses for some institutions. This Reddit community, r/wallstreetbets 

(WSB), highlights the notion that different sources of information used to proxy attention may 

not be homogeneous, given how institutions were targeted for their excessive short positions 

on Gamestop. Differences exist elsewhere and in previously used proxies for attention. For 

example, there is a stark contrast between Twitter and Wikipedia as sources of information. 

Twitter provides timelier, brief, and frequent information compared with Wikipedia (an online 

encyclopedia). Company Wikipedia pages typically contain general company information and 

noteworthy events such as accidents or scandals, while frequently occurring information such 

as earnings announcements are less featured. These differences imply individuals may access 

information from Twitter or Wikipedia under different circumstances.  

I search 1.5 million submissions2 from WSB for company mentions between 2017 to 2021. 

I find the number of companies mentioned to be relatively scarce before 2019 and decide to 

focus on WSB submissions from 2019 to 2021. Overall, my findings are dependent on the 

 
2 In Appendix A4.3, we provide examples of submissions on WSB. 
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attention proxy used. I find evidence that abnormal attention across different platforms is 

predicted by different company characteristics. Additionally, I show consistent findings with 

Ben-Rapael et al. (2017) that institutional attention reduces the post-earnings announcement 

drift. Days when companies receive a significant number of memes are found to have positive 

risk-adjusted returns which is followed by a drift. I show the drift can be explained by small 

firms and low institutional attention. 
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Chapter 2. I am a blockchain too: How does 
the market respond to companies’ interest in 
blockchain? 
 
 
 
 
 
2.1 Abstract 
 

We investigate the price reaction of listed companies in response to blockchain-related 

announcements. The average abnormal return based on a global sample of 713 firm 

announcements is approximately 5% on the announcement day, with significantly higher 

returns for U.S. firms, smaller firms, and announcements in late 2017 and early 2018. We show 

that abnormal returns are linked to the performance of bitcoin. Additionally, speculative 

announcements exhibit higher returns than non-speculative announcements, and blockchain-

related Form 8-K disclosures have negligible difference in performance compared with their 

U.S. peers. Whilst we acknowledge the possibility of a latent variable that affects both the 

abnormal returns and the performance of bitcoin, we hypothesise that investors have confused 

bitcoin and blockchain, and used the performance of bitcoin as an indicator of the expected 

success of the blockchain technology.  

 
2.2 Introduction 
 

Cooper, Dimitrov, and Rau (2001) (hereafter CDR) document that during the dot-com 

bubble, companies that changed their name to include “.com” experienced an average 10-day 

cumulative abnormal return (CAR) of 74%. Focused on the Internet’s potential success, the 

market reaction to these signals of embracing a novel technology highlighted investors’ 

optimistic expectations. Similar periods of optimistic behaviour have occurred throughout 
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history – most recently, in Bitcoin3 and blockchain. For example, the market value of the 

Eastman Kodak Company and Long Blockchain Corp. (previously Long Island Iced Tea) 

appreciated significantly upon announcing their intention to adopt blockchain technology. 

Resembling the dot-com period, there is great uncertainty surrounding blockchain, with no 

consensus regarding its ultimate success or failure. Some claim blockchain to be the next 

technological revolution, while others argue that it is overly hyped (e.g., Roubini, 2018) and 

reminiscent of the dot-com bubble. In view of this, we analyse the market reaction to companies 

announcing their involvement in the blockchain technology and explore whether the reaction 

is associated with the past performance of bitcoin.  

 

Similar to the work by CDR, we investigate a highly uncertain market environment, with 

the key difference being the existence of a new technology acting as a prominent catalyst: 

Bitcoin. Deteriorating confidence in the global financial system in 2008 was met with the 

timely introduction of Bitcoin, which provided a compelling story and impetus for the 

development of decentralised systems using blockchain technology. Interestingly, Bitcoin’s 

genesis block contains the following news headline from the Times, published on January 3rd, 

2009: “Chancellor on brink of second bailout for banks.” 

Innovations such as artificial intelligence, blockchain and robo-advising have spurred 

interest in research to understand how these technologies impact capital markets (see, for 

example, Goldstein et al., 2019). We acknowledge the potential value in other technologies 

and recognise the possibility for technologies such as artificial intelligence and blockchain to 

converge in the future.4 However, in this paper, we focus on blockchain, since other financial 

technologies have not received the same sharp increase in attention as blockchain and 

 
3 We use “Bitcoin” to refer to the overall system and “bitcoin” to refer to the tradable asset. 
4 Castellanos, S., 2019, ‘Blockchain, AI Combine to Make an Internet of Smarter Things’, Wall Street Journal, 
27 June, 2019. Available from: https://www.wsj.com/articles/blockchain-ai-combine-to-make-an-internet-of-
smarter-things-11561656519. [27 June 2019]  
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cryptocurrencies did in 2017. This provides an interesting environment similar to that observed 

by CDR. Chen and Srinivasan (2019) show that whilst digital adopters experience higher 

valuations, the market is slow to respond to disclosures related to digital adoption. This is 

inconsistent with CDR’s findings and what was more recently observed from the market’s 

reaction to firms such as the aforementioned Long Blockchain Corp. and the Eastman Kodak 

Company. Although Chen and Srinivasan (2019) do not explore blockchain technology, Chen 

et al. (2019) recognise blockchain as being the youngest and fastest growing financial 

technology innovation and among the most valuable to the adopting firm. The authors suggest 

that their findings are consistent with the endorsement received by popular media and industry, 

giving credence to the economic value of blockchain technology. Whilst market expectations 

may have been exaggerated (particularly in 2017), the announcement of Facebook’s Libra5 in 

June 2019 and the initial backing of large corporations continues the discussion on the 

relevance of cryptocurrencies in capital markets. 

 

Although the initial attention to “blockchain” was driven by Bitcoin, it was not a term 

included in Bitcoin’s whitepaper. In fact, many components underlying Bitcoin’s blockchain 

existed well before its inception. Narayanan and Clark (2017) comment that many applications 

of blockchain technology do not include “Nakamoto consensus”, which is considered Bitcoin’s 

main innovation. However, the optimism surrounding blockchain has helped industries engage 

and apply the new technology to eradicate inefficiencies. The early success of initial coin 

offerings (ICOs) sparked optimism in cryptocurrencies as a novel and innovative method of 

raising capital (e.g., see Howell et al., 2019). According to CoinSchedule.com, 1,601 ICOs 

 
5 Libra is an asset-backed global currency governed by the Libra Association and is designed to allow easy 
transactions around the world. Facebook proposes that Libra will unlock financial services to the large unbanked 
population. This expectation highlights the optimistic potential for cryptocurrencies. See, for example, Vigna, P., 
2019, ‘Facebook’s Libra Bets It Can Bank the Unbanked’, Wall Street Journal, 22 August 2019. Available from: 
https://www.wsj.com/articles/facebooks-libra-bets-it-can-bank-the-unbanked-11566471601. [22 August 2019] 
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have in total raised more than US$28 billion between 2013 and 2018 (Masiak et al., 2019). The 

growth in the ICO market can be associated with the proposed transformational effects of the 

blockchain technology, which offers potential advancements in cost, speed, and data integrity 

(Yermack, 2017), as well as solutions to problems (for example, privacy and trust) that plague 

centralised databases. The functionality of “smart contracts” executed on a blockchain is 

potentially valuable, since they better communicate the “truth” of a given outcome compared 

with traditional contracts (Cong and He, 2018). Cao et al. (2018) also demonstrate how 

blockchains can improve auditing efficiency. 

 

We further the literature on blockchain by exploring the role that Bitcoin performance plays 

in the market’s response to blockchain-related news. The nascent literature on cryptocurrencies 

has largely focused on explaining their price dynamics and their role in financial markets. Cong 

et al. (2019) derive a dynamic model of token valuation as a function of user adoption. Sockin 

and Xiong (2018) show that a user’s decision to join a token-based platform positively 

correlates with the token’s trading volume, and hence token trading allows information 

gathering on potential users’ demand. Athey et al. (2016) find a large proportion of trading 

volume occurs on exchanges but not on the network, suggesting exchange rates are more 

sensitive to investors’ beliefs regarding the future of Bitcoin. Kristoufek (2013) reasons that 

the demand for bitcoin is dominated by non-fundamentalists because there are no fundamentals 

to set a “correct” price. Liu and Tsyvinski (2018) and Bianchi (2018) report that bitcoin and 

other cryptocurrencies are not explained by common risk factors. Makarov and Schoar (2018) 

address cryptocurrency efficiency and price formation and find large and persistent arbitrage 

opportunities existing across exchanges. Other forces have been found to drive bitcoin prices, 

such as its use in illicit activities (Foley et al., 2019) and manipulation (Gandal et al., 2018). 
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Overall, cryptocurrencies are shown to be driven by rational and irrational forces, and it is 

argued that they do not exhibit any intrinsic value (Yermack, 2015). 

 

Given the substantial uncertainty regarding the success of blockchain and the positive 

relationship between uncertainty and fundamental value (Pástor and Veronesi 2003), we expect 

companies that adopt blockchain technology to benefit from an increase in market value. It is 

possible that Bitcoin was perceived as “the blockchain” rather than “a blockchain”, as 

Narayanan and Clark (2017) note that blockchain is often referred to as a system that resembles 

Bitcoin and lacks a universal definition. In their model, Pástor and Veronesi (2009) show that 

innovative firms’ stock prices rise upon positive news regarding the technology’s productivity. 

This highlights that the market’s interpretation of the technology may be one that is tethered to 

Bitcoin, and positive news about the cryptocurrency translates into positive news about the 

technology. Since Bitcoin popularised the term “blockchain” and is the most prominent 

application of the technology, we hypothesise that the market has associated the success of 

blockchain to the performance of bitcoin. However, we are unable to conclude that the market’s 

perception of blockchain is driven by the performance of bitcoin, since its simultaneous 

increase may have occurred for different reasons.6 If Bitcoin was the catalyst that ignited the 

attention in the underlying technology, any short-term association between Bitcoin and 

blockchain may be limited to our sample, and any evidence in the short-term does not 

necessarily prescribe a long-term relationship. Therefore, we also explore a longer-term 

relationship with portfolio returns. 

  

 
6 For example, bitcoin is perceived as a medium of exchange and store of value, whilst the interest in blockchain 
may have been driven by its commercial benefits in improving transparency and reducing inefficiencies, 
especially in the finance industry. 
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Using news headlines, we investigate the market reaction to a company’s intention to adopt 

blockchain technology and provide systematic analysis of the market response, and the 

association it has with bitcoin returns. For this purpose, we construct a novel international 

sample of 713 companies that have made blockchain-related announcements between 2016 and 

2018.7 This period offers interesting analysis as it captures an episode when interest in 

blockchain and cryptocurrency erupted. For example, ICOs raised US$5.6 billion and US$12.7 

billion in 2017 and 2018, respectively. These amounts are comparatively larger than the 

US$247 million raised between 2014 and 2016.8 

In contrast to CDR, who studied a period before the burst of the dot-com bubble, our paper 

captures bitcoin’s substantial rise in 2017 and its subsequent crash in 2018. 9 Our findings show 

that companies that made blockchain-related announcements in 2017 experienced permanent 

and increasing cumulative abnormal returns, while companies that made such announcements 

in 2018 experienced transitory abnormal returns. Over the entire sample, firms experienced an 

average abnormal return of approximately 5.3% on the day of the announcement. This result 

is driven by the announcements of smaller firms and announcements made in November and 

December 2017 and in January 2018. The average abnormal returns for the years 2016, 2017 

and 2018 are 0.9%, 7.3%, and 4.3%, respectively. Further analysis shows that this behaviour 

closely follows the evolution of the price of bitcoin. This suggests that either the market 

benchmarks the expected success of the blockchain technology against the performance of 

bitcoin, or it is unable to distinguish between the technology (blockchain) and bitcoin, with a 

possibility that a latent factor drives both. This provides an interesting contrast to CDR, since 

 
7 We use an international sample, given that regulations, political environment, and investor perceptions are 
inconsistent regarding this technology across countries. 
8 Data from https://www.tokendata.io/ 
9 The sample used by CDR only spans 1997–1998, thereby preventing their contribution from providing analysis 
of announcements during the crash in 2000. 
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during the dot-com bubble, the market did not have a pervasive and actively traded asset by 

which to benchmark the Internet.  

We further categorise announcements as either speculative or non-speculative to distinguish 

companies’ commitment to blockchain and find that non-speculative announcements 

experience lower returns compared with speculative announcements. Additionally, we collect 

blockchain-related Form 8-K filings made by companies in our sample and find that those firms 

earn significantly higher returns compared to the global sample. 

To explore a longer-term relationship between company and bitcoin returns, we form U.S. 

and international portfolios and analyse the exposure to bitcoin returns in the presence of Fama 

and French five factors (Fama and French, 2015). We also construct subsample portfolios by 

size and year and find insignificant loadings on daily bitcoin returns and significant alphas 

across most U.S. and non-U.S. portfolios. Decomposing the sample by year reveals that 

significant alphas are driven by the performance in 2017 in both U.S. and non-U.S. samples. 

We suspect daily bitcoin returns are too volatile to adequately explain portfolio returns for our 

sample, pointing toward reliance on a factor that better captures bitcoin performance. 

Alternatively, firms adopting a new technology earn excess returns that are not captured by 

common risk factors.  

 

A related study by Cheng et al. (2019) uses Form 8-K disclosures to identify 79 U.S. firms 

associated with blockchain. The authors find that the market initially reacts positively, but with 

returns for some firms reversing within 30 days of the disclosure. This finding is consistent 

with what we observe in our U.S. subsample. Our paper differentiates from Cheng et al. (2019) 

in several important ways. First, by analysing news headlines, we obtain a significantly larger 

and international sample that highlight a company’s involvement in blockchain. Second, 

exploring news headlines allows us to observe more subtle intentions that may not warrant a 
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Form 8-K filing given the nature of the news. Since the influence of media on financial markets 

is well established, we consider the examination of media headlines an important 

contribution.10 Third, given that the regulation in this field is heterogeneous across countries, 

our sample allows a better understanding of international markets’ perception of the new 

technology outside of the U.S. Fourth, our research design facilitates a study on the role of 

media coverage after the first announcement by exploring the post-announcement relationship 

between the performance of companies embracing blockchain and the performance of bitcoin.  

 

We contribute to the literature in several ways. First, we provide evidence of market 

reactions to the adoption of a new technology in an international setting. Second, compared to 

the sample used by CDR, our study captures the rapid rise and fall of a hyped market. In 

contrast to CDR, the recent mania for blockchain had a closely associated asset that was 

actively traded, whilst an equivalent security was absent in the context of the Internet during 

the dot-com bubble. Since the attention to Bitcoin likely spurred the interest in blockchain, we 

contribute by exploring the association of a tradeable asset (bitcoin) and the underlying 

technology (blockchain) in equity markets. Third, our findings highlight the role that media 

coverage plays in equity markets, by exploring the ongoing relationship between company 

returns and bitcoin returns. Finally, and in contrast to Cheng et al. (2019), the finding that 

bitcoin returns do not always load significantly on a portfolio of blockchain-related companies 

contributes to revealing the potential role played by this new asset class.  

 

 
10  See, for example, Huberman and Regev (2001); Tetlock (2007); Engelberg and Parsons (2011); and Peress 
(2014). 
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The remainder of the paper proceeds as follows: Section 2.3 describes the data and 

methodology for collecting announcements. Sections 2.4 to 2.7 reports and discusses the 

findings. Section 2.8 concludes the paper. 

 

2.3 Data and Methodology 
 

We construct a novel international sample of 713 companies that have made blockchain-

related announcements between 2016 and 2018. We use the company Reuters Instrument Code 

(RIC) appended to blockchain-related news articles to identify the companies used in our 

sample. Since blockchain-related news from Refinitiv did not include company RICs prior to 

2016, our sample is limited to the period between November 2016 and December 2018. We 

expect our sample reasonably represents the market’s interest in the new technology, given 

attention to blockchain technology was relatively weak prior to 2017. We describe four steps 

of the data collection process. We breakdown each step in Table 2.1. 

Table 2.1: Data breakdown 
 No. of RICs [News count] Sample 
Step 1 Unique RICs included in the topic Blockchain 6,464 [100,403] 
Step 2 Using the set of 27 keywords 1,627 [57,777] 
Step 3 Less: Irrelevant RICs and missing financial information - 873 
Step 4 Less: Making earning announcements within 5 days - 41 
 Final Sample 713 

 

In the first step, we search news headlines for the topic “blockchain” on Refinitiv Eikon 

News Monitor. This assumes articles under this topic will include terms such as “mining” and 

“smart contract” and any other terms closely associated with blockchains. We search headlines 

and newswires since we expect these to be attention-grabbing and to contain the core message 

of the article. This returns 100,403 related news headlines and 6,464 unique Reuters Instrument 

Codes (RICs) for the period November 2016 to December 2018. The sample inception is 

constrained by the data availability, whilst the end point is chosen to include a full year of 

observations (2018). The second step involves searching the headlines for the 27 terms listed 
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in Table 2.2. The search terms are designed to identify companies that have embraced or shown 

an intention to incorporate blockchain technology into their business operations. For example, 

we include companies that announced an acquisition of a blockchain-related company, 

undertook an ICO, or are developing a crypto-asset or blockchain. This process flags 

companies that have headlines embracing or showing an intention to incorporate blockchain 

technology into their business operations. Once a news headline is identified by any one of the 

27 keywords, we retain all news headlines associated with that company. This step results in a 

sample of 57,777 news headlines and 1,627 unique companies. In the third step, we manually 

read through the remaining headlines to find the earliest relevant announcement for each 

company in our sample. We exclude 873 RICs as irrelevant or not having the required 

accounting information. In the fourth step, we further exclude companies that have made 

earnings announcements within five days either side of the first relevant blockchain-related 

news. This further removes 41 announcements, giving us a final sample of 713 company 

announcements over 45 countries.11 Whilst this process of manually collecting news headlines 

does not capture the population of blockchain-related companies available from Eikon’s 

newsfeed, we expect that our list of keywords (Step 2) captures a representative sample.12 

Table 2.2: Key Search Terms 
This table shows the news headline search terms applied to blockchain-related articles to 
identify company blockchain-related announcements.   
Announce Develop Merge 
Acquire Coin Offering ICO 
LOI Letter Intent 
Invest Venture Interest 
Launch Patent Solution 
Incorporate Join Collaborate 
Raise Pursue Integrate 
Implement Appoint Create 
Subsidiary Buy Purchase 

 
11 We extended this filter to 20 days either side of the announcement. Our results remain unchanged. 
12 Given the selection of search terms was discretionary, there is concern as to whether this list effectively captures 
the intended headlines. In Appendix A2.1 we add 12 new search terms and find the sample size only marginally 
increases. Overall, our original sample captures companies’ blokchain-related announcements in media headlines 
reasonably well. 
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Since the news feed gives time and dates in local time,13 we account for differences in time 

zones for international firms, exchange close times, weekends, and public holidays. If the 

announcement occurs after market close or falls on a non-trading day, the next available trading 

day is taken as the announcement day. Daily share prices, market-index data, and firm size 

measured by market capitalisation are sourced from DataStream. To estimate risk-adjusted 

returns, we require each company to have at least 210 days of trading history prior to making 

the announcement. We calculate the natural logarithm of returns (𝑅!,# 𝑙𝑛 $!,#
$!,#$

) for each 

company and use the market model to estimate abnormal returns as follows: 

𝐴𝑅!,# = 𝑅!,# − 𝛼! − 𝛽!(𝑅$,#)																   (2.1) 

where, on day t, ARi,t is the abnormal return and 𝑅!,# is the actual return for stock i, and 𝑅$,# 

is the U.S. market (S&P 500 Index) return.14 𝛽! is estimated using returns from the pre-event 

window [−210, −30] of each stock i and the market index. We calculate abnormal return (AR0) 

as the return for company i on the event day and Cumulative Abnormal Return (CAR) for the 

pre-announcement window [−20, −2], event windows [−1, 1], [−5, 5], and [−20, 20], and the 

post-announcement window [2, 20]. For each company i, the CAR for an event interval [T1, 

T2] is computed as: 

      (2.2) 

The abnormal and cumulative returns averaged over all firms (N) are given by: 

            (2.3) 

 
13 In this case, UTC +8 
14 We also computed abnormal returns using companies’ local stock market index, as well as the MSCI world 
index. Results remained unchanged compared with those obtained using different market indices. 
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     (2.4) 

For our event study, we calculate corresponding t-statistics to determine the significance for 

each event window. We compute the t-statistic as: 

      (2.5) 

Where     (2.6) 

2.4 Results 
 
2.4.1 Descriptive statistics 
 

Figure 2.1 shows the monthly frequency of announcements in our sample against the 

monthly bitcoin price. Over the entire sample and different categories, we observe a peak in 

the number of announcements toward the end of 2017 and beginning of 2018. This corresponds 

with the increase in the bitcoin price. Panel A illustrates a similar pattern when our sample is 

categorised into U.S. and non-U.S. firms, and speculative and non-speculative announcements. 

Non-speculative announcements are headlines indicating a greater level of commitment to 

investing in blockchain technology. For example, firms that have “invested”, “joined a 

partnership” or “developed” a blockchain are considered non-speculative. News headlines are 

considered speculative if the headline suggests that the company is yet to make a commitment 

to the new technology. For example, a company’s “plan to develop” the new technology is 

considered speculative. We discuss this categorisation further in Section 2.5. Panel B plots the 

announcement frequency for large and small firms representing the top and bottom 50th 

percentile of the sample by market capitalisation. Across both panels and categories, we 
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observe a dominant trend in the announcement frequency increasing up to the end of 2017. 

Table 2.3 shows the company announcement abnormal returns on the event day averaged by 

month, year, and size quartiles. Given the attention blockchain received due to the rising price 

of bitcoin in the later months of 2017, it is not surprising to see a significant increase in the 

number of announcements during this period. The average abnormal return for the entire 

sample is 5.3%. The overall average is driven by 2017 (7.3%), with lower returns observed in 

2018 (4.3%) and trivial returns in 2016 (0.9%). The number of announcements increase 

substantially in the later months of 2017, coupled with larger abnormal returns observed in 

November (12.6%) and December (16.9%) of 2017 and January 2018 (17.7%). Separating 

firms into size quartiles, Categories 1 and 2 (smaller firms) exhibit higher abnormal returns of 

14.5% and 6.9%, respectively. The larger size quartiles show negligible abnormal returns. 
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Figure 2.1: Monthly Announcement Frequency by Category 
This figure shows the monthly average bitcoin price level and the number of announcements by categorization. Announcements: All, shows the number of blockchain-related 
announcements made each month. In Panel A, U.S. and Non-U.S. samples are companies that exist in the U.S., whilst Non-U.S. are all international companies in our sample. 
Speculative and Non-Speculative are announcements that have been described as speculative or non-speculative in nature. Panel B includes the number of monthly 
announcements made by small companies (bottom 50th percentile) and large companies (top 50th percentile) by market capitalization. 
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Table 2.3: Abnormal Returns of Blockchain Announcements 
This table shows the descriptive statistics for companies average abnormal returns on the announcement day for 
the entire sample, by year and month (Panel A) and by firm size measured by market capitalisation (in USD) 30 
days prior to the announcement day (Panel B). Category 1 firms represent the smallest firm size quartile and 
Category 4 represents the largest quartile.  

Mean Std. Dev Min Max Count 
Panel A: Year and Month     
All 0.053 0.239 -0.501 3.107 713 
      
2016 

     

Nov 0.011 0.044 -0.023 0.177 18 
Dec 0.006 0.020 -0.020 0.066 12 
Total 0.009 0.036 -0.023 0.177 30 

     
2017 

     

Jan 0.009 0.021 -0.012 0.071 16 
Feb -0.007 0.020 -0.068 0.011 21 
Mar -0.007 0.042 -0.127 0.030 11 
Apr 0.006 0.015 -0.013 0.020 4 
May -0.001 0.007 -0.021 0.012 15 
Jun 0.029 0.104 -0.030 0.416 21 
Jul 0.113 0.503 -0.426 1.734 13 
Aug 0.009 0.046 -0.084 0.185 25 
Sep 0.054 0.105 -0.072 0.314 18 
Oct 0.029 0.138 -0.273 0.385 26 
Nov 0.126 0.319 -0.231 1.737 43 
Dec 0.169 0.346 -0.209 1.727 62 
Total 0.073 0.251 -0.426 1.737 261 

     
2018 

     

Jan 0.177 0.460 -0.174 3.107 93 
Feb 0.022 0.142 -0.459 0.589 65 
Mar 0.020 0.094 -0.225 0.436 46 
Apr -0.003 0.042 -0.142 0.066 31 
May -0.005 0.052 -0.191 0.162 39 
Jun -0.017 0.126 -0.501 0.393 29 
Jul -0.007 0.037 -0.105 0.100 36 
Aug 0.015 0.066 -0.063 0.273 23 
Sep 0.002 0.038 -0.039 0.175 26 
Oct 0.000 0.021 -0.063 0.038 22 
Nov -0.005 0.030 -0.121 0.037 23 
Dec 0.024 0.056 -0.037 0.171 16 
Total 0.043 0.240 -0.501 3.107 422 
Panel B: Market Capitalization     
 Category 1  0.145 0.399 -0.501 3.107 174 
 Category 2  0.069 0.252 -0.273 2.075 166 
 Category 3  0.004 0.037 -0.068 0.246 177 
 Category 4  0.001 0.013 -0.054 0.066 196 
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Figure 2.2: Monthly Average Abnormal Returns by Category 
This figure shows the monthly average bitcoin price level and the monthly average company abnormal return on the announcement day by categorization. Announcements: All, 
monthly average abnormal return on the announcement day. In Panel A, U.S. and Non-U.S. samples are companies that exist in the U.S., whilst Non-U.S. are all international 
companies in our sample. Speculative and Non-Speculative are announcements that have been described as speculative or non-speculative in nature. Panel B includes the 
number of monthly announcements made by small companies (bottom 50th percentile) and large companies (top 50th percentile) by market capitalization. 
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Figure 2.2 depicts monthly average abnormal returns for the same categories described in 

Figure 2.1. In Panel A, we find that on average companies experience higher abnormal returns 

toward the end of 2017 for U.S., speculative and non-speculative announcements. The non-

U.S. sample peaks and dips earlier compared with the U.S. sample. This difference may reflect 

regulatory uncertainty, given that geopolitical forces are not homogeneous with respect to 

cryptocurrencies and blockchain technology. In Panel B, we observe larger average movements 

for smaller firms making announcements when the price of bitcoin is high, compared with large 

firms. Specifically, average abnormal returns for small firms increase substantially in late 2017, 

coinciding with the peak in the bitcoin price. This peak is followed by a sharp and simultaneous 

decline in bitcoin price and average abnormal returns in 2018. In contrast, larger firms exhibit 

no substantial movement in abnormal returns upon making blockchain-related announcements 

across the entire sample period. 

 

2.4.2 Cumulative abnormal returns (CARs) 
 

Table 2.4 reports the CARs for the entire sample, by firm size and year for various pre- and 

post-announcement windows. The CARs by size and year are also illustrated in Figures 2.3 

and 2.4, respectively. Across the entire sample, firms experience a significant CAR for all event 

windows. For a 3-day trading window [−1, 1] around the announcement, firms gain, on 

average, 6.6%; and this rises to 7.8% for an 11-day [−5, 5] trading window. Over a longer 

window of 41 trading days [−20, 20], companies earn 8.7%. The pre-announcement window 

[−20, −2] shows a positive and significant 6.2% CAR. This pre-announcement run-up may be 

explained by either leakage of information, or the actual announcements existing before the 

announcement we capture in our sample. In either scenario, both possibilities would bias our 

findings toward accepting the null hypothesis of no excess abnormal returns. The post-

announcement window [2, 20] shows a significant and negative CAR of −4.1% at the 1% level. 
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This implies that many of the companies in our sample have experienced some price reversal 

after the announcement. 

The CAR results vary significantly depending on firm size and the year of the 

announcement. The average CARs for the entire sample are driven by smaller firms (Categories 

1 and 2). During the event windows [−1, 1], [−5, 5], and [−20, 20], Category 1 firms earn 

significant CARs of 20.7%, 23.6%, and 38.9%, respectively. Although we observe positive 

and significant CARs for Category 2 firms for event windows [−1, 1] and [−5, 5], the 

magnitude is substantially lower compared to Category 1 firms, with 6.9% and 9.5%, 

respectively. The significant pre-announcement returns are driven by Category 1 firms, which 

experience a significant CAR of 23.1% in the trading days leading up to the announcement. 

Whilst the average CAR for all firm sizes is negative in the post-announcement trading 

window, only Category 2 firms have a significant CAR, at −9.0%. Similar to the abnormal 

returns on the event day, the larger firms in our sample experience trivial CARs for most event 

windows.  

Table 2.4: Cumulative Abnormal Return by Size and Year 
This table shows the cumulative abnormal return for a pre-announcement window [-20,-2], announcement 
windows [-1,1]; [-5,5]; and [-20,20], and post-announcement window [2, 20] for the entire sample, by size, and 
year. Firm size is measured by the market capitalisation (in USD) 30 days prior to the announcement. Category 1 
firms represent the smallest firm size quartile and Category 4 represents the largest quartile* p < 0.05, ** p < 0.01, 
*** p < 0.001  

[-20, -2] [-1, 1] [-5, 5] [-20, 20] [2, 20] 
All 0.062*** 0.066*** 0.078*** 0.087*** -0.041*** 

      
Size 

     

Category 1 0.231*** 0.207*** 0.236*** 0.389*** -0.049 
Category 2 0.054 0.069*** 0.095*** 0.033 -0.090*** 

Category 3 -0.020** 0.002 -0.002 -0.049** -0.031 
Category 4 -0.008 0.000 -0.004 -0.012 -0.004 
      
Year 

     

2016 -0.008 0.005 -0.004 -0.014 -0.011 
2017 0.132*** 0.106*** 0.163*** 0.281*** 0.043 
2018 0.024 0.046*** 0.031** -0.025 -0.095*** 

 
 

The trading windows by year show that companies making blockchain announcements in 

2017 earned significant and positive CARs, compared with those making announcements in 
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authors (e.g., Weld et al. 2009; Baker et al. 2009) highlight that share prices are actively 

managed by a firm to cater to investor preferences. Applying this to the cryptocurrency market, 

Aloosh and Ouzan (2019) show that return volatility falls at higher price levels. This finding 

motivates us to regress the event day abnormal returns and CARs around the announcement 

against the natural logarithm of bitcoin price 30 days prior to the announcement (BTC Price 

Lag30). Additionally, given the high volatility in bitcoin, we use 30-day past cumulative 

bitcoin returns (BTC CAR[−30, −1]) to proxy for investor attention toward blockchain.15 We 

use these variables to capture the past performance of and attention to Bitcoin, and we examine 

whether the abnormal returns identified earlier are associated with the market’s perception of 

Bitcoin. We control for the year effects with year dummies for 2017 and 2018, and the constant 

represents the base year 2016. We also control for the size effect by including the logarithm of 

market capitalisation 30 days prior to the announcement (Market Cap (log)). 

 

Columns 1 to 4 in Table 2.5 show the results for all firms, and those of Tables 2.6 and 2.7 

divide the sample into U.S. and non-U.S. firms, respectively. The variables of interest are the 

two bitcoin performance variables. In Table 2.5, we find that the 30-day past bitcoin price level 

and cumulative returns are positive and significant. These results support our earlier conjecture 

that higher abnormal returns occur when bitcoin has higher performance. The negative and 

significant coefficient of firm size (Market Cap (log)) further supports the finding that smaller 

firms exhibit larger reactions to blockchain announcements. The year dummy variable for 2017 

is insignificant, whilst the 2018 dummy is significantly negative in two of the event windows, 

relative to the 2016 base year. This is consistent with the expectation that a declining price 

level of bitcoin translates into lower abnormal company returns in 2018. 

 
15 In untabulated results, our results are unchanged when BTC Price Lag30 and BTC CAR [−30, −1] are included 
in separate regressions. 
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Table 2.5: OLS Regressions for Global Sample 
The table shows regression estimates for 3-, 11-, and 41-day cumulative abnormal returns and abnormal returns on the announcement day (AR0) over a sample of blockchain-
related listed firms between 2016 and 2018. Year 2017 and Year 2018 are dummies that are 1 if the announcement is made in 2017 and 2018, respectively, and 0 otherwise. 
The constant is the benchmark for 2016. Market Cap (log) is the natural logarithm of the firm market capitalization in USD 30 days prior to the announcement day. BTC Price 
(log) Lag 30 is the natural logarithm of the bitcoin price level 30 days prior to the announcement day. BTC CAR[-30, -1] is the cumulative bitcoin return 30 days prior to the 
announcement day. Non-Speculative is a dummy that takes the value of 1 if the announcement is non-speculative and 0 otherwise. US is a dummy if the firm is a U.S. firm and 
0 otherwise. Form 8K is a dummy that takes the value of 1 if the firm has made a blockchain related Form 8-K filing and 0 otherwise. Standard errors in parentheses* p < 0.05, 
** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 CAR 

[-1, 1] 
CAR 
[-5, 5] 

CAR 
[-20, 20] 

AR0 CAR 
[-1, 1] 

CAR 
[-5, 5] 

CAR 
[-20, 20] 

AR0 CAR 
[-1, 1] 

CAR 
[-5, 5] 

CAR 
[-20, 20] 

AR0 

Year 2017 -0.069 
(0.061) 

-0.068 
(0.077) 

-0.084 
(0.112) 

-0.063 
(0.050) 

-0.069 
(0.061) 

-0.068 
(0.077) 

-0.084 
(0.112) 

-0.063 
(0.050) 

-0.067 
(0.061) 

-0.066 
(0.077) 

-0.087 
(0.111) 

-0.062 
(0.050) 

Year 2018 -0.140 
(0.076) 

-0.209* 
(0.096) 

-0.450** 
(0.140) 

-0.085 
(0.063) 

-0.137 
(0.076) 

-0.206* 
(0.096) 

-0.447** 
(0.140) 

-0.083 
(0.063) 

-0.134 
(0.076) 

-0.203* 
(0.096) 

-0.453** 
(0.139) 

-0.081 
(0.063) 

Market Cap 
(log) 

-0.017*** 
(0.003) 

-0.019*** 
(0.004) 

-0.028*** 
(0.006) 

-0.010*** 
(0.002) 

-0.016*** 
(0.003) 

-0.018*** 
(0.004) 

-0.027*** 
(0.006) 

-0.010*** 
(0.002) 

-0.015*** 
(0.003) 

-0.017*** 
(0.004) 

-0.029*** 
(0.006) 

-0.009*** 
(0.003) 

US 0.087*** 
(0.022) 

0.079** 
(0.028) 

0.012 
(0.040) 

0.076*** 
(0.018) 

0.086*** 
(0.022) 

0.078** 
(0.028) 

0.010 
(0.040) 

0.075*** 
(0.018) 

0.068** 
(0.023) 

0.061* 
(0.029) 

0.040 
(0.043) 

0.064*** 
(0.019) 

BTC Price 
(log) Lag 30 

0.057** 
(0.021) 

0.084** 
(0.027) 

0.145*** 
(0.039) 

0.043* 
(0.018) 

0.055** 
(0.021) 

0.081** 
(0.027) 

0.142*** 
(0.039) 

0.042* 
(0.018) 

0.056** 
(0.021) 

0.082** 
(0.027) 

0.141*** 
(0.039) 

0.043* 
(0.018) 

BTC CAR[-
30, -1] 

0.133** 
(0.047) 

0.206*** 
(0.059) 

0.241** 
(0.086) 

0.139*** 
(0.039) 

0.128** 
(0.047) 

0.200*** 
(0.059) 

0.236** 
(0.086) 

0.136*** 
(0.039) 

0.125** 
(0.047) 

0.197*** 
(0.059) 

0.242** 
(0.086) 

0.134*** 
(0.039) 

Non-
Speculative 

    -0.051* 
(0.025) 

-0.064* 
(0.032) 

-0.058 
(0.046) 

-0.029 
(0.021) 

-0.053* 
(0.025) 

-0.066* 
(0.032) 

-0.054 
(0.046) 

-0.031 
(0.021) 

Form 8K         0.111* 
(0.049) 

0.101 
(0.062) 

-0.182* 
(0.089) 

0.069 
(0.040) 

Constant -0.025 
(0.186) 

-0.158 
(0.235) 

-0.330 
(0.342) 

-0.086 
(0.153) 

-0.007 
(0.186) 

-0.135 
(0.235) 

-0.309 
(0.342) 

-0.076 
(0.153) 

-0.041 
(0.186) 

-0.166 
(0.236) 

-0.253 
(0.342) 

-0.096 
(0.153) 

Observations 713 713 713 713 713 713 713 713 713 713 713 713 
Adjusted R2 0.124 0.134 0.163 0.100 0.128 0.138 0.163 0.101 0.133 0.140 0.167 0.103 
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The U.S. dummy variable is significantly positive in Columns 1, 2 and 4, which suggests 

U.S. listed firms experience higher abnormal returns on the announcement day compared to 

non-U.S. companies. In Table 2.6, we find that past bitcoin returns, and the price level are 

significant for U.S. firms. Similar to the global sample, larger firms tend to experience lower 

CARs and event day returns. We do not find significant differences across years. For the non-

U.S. sample in Table 2.7, the performance of bitcoin is not persistent across different event 

windows or on the event day. Specifically, we find that significance in cumulative bitcoin 

returns only exists for the [−5, 5] event window, and the lagged bitcoin price for the [−20, 20] 

window. The firm size effect and year dummies yield similar results as the U.S. sample, except 

for significantly lower returns in 2018 in the 41-day trading window. 

It is interesting to document that past bitcoin returns and price levels play a more important 

role in explaining abnormal returns for the U.S. sample compared to the non-U.S. sample. 

These results complement the findings by Cheng et al. (2019), showing that companies benefit 

from significant and positive buy-and-hold returns when bitcoin returns are high, whilst 

exploring the relationship in an international setting. Although there is no a priori reason as to 

why bitcoin performance would play a larger role for U.S. firms compared to the rest of the 

world, we suspect that regulation and acceptance of blockchain and cryptocurrencies are more 

coherent for U.S. firms, and more heterogeneous for the non-U.S. sample that aggregates firms 

across continents. This highlights a contentious regulatory issue regarding decentralised and 

borderless systems. Whilst some countries have embraced Bitcoin and other cryptocurrencies, 

others have proceeded with caution or even prohibited them entirely. 
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Table 2.6: OLS Regressions for U.S. Sample 
The table shows regression estimates for 3-, 11-, and 41-day cumulative abnormal returns, and abnormal returns on the announcement day (AR0) over a sample of blockchain-
related listed firms between 2016 and 2018. Year 2017 and Year 2018 are dummies that are 1 if the announcement is made in 2017 and 2018, respectively, and 0 otherwise. 
The constant is the benchmark for 2016. Market Cap (log) is the natural logarithm of the market capitalization in USD 30 days prior to the announcement day. BTC Price (log) 
Lag 30 is the natural logarithm of the bitcoin price level 30 days prior to the announcement day. BTC CAR[-30, -1] is the cumulative bitcoin return 30 days prior to the 
announcement day. Non-Speculative is a dummy that takes the value of 1 if the announcement is non-speculative and 0 otherwise. Form 8K is a dummy that takes the value of 
1 if the firm has made a blockchain related Form 8-K filing and 0 otherwise. Standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 CAR 

[-1, 1] 
CAR 
[-5, 5] 

CAR 
[-20, 20] 

AR0 CAR 
[-1, 1] 

CAR 
[-5, 5] 

CAR 
[-20, 20] 

AR0 CAR 
[-1, 1] 

CAR 
[-5, 5] 

CAR 
[-20, 20] 

AR0 

Year 2017 -0.207 
(0.136) 

-0.164 
(0.158) 

-0.185 
(0.208) 

-0.213 
(0.116) 

-0.198 
(0.136) 

-0.153 
(0.157) 

-0.184 
(0.208) 

-0.207 
(0.115) 

-0.191 
(0.136) 

-0.146 
(0.157) 

-0.203 
(0.208) 

-0.204 
(0.116) 

Year 2018 -0.231 
(0.172) 

-0.350 
(0.199) 

-0.465 
(0.262) 

-0.169 
(0.145) 

-0.217 
(0.171) 

-0.333 
(0.197) 

-0.464 
(0.262) 

-0.160 
(0.145) 

-0.208 
(0.171) 

-0.323 
(0.198) 

-0.486 
(0.261) 

-0.156 
(0.145) 

Market Cap 
(log) 

-0.023*** 
(0.007) 

-0.022** 
(0.008) 

-0.024* 
(0.010) 

-0.016** 
(0.006) 

-0.023*** 
(0.007) 

-0.022** 
(0.008) 

-0.024* 
(0.010) 

-0.016** 
(0.006) 

-0.021** 
(0.007) 

-0.020* 
(0.008) 

-0.030** 
(0.010) 

-0.015* 
(0.006) 

BTC Price 
(log) Lag 30 

0.108* 
(0.049) 

0.142* 
(0.057) 

0.160* 
(0.075) 

0.094* 
(0.042) 

0.102* 
(0.049) 

0.135* 
(0.057) 

0.160* 
(0.075) 

0.090* 
(0.042) 

0.103* 
(0.049) 

0.136* 
(0.057) 

0.158* 
(0.075) 

0.091* 
(0.042) 

BTC CAR[-30, 
-1] 

0.322** 
(0.111) 

0.270* 
(0.128) 

0.421* 
(0.169) 

0.344*** 
(0.094) 

0.319** 
(0.110) 

0.267* 
(0.128) 

0.420* 
(0.170) 

0.342*** 
(0.094) 

0.307** 
(0.111) 

0.255* 
(0.128) 

0.450** 
(0.170) 

0.337*** 
(0.094) 

Non-
Speculative 

    -0.121* 
(0.061) 

-0.153* 
(0.070) 

-0.012 
(0.093) 

-0.079 
(0.052) 

-0.123* 
(0.061) 

-0.155* 
(0.070) 

-0.007 
(0.093) 

-0.080 
(0.052) 

Form 8K         0.079 
(0.071) 

0.081 
(0.082) 

-0.196 
(0.109) 

0.036 
(0.060) 

Constant -0.170 
(0.426) 

-0.415 
(0.492) 

-0.492 
(0.648) 

-0.251 
(0.360) 

-0.108 
(0.424) 

-0.337 
(0.490) 

-0.486 
(0.651) 

-0.210 
(0.360) 

-0.175 
(0.428) 

-0.405 
(0.495) 

-0.321 
(0.655) 

-0.241 
(0.364) 

Observations 247 247 247 247 247 247 247 247 247 247 247 247 
Adjusted R2 0.127 0.120 0.124 0.121 0.137 0.134 0.121 0.126 0.138 0.134 0.129 0.124 
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Table 2.7: OLS Regressions for non-U.S. Sample 
The table shows regression estimates for 3-, 11-, and 41-day cumulative abnormal returns, and abnormal returns on the announcement day (AR0) over a sample of 
blockchain-related listed firms between 2016 and 2018. Year 2017 and Year 2018 are dummies that are 1 if the announcement is made in 2017 and 2018, respectively, and 0 
otherwise. The constant is the benchmark for 2016. Market Cap (log) is the natural logarithm of the market capitalization in USD 30 days prior to the announcement day. 
BTC Price (log) Lag 30 is the natural logarithm of the bitcoin price level 30 days prior to the announcement day. BTC CAR[-30, -1] is the cumulative bitcoin return 30 days 
prior to the announcement day. Non-Speculative is a dummy that takes the value of 1 if the announcement is non-speculative and 0 otherwise. Standard errors in parentheses. 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 CAR[-1, 1] CAR[-5, 5] CAR[-20, 20] AR0 CAR[-1, 1] CAR[-5, 5] CAR[-20, 20] AR0 
Year 2017 -0.015 

(0.053) 
-0.027 
(0.081) 

-0.017 
(0.131) 

-0.002 
(0.039) 

-0.017 
(0.053) 

-0.029 
(0.081) 

-0.022 
(0.130) 

-0.003 
(0.039) 

Year 2018 -0.096 
(0.066) 

-0.135 
(0.100) 

-0.428** 
(0.162) 

-0.043 
(0.048) 

-0.096 
(0.066) 

-0.135 
(0.100) 

-0.431** 
(0.162) 

-0.043 
(0.048) 

Market Cap (log) -0.014*** 
(0.003) 

-0.017*** 
(0.004) 

-0.033*** 
(0.007) 

-0.007*** 
(0.002) 

-0.013*** 
(0.003) 

-0.016*** 
(0.004) 

-0.031*** 
(0.007) 

-0.007*** 
(0.002) 

BTC Price (log) Lag 30 0.029 
(0.018) 

0.051 
(0.027) 

0.133** 
(0.044) 

0.014 
(0.013) 

0.028 
(0.018) 

0.050 
(0.027) 

0.130** 
(0.044) 

0.014 
(0.013) 

BTC CAR[-30, -1] 0.050 
(0.039) 

0.184** 
(0.060) 

0.132 
(0.097) 

0.046 
(0.029) 

0.047 
(0.039) 

0.182** 
(0.060) 

0.125 
(0.097) 

0.044 
(0.029) 

Non-Speculative     -0.026 
(0.021) 

-0.027 
(0.032) 

-0.079 
(0.051) 

-0.014 
(0.015) 

Constant 0.115 
(0.159) 

0.024 
(0.243) 

-0.162 
(0.393) 

0.070 
(0.117) 

0.121 
(0.159) 

0.029 
(0.243) 

-0.146 
(0.393) 

0.073 
(0.117) 

Observations 466 466 466 466 466 466 466 466 
Adjusted R2 0.111 0.130 0.191 0.071 0.113 0.129 0.194 0.070 
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2.5 Categorising announcements 
 

In this section, we attempt to identify whether the market response to these announcements 

differs depending on companies’ commitments to blockchain. We define Non-Speculative as a 

dummy variable that takes the value of one for headlines classified as non-speculative, and 

zero otherwise. As discussed in Section 2.4.1, speculative (non-speculative) headlines indicate 

a lower (greater) level of commitment to investing in the technology. This classification gives 

us 551 speculative and 162 non-speculative announcements. In Figure 2.1, we showed the 

monthly announcement frequency by the speculative nature of announcements. If the interest 

in blockchain were driven by a latent variable, one might expect a continuation in companies’ 

excitement toward blockchain, assuming that the costs of these announcements are relatively 

low. However, speculative and non-speculative announcements simultaneously fall in 

frequency in early 2018. 

Columns 5 to 8 in Tables 2.5 to 2.7 include the results for non-speculative headlines. For 

the entire sample (Table 2.5), we find that the coefficient is negative and significant at the 5% 

level for the 3-day and 11-day announcement windows. This suggests that non-speculative 

headlines earn lower returns compared to speculative headlines. This is consistent with the 

results of Cheng et al. (2019), who find that speculative filings experience higher returns than 

non-speculative ones. Comparing U.S. (Table 2.6) with non-U.S. (Table 2.7) samples shows 

that significance of the non-speculative variable is driven by the U.S. sample, as no significance 

is found for the international companies. It is possible that speculative announcements are more 

surprising to the market, whilst stronger commitments to blockchain investment (non-

speculative) may have been partially anticipated via other information channels.  

Additional to categorising announcements as speculative or non-speculative, we search for 

company Form 8-K filings within our sample between 2009 and 2018 and use the same search 
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terms as Cheng et al. (2019) to identify blockchain-related filings.16 In Columns 9 to 12 in 

Table 2.5, the Form 8-K dummy is significant and positive for the 3-day CAR. The results 

suggest U.S firms with Form 8-K filings earn higher returns compared to both U.S. firms that 

do not have similar filings and non-U.S. firms. Additionally, we find that for the 41-day trading 

window, the coefficient for the Form 8-K dummy is negative and significant, as well as that 

for the year 2018 dummy. The results indicate that the price reversal is even more pronounced 

for firms that have Form 8-K filings. 

 

2.6 Company and bitcoin correlations 
 

Since our sample only captures one large price movement in 2017 and 2018, a third 

explanation is that the positive relationship between bitcoin price and company abnormal 

returns may be due to some latent variable. Although an exogenous shock would be ideal to 

establish a causal relationship to blockchain from the market’s perception of bitcoin, we are 

unable to identify a single shock to the bitcoin market that is not entangled or overlapping with 

another proximate shock. We find the excessive volatility in bitcoin and the small number of 

firm announcements existing around an ideal shock to bitcoin too constraining for a meaningful 

analysis.17 In its place, we investigate the pre- and post-announcement correlation between 

company returns and bitcoin returns. If the market confuses bitcoin with blockchain, or uses 

bitcoin as a benchmark to judge blockchain’s success, then we expect to see an increase in the 

correlation between company returns and bitcoin returns between the pre- and post-

announcement period. For this, we are not concerned about the earnings announcements around 

the event day, and therefore use the sample containing 754 company announcements. 

 
 

 
16 The search terms are blockchain, bitcoin, and cryptocurrency(ies). In contrast to Cheng et al. (2019), we are 
only able to identify 46 companies that made a Form 8-K filing in our U.S. sample from 2009 to 2018.  
17 We provide more detail in Appendix A2.2 
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Table 2.8 shows descriptive statistics for the difference in pre- and post-announcement 

correlation between company returns and bitcoin returns. In Panel A, we find that, on average, 

the change in correlation between pre- and post-announcements is 4.6% and is significant at 

the 0.1% level. The average increase in correlation between company and bitcoin returns post-

announcement suggests that these companies’ price movements become more associated with 

bitcoin returns. In Panels B and C, we show the change in correlation for companies in the top 

(Large Quartile) and bottom (Small Quartile) 25th percentiles, respectively, by market 

capitalisation. We find that larger companies have a larger change in correlation (6.6%) 

compared with smaller companies in our sample (3.7%). We recognise that whilst this result is 

statistically significant, the economic implications are not necessarily impactful. Given the 

uncertainty of the new technology, it is unlikely that the majority of companies would abandon 

their existing operations entirely in pursuit of blockchain technology. 

Table 2.8: Pre- and post-announcement correlation 
This table shows the change in pre- and post-correlation between company returns and bitcoin returns. Pre-
correlation is calculated as the correlation between company returns and bitcoin returns from the beginning of our 
sample to the announcement date. Post-announcement correlation is calculated as the correlation between 
company returns and bitcoin returns after the announcement to the end of 2018. Panel A shows the change in 
correlation across the entire sample. Panel B and C show the change in correlation for companies in the top (Large 
Size Quartile) and bottom (Small Size Quartile) 25th percentile by market capitalization, respectively. Standard 
errors in parentheses * p < 0.05, ** p < 0.01, *** p < 0.001 

Panel A: All  Obs Mean Median Std. Min. Max. 
Before 754 -1.1% -1.0% 4.9% -21.8% 22.8% 
After 754 3.5% 2.8% 8.0% -32.0% 42.3% 
Mean Equality Test       
After - Before  4.6%***     
(t-stat)  (13.40)     
Panel B: Large Quartile Obs Mean Median Std. Min. Max. 
Before 192 -2.9% -2.8% 5.2% -21.8% 12.3% 
After 192 3.7% 3.8% 6.6% -29.9% 21.6% 
Mean Equality Test       
After - Before  6.6%***     
(t-stat)  (10.78)     
Panel C: Small Quartile Obs Mean Median Std. Min. Max. 
Before 184 0.3% 0.3% 0.4% -11.4% 22.8% 
After 184 4.0% 3.3% 9.1% -25.0% 40.6% 
Mean Equality Test       
After - Before  3.7%***     
(t-stat)  (5.00)     
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In Table 2.9, we investigate what drives the change in correlation. The dependent variable 

is the difference between the pre- and post-announcement correlations. The variables of interest 

are the number of blockchain-related news headlines for each company and company size 

(Market Cap (log)). We expect that continuous media coverage of a company reminds the 

market of its interest in blockchain. Therefore, the greater level of media coverage of a 

company’s involvement in blockchain, the larger the change in correlation between pre- and 

post-announcement windows. We control for the year difference and whether the company is 

listed in the U.S. In Column 4, the size coefficient is positive and significant at the 5% level. 

This implies larger companies have a higher increase in correlation post-announcement. We 

find this result intriguing. One plausible explanation is that a typical small company that had a 

solid plan for investing in blockchain technology could already be well correlated with bitcoin 

return before the announcement, ceteris paribus. The change, if any, in the correlation with 

bitcoin after the announcement could thus be minimal. The frequency of blockchain-related 

news is significantly positive at the 0.1% level. This suggests that the more frequent the news 

coverage about a company’s blockchain-related activities, the more it is correlated with the 

return of bitcoin. Given that larger firms typically have greater media coverage, in Columns 5 

and 6, we interact the news count with firm size. We find that the coefficient is insignificant, 

which suggests there is no asymmetric effect between size and news count. The 2018 year 

dummy has a negative coefficient compared with the benchmark year 2016. This is in line with 

our previous findings regarding the persistent fall in bitcoin price in 2018. A close examination 

of announcement dates in relation to the dimension of company size provides a possible 

explanation. More announcements are made by larger companies towards the beginning of our 

sample, which suggests that smaller companies tend to follow the industry leaders. If one of 

the goals is to ride the hype in bitcoin, there is a diminishing correlation effect for latecomers.   
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Table 2.9: What drives the change in correlation? 
This table shows the drivers of change in correlation. The dependent variable is estimated as the difference 
between the post- and pre-announcement correlation. Market Cap (log) is the natural logarithm of the market 
capitalization in USD 30 days prior to the announcement. Year 2017 and Year 2018 are dummies that are 1 if the 
year is 2017 and 2018, respectively, and 0 otherwise. The constant is the benchmark for 2016. U.S. is a dummy 
that is 1 for U.S. firms and 0 otherwise. News Count (log) is the natural logarithm of company blockchain-related 
articles post-announcements. Standard errors in parentheses * p < 0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) 
 Change in 

Correlation 
Change in 
Correlation 

Change in 
Correlation 

Change in 
Correlation 

Change in 
Correlation 

Change in 
Correlation 

Market Cap 
(log) 

0.002* 
(0.001) 

0.002* 
(0.001) 

0.002** 
(0.001) 

0.002* 
(0.001) 

0.005** 
(0.002) 

0.005* 
(0.002) 

Year 2017 -0.019 
(0.017) 

-0.019 
(0.017) 

-0.015 
(0.017) 

-0.016 
(0.017) 

-0.020 
(0.017) 

-0.020 
(0.017) 

Year 2018 -0.050** 
(0.017) 

-0.051** 
(0.017) 

-0.040* 
(0.017) 

-0.040* 
(0.017) 

-0.045** 
(0.017) 

-0.044* 
(0.017) 

US  
 

-0.006 
(0.007) 

 
 

-0.010 
(0.007) 

 
 

-0.008 
(0.007) 

News Count 
(log) 

 
 

 
 

0.007*** 
(0.002) 

0.008*** 
(0.002) 

0.027* 
(0.011) 

0.025* 
(0.011) 

Market Cap 
(log) × News 
Count (log) 

 
 

 
 

 
 

 
 

-0.001 
(0.001) 

-0.001 
(0.001) 

Constant 0.042 
(0.026) 

0.045 
(0.026) 

0.010 
(0.027) 

0.013 
(0.027) 

-0.049 
(0.042) 

-0.039 
(0.043) 

Observations 744 744 744 744 744 744 
Adjusted R2 0.041 0.041 0.056 0.057 0.059 0.059 

 

2.7 Fama-French Factors 
 

In previous sections, our regression analysis showed that the size of the firm  and the bitcoin 

price level at the time of the announcements played an important role in explaining CARs 

spanning various windows. Are these abnormal returns around the event window due to 

common factor exposures? In other words, would an investment in all blockchain-related 

stocks before the blockchain hype yield excess returns? 

 

To answer these questions, we form a range of equally weighted buy-and-hold portfolios 

and examine the daily excess portfolio returns on the five factors proposed by Fama and French 

(2015), as well as bitcoin daily returns. These portfolios include: (i) a U.S. portfolio containing 

all U.S. listed firms that have made blockchain-related announcements during 2016 to 2018; 

(ii) a global non-U.S. portfolio containing an international sample of blockchain-related listed 

firms; (iii) yearly portfolios containing yearly subsamples of U.S. and global non-U.S. 
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portfolios; and (iv) size quartile portfolios containing subsamples of U.S. and global non-U.S. 

portfolios that are sorted according to the market capitalisation of each firm.  

 

Table 2.10 reports the time-series regression results for the U.S. portfolio by year. In 

Column 1, the alpha of the entire sample is positive and significant at the 5% level. The alpha 

earned from a buy-and-hold strategy from January 2016 to July 2018 is large, however, it is 

likely attributed to the smallest firms in our sample. On the yearly subsample portfolio, the 

alpha is positive and significant at the 1% level in 2017, and positive and significant at the 

0.1% level in 2018. The alpha of the 2016 portfolio remains positive but is not statistically 

significant at any level. It is important to point out that the low adjusted R2s across all portfolios 

imply that a significant proportion of risk-adjusted returns remains unexplained by the FF 

factors. The varying significance levels of the alphas suggest that as the bitcoin price trajectory 

attracted more attention from investors in 2017, holding a portfolio of these blockchain-related 

stocks could be a strategy to yield excess returns. The lower alpha in 2018 coincides with the 

downward trend in the bitcoin price.  

Table 2.10: U.S. portfolio excess returns (Fama-French 5-factor models) by year 
The table shows regression estimates for daily net investment returns for a sample of blockchain-related listed 
firms between 2016 and 2018 using the standard Fama-French (FF) 5-factor model. The dependent variable is the 
daily excess return from an equally weighted portfolio. We report a U.S. portfolio that contains blockchain-related 
firms listed in U.S. FF factors are standard U.S. factors using CRSP data. Standard errors in parentheses * p < 
0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 All 2016 2017 2018 All 2016 2017 2018 
Rm - Rf 0.367 

(1.206) 
-0.187 
(3.728) 

-1.298 
(1.666) 

0.539 
(0.282) 

0.352 
(1.208) 

-0.194 
(3.742) 

-1.292 
(1.669) 

0.514 
(0.283) 

Small - Big -0.211 
(1.859) 

-1.110 
(5.343) 

0.642 
(1.634) 

0.838 
(0.530) 

-0.234 
(1.862) 

-1.095 
(5.379) 

0.613 
(1.641) 

0.820 
(0.530) 

High - Low -1.919 
(2.158) 

-2.509 
(6.177) 

-3.669* 
(1.591) 

0.708 
(0.655) 

-1.924 
(2.160) 

-2.516 
(6.194) 

-3.653* 
(1.596) 

0.643 
(0.660) 

Robust - Weak -0.872 
(2.751) 

-3.377 
(7.408) 

0.542 
(2.278) 

0.619 
(0.761) 

-0.883 
(2.753) 

-3.381 
(7.425) 

0.521 
(2.284) 

0.623 
(0.762) 

Conservative - Aggressive 4.326 
(3.363) 

7.130 
(9.455) 

7.528** 
(2.432) 

-2.049* 
(0.995) 

4.331 
(3.365) 

7.137 
(9.477) 

7.497** 
(2.439) 

-1.978* 
(0.998) 

Bitcoin Return  
 

 
 

 
 

 
 

0.066 
(0.212) 

-0.030 
(1.047) 

0.032 
(0.124) 

0.051 
(0.057) 

Constant 2.196* 
(0.926) 

3.754 
(2.729) 

2.225** 
(0.669) 

0.963*** 
(0.266) 

2.178* 
(0.928) 

3.760 
(2.743) 

2.192** 
(0.683) 

0.977*** 
(0.267) 

Observations 754 252 251 251 754 252 251 251 
Adjusted R2 -0.004 -0.017 0.027 0.038 -0.006 -0.021 0.023 0.037 
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In Columns 5 to 8, we add bitcoin return as an additional factor to explain the portfolio 

returns. Across all samples, bitcoin returns are positive, albeit insignificant, in 2017 and 2018. 

This may be due to the market’s reliance on a relatively longer-run performance to benchmark 

the systematic adoption of blockchain technology given bitcoin’s excessive volatility.  

The time-varying alphas are not necessarily the same in an international setting. To test this 

conjecture, we run time-series FF5 regressions of global non-U.S. portfolios by year. The daily 

FF factors are Global ex U.S. factors, which are available from Kenneth French’s website. The 

results are reported in Table 2.11 and show a significant positive alpha at the 0.1% level for 

the entire sample. The alpha in 2017 also remains significantly positive. The difference lies in 

the result for 2016 and 2018. In contrast to our findings in the U.S. portfolio, the 2016 portfolio 

outperforms the global non-U.S. market with a significantly positive alpha (at the 0.1% level), 

whereas the 2018 portfolio does not show any significant outperformance. Furthermore, the 

prior two years have a larger alpha compared with the 2018 portfolio. We suspect the 

contrasting findings in 2018 could be predominantly driven by a relative over-representation 

of news announcements made in the U.S. in recent periods.  

Table 2.11: Non-U.S. portfolio excess returns (Fama-French 5-factor models) by year 
The table shows regression estimates for daily net investment returns for a sample of blockchain-related listed 
firms between 2016 and 2018 using the standard Fama-French (FF) 5-factor model. The dependent variable is the 
daily excess return from an equally weighted portfolio. We report a U.S. portfolio that contains blockchain-related 
firms listed in U.S. FF factors are standard U.S. factors using CRSP data. Standard errors in parentheses * p < 
0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 All 2016 2017 2018 All 2016 2017 2018 
Rm - Rf 0.508*** 

(0.033) 
0.426*** 
(0.050) 

0.319*** 
(0.077) 

0.621*** 
(0.056) 

0.511*** 
(0.033) 

0.420*** 
(0.051) 

0.321*** 
(0.077) 

0.615*** 
(0.054) 

Small - Big 0.152* 
(0.063) 

0.086 
(0.089) 

-0.184 
(0.138) 

0.271* 
(0.124) 

0.154* 
(0.062) 

0.086 
(0.089) 

-0.180 
(0.138) 

0.293* 
(0.119) 

High - Low -0.131 
(0.115) 

0.244 
(0.165) 

-0.223 
(0.230) 

-0.690** 
(0.249) 

-0.131 
(0.114) 

0.247 
(0.165) 

-0.229 
(0.230) 

-0.640** 
(0.238) 

Robust - 
Weak 

-0.583*** 
(0.163) 

-0.126 
(0.239) 

-0.814** 
(0.305) 

-1.225*** 
(0.322) 

-0.585*** 
(0.162) 

-0.128 
(0.239) 

-0.822** 
(0.306) 

-1.132*** 
(0.308) 

Conservative 
- Aggressive 

-0.433*** 
(0.130) 

-0.533** 
(0.181) 

-0.542 
(0.299) 

-0.306 
(0.318) 

-0.438*** 
(0.130) 

-0.514** 
(0.182) 

-0.527 
(0.300) 

-0.314 
(0.303) 

Bitcoin 
Return 

 
 

 
 

 
 

 
 

0.016** 
(0.005) 

-0.014 
(0.014) 

0.004 
(0.006) 

0.035*** 
(0.008) 

Constant 0.193*** 
(0.021) 

0.235*** 
(0.036) 

0.317*** 
(0.033) 

0.020 
(0.036) 

0.188*** 
(0.021) 

0.237*** 
(0.036) 

0.313*** 
(0.033) 

0.028 
(0.034) 

Observations 738 260 260 218 738 260 260 218 
Adjusted R2 0.313 0.396 0.102 0.404 0.322 0.396 0.100 0.456 
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Introducing bitcoin return in Columns 5 to 8, we find that it is a significant factor across the 

entire sample at the 1% level and is driven by the year 2018, where the bitcoin return factor is 

positive and significant at the 0.1% level. It should also be noted that in 2018, the alpha is no 

longer significant. Whilst these results differ from the U.S. sample, we recognise that the alpha 

is highest in 2017, when bitcoin was reaching its peak. 

 

Another interesting aspect of the time-series study is to analyse the outperformance by firm 

size. We present the results of U.S. and global non-U.S. portfolios in Tables 2.12 and 2.13, 

respectively. For U.S. portfolios, Columns 1 to 4 of Table 2.12 document significantly positive 

alphas for the first three quartiles, with a decreasing trend as the size category advances. In 

particular, the portfolio with the largest firms does not show any statistically significant 

outperformance. In Columns 5 to 8, we introduce bitcoin return and find that it is insignificant.  

Similar findings are presented in Table 2.13 for the non-U.S. portfolio; however, only 

smaller firms (Categories 1 and 2) exhibit significant alphas. There is a decreasing trend in the 

magnitude of alphas as the average market capitalisation of the portfolio increases – i.e., only 

the portfolios consisting of blockchain-related companies with below-median market 

capitalisation show a significant outperformance. Overall, these results confirm that the size of 

the firm is an important variable to explain the variation in CARs. In Column 5, the bitcoin 

return factor is positive and significant at the 0.1% level for the smallest firms in our sample. 

This is consistent with the loading observed on bitcoin for non-U.S. markets in Table 2.11. 
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Table 2.12: U.S. portfolio excess returns (Fama-French 5-factor models) by size category 
The table shows regression estimates for daily net investment returns for a sample of blockchain-related listed 
firms between 2016 and 2018 using the standard Fama-French (FF) 5-factor model. The dependent variable is the 
daily excess return from an equally weighted portfolio. Category 1 represent the smallest firm quartile measured 
by market capitalization 30 days prior to the announcement. Category 4 represent the largest firm quartile. We 
report a U.S. portfolio that contains blockchain-related firms listed in U.S. FF factors are standard U.S. factors 
using CRSP data. Standard errors in parentheses * p < 0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Category 

1 
Category 

2 
Category 

3 
Category 

4 
Category 

1 
Category 

2 
Category 

3 
Category 

4 
Rm - Rf -0.841 

(4.735) 
0.431 

(0.258) 
0.859*** 
(0.084) 

1.047*** 
(0.009) 

-0.882 
(4.742) 

0.412 
(0.258) 

0.857*** 
(0.084) 

1.047*** 
(0.009) 

Small - Big -1.588 
(7.296) 

0.440 
(0.398) 

0.466*** 
(0.130) 

-0.042** 
(0.014) 

-1.646 
(7.307) 

0.414 
(0.397) 

0.463*** 
(0.130) 

-0.043** 
(0.014) 

High - Low -7.526 
(8.470) 

0.069 
(0.462) 

-0.271 
(0.151) 

0.081*** 
(0.016) 

-7.540 
(8.476) 

0.063 
(0.461) 

-0.271 
(0.151) 

0.080*** 
(0.016) 

Robust - 
Weak 

-3.387 
(10.798) 

0.009 
(0.589) 

-0.082 
(0.192) 

0.002 
(0.020) 

-3.417 
(10.806) 

-0.004 
(0.588) 

-0.083 
(0.192) 

0.002 
(0.020) 

Conservative 
- Aggressive 

17.192 
(13.198) 

-0.121 
(0.719) 

0.307 
(0.235) 

-0.197*** 
(0.025) 

17.204 
(13.206) 

-0.115 
(0.718) 

0.307 
(0.235) 

-0.197*** 
(0.025) 

Bitcoin 
Return 

 
 

 
 

 
 

 
 

0.173 
(0.833) 

0.078 
(0.045) 

0.007 
(0.015) 

0.001 
(0.002) 

Constant 7.554* 
(3.633) 

0.875*** 
(0.198) 

0.226*** 
(0.065) 

0.007 
(0.007) 

7.507* 
(3.642) 

0.854*** 
(0.198) 

0.224*** 
(0.065) 

0.007 
(0.007) 

Observations 754 754 754 754 754 754 754 754 
Adjusted R2 -0.004 0.001 0.167 0.959 -0.005 0.003 0.166 0.959 

 

Table 2.13: Non-U.S. portfolio excess returns (5 factor models) by size category 
The table shows regression estimates for daily net investment returns for a sample of blockchain-related listed 
firms between 2016 and 2018 using the standard Fama-French (FF) 5-factor model. The dependent variable is the 
daily excess return from an equally weighted portfolio. Category 1 represent the smallest firm quartile measured 
by market capitalization 30 days prior to the announcement. Category 4 represent the largest firm quartile. We 
report a Global non-U.S. portfolio that contains all non-U.S. listed firms from our blockchain-related firms 
sample. FF factors are Global ex U.S. factors. Standard errors in parentheses * p < 0.05, ** p < 0.01, *** p < 0.001 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Category 

1 
Category 

2 
Category 

3 
Category 

4 
Category 

1 
Category 

2 
Category 

3 
Category 

4 
Rm - Rf 0.211* 

(0.103) 
0.514*** 
(0.056) 

0.645*** 
(0.024) 

0.634*** 
(0.020) 

0.222* 
(0.102) 

0.515*** 
(0.056) 

0.646*** 
(0.024) 

0.633*** 
(0.020) 

Small - Big 0.279 
(0.193) 

0.533*** 
(0.106) 

0.294*** 
(0.045) 

-0.438*** 
(0.037) 

0.287 
(0.191) 

0.534*** 
(0.106) 

0.295*** 
(0.045) 

-0.438*** 
(0.037) 

High - Low -0.468 
(0.353) 

-0.422* 
(0.194) 

-0.023 
(0.083) 

0.319*** 
(0.068) 

-0.466 
(0.350) 

-0.422* 
(0.194) 

-0.023 
(0.083) 

0.319*** 
(0.068) 

Robust - 
Weak 

-0.849 
(0.501) 

-0.816** 
(0.275) 

-0.441*** 
(0.118) 

-0.277** 
(0.097) 

-0.858 
(0.497) 

-0.817** 
(0.275) 

-0.441*** 
(0.118) 

-0.277** 
(0.097) 

Conservative 
- Aggressive 

-0.271 
(0.400) 

-0.225 
(0.220) 

-0.535*** 
(0.094) 

-0.645*** 
(0.077) 

-0.289 
(0.397) 

-0.227 
(0.220) 

-0.536*** 
(0.094) 

-0.645*** 
(0.077) 

Bitcoin 
Return 

 
 

 
 

 
 

 
 

0.058*** 
(0.015) 

0.005 
(0.008) 

0.004 
(0.003) 

-0.000 
(0.003) 

Constant 0.537*** 
(0.063) 

0.242*** 
(0.035) 

0.015 
(0.015) 

0.019 
(0.012) 

0.518*** 
(0.063) 

0.240*** 
(0.035) 

0.014 
(0.015) 

0.020 
(0.012) 

Observations 738 738 738 738 738 738 738 738 
Adjusted R2 0.005 0.120 0.570 0.771 0.023 0.120 0.571 0.771 
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Overall, bitcoin returns do not appear to explain longer-term portfolio returns. We find this 

result unsurprising given that Baur, Hong, and Lee (2018) show that bitcoin resembles a 

speculative asset and that it is uncorrelated with other asset classes such as equities.18 We 

acknowledge that our findings contrast with those observed by Cheng et al. (2019), and we 

discuss a number of factors that may contribute to the difference. Our sample uses media 

headlines that include a wide degree of blockchain engagement. It is possible that the sample 

used by Cheng et al. (2019) captures firms that show more resolve in adopting the new 

technology given that they focus on Form 8-K filings. This would suggest any long-term 

relationship between bitcoin and company returns may be weak in our sample if companies 

only share a short-term interest in the subject. Cheng et al. (2019) construct a ‘speculative’ and 

an ‘existing’ portfolio of U.S. firms that have made an 8-K filing related to blockchain 

development between 2013 and 2018. This results in a total of 56 (26) firms in the speculative 

(established) portfolio. As their portfolio is constructed by including firms from the 

corresponding 8-K filing date, they focus more on the average exposure to bitcoin return once 

the intention is publicly revealed. It is important to note that due to their construction method, 

the number of underlying stocks in the equal-weighted speculative (existing) portfolio ranges 

between 1 and 23 from 2015 to 2017 (2 and 27 from 2013 to 2017), with an additional 33 (9) 

companies added in 2018 alone. In our investigation of U.S. firms that made similar 8-K filings, 

we were unable to identify the same number of U.S. firms with blockchain-related 8-K filings, 

nor could we confirm the exact composition in the 8-K sample. 

It is important to note that Cheng et al. (2019) consider a Fama–French three-factor model. 

In untabulated results using the same settings as Cheng et al. (2019), there is no material change 

in our main findings. The estimates in Table 2.9 support our hypothesis that greater media 

 
18 The significant alphas we observe may be attributable to daily bitcoin returns being unable to capture the 
market’s perception of its performance, given its excessive volatility (see, for example, Bolt and Oordt, 2019; 
Guesmi et al., 2019; Yermack, 2015). The significant alpha may capture a latent factor, since the benefits of 
financial technologies to adopting firms may take time to materialise (see Chen and Srinivasan, 2019). 
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coverage updates the market on a company’s interest in the technology. Therefore, companies 

with higher blockchain-related media coverage are expected to have a greater association with 

bitcoin performance. As shown in Appendix A2.3, we categorised our sample of companies 

with Form 8-K filings by media coverage19 and found that bitcoin returns were significant 

(insignificant) for companies with high (low) media coverage. This further supports our 

hypothesis and suggests that Cheng et al. (2019)’s sample may capture companies with stronger 

media coverage.20 

 

2.8 Conclusion 
 

How does the market respond to companies embracing a revolutionary technology? Whilst 

previous literature investigates the market reaction to companies signalling their involvement 

in the Internet, our paper explores companies that signal an intention to engage in another, 

potentially revolutionary technology – blockchain. Since cryptocurrencies are tradable assets 

based on the blockchain technology, their market valuations are readily observable, while the 

market valuation for blockchain is opaque. This paper contributes to the literature on the 

valuation of new technologies by studying the market reaction of companies making 

blockchain-related announcements and by exploring the association between blockchain and 

Bitcoin. 

We search newswires and headlines for blockchain-related news and develop a novel 

international sample of 713 companies that have shown their involvement in blockchain 

technology. We find an average abnormal return of 5.3% on the announcement day, with 

smaller companies experiencing greater abnormal returns compared with larger companies. 

 
19 The media coverage of a company is proxied by totalling the number of blockchain-related announcements 
between 2016 and 2018. A high (low) media coverage portfolio contains companies that have an above (a below) 
median count of news announcements.  
20 We have also decomposed the Form 8-K sample by size and form portfolios of above and below median market 
capitalisation. Bitcoin coefficients are not significant.   
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The abnormal returns observed on announcement days increase during the period 2016 to 2017 

followed by a sharp decline at the beginning of 2018.  

Our findings show a link between cumulative abnormal returns and bitcoin performance. 

This observation may explain that the market perceived blockchain as something resembling 

bitcoin, at least during our sample period. We also observe a sharp increase in the number of 

company announcements during the period when the bitcoin price was rising, suggesting 

companies may announce their involvement for rent-seeking purposes, rather than value 

creation. However, this trend did not persist as companies continued to show interest in 2018 

when the price of bitcoin was falling, highlighting the perceived benefits of blockchain, 

particularly in the finance industry (see Yermack, 2017).  

 

Categorising our sample into speculative and non-speculative announcements, we find that 

non-speculative announcements earn significantly lower returns compared to speculative 

announcements. Additionally, we search for firms that have filed a blockchain-related Form 8-

K and find negligible influence on company returns. Furthermore, a buy-and-hold strategy in 

blockchain-related companies yields a significant alpha in both U.S. and non-U.S. samples. 

Significant alphas are predominately observed in smaller companies and during 2017, the year 

bitcoin experienced its historical peak. Since daily bitcoin returns do not significantly explain 

portfolio returns, it is possible that an unidentifiable variable drives the market reaction to a 

company’s blockchain-related announcement. 

Whilst no universal tradable asset existed to capture the growing popularity of the Internet 

during the dot-com bubble, such an asset exists for blockchain technology. Given that Bitcoin 

popularised blockchain, we suspect that our findings indicate that the performance of bitcoin 

is associated with the market’s perception of the underlying technology. However, we also find 

evidence that a latent variable drives the performance of a portfolio of companies over a longer 
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period. Whether this relationship is limited to our sample or will continue as the market 

discovers the potential of bitcoin and blockchain remains to be seen. 
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Chapter 3. Limitations of imitation: 
Lessons from another Bitcoin copycat 
 
 
 
 
 
3.1 Abstract 
  

We find strong evidence that imitation to the leader in an uncertain environment provides 

short-term early success without enhancing long-term survival. Using a unique setting in 

cryptocurrencies where Bitcoin has been the centre focus, we define copycats as 

cryptocurrencies that have a name similar to Bitcoin. Our results show copycats earn higher 

returns in the first day and first week of trading but have a lower survival rate comparing with 

non-copycats and are robust to alternative definitions of copycat and an instrumental variable. 

Our results highlight that in an uncertain market created by a novel technology, the name of an 

organization may be a strong signal to investors when other signals are unclear. 

 

3.2 Introduction 
 

What is the benefit of imitation in a novel market? Since the introduction of Bitcoin, the 

nascent market has experienced a surge in new cryptocurrencies and the popularity of Initial 

Coin Offerings (ICOs). The regulatory environment in the cryptocurrency market does not 

provide homogeneous or enforceable disclosure standards for new ventures which creates a 

deficiency in the amount of information available to potential investors (Fisch, 2019). With 

respect to money transmission, cryptocurrencies are infamously known for the prevalence of 

fraud, scams, and use in illicit activities (Gandal et al., 2018; Foley et al., 2019). Adding to this 

uncertainty, investors were also faced with unfamiliar terms, such as: “digital signatures”, 

“timestamping”, and “hashing”, highlighting the difficulty investors faced in interpreting 

cryptocurrency disclosures such as whitepapers and source codes. The uncertainty faced by 
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investors in cryptocurrency-based ventures has encouraged research into the determinants of 

ICO success, such as signalling through technological capabilities and commitment to the 

project (Fisch, 2019 and Howell et al., 2020), institutional backing (Fisch and Momtaz, 2020), 

and sentiment (Drobetz and Momtaz, 2019). In this paper, we take a different approach and 

argue that since the cryptocurrency market is unfamiliar and highly uncertain, an obvious signal 

such as an imitative name can affect the performance of cryptocurrencies in the secondary 

market. 

A number of studies have documented the significant effect imitative names have on 

organizational performance in uncertain environments with a new technology, such as the dot-

com period (Glynn and Marquis, 2004; Cooper et al., 2001; Lee, 2001). What is interesting 

about the Dot-Com period, is that imitation of a name did not come from an obvious leader. 

Compared with the cryptocurrency market, the relative ease to which Bitcoin can be imitated, 

is shown by a number of cryptocurrencies with very similar names (for example: Bitcoin 2, 

Bitcoin Cash, Bitcoin Gold, and Bitcoin Diamond). As uncertainty encourages mimetic 

behaviour (DiMaggio and Powell, 1983), it is unsurprising to observe imitation in 

cryptocurrencies given the unfamiliar terminology and exposure to fraud, scams, and unclear 

regulation. Imitating Bitcoin’s name may benefit new cryptocurrencies by developing 

organizational legitimacy (Glynn and Abzug, 2002; Glynn and Marquis, 2004), since names 

help organizations associate with others and values that are perceived as legitimate (Ashforth 

and Gibbs, 1990).  

We investigate the evolution of cryptocurrency names and the markets interpretation by 

exploring the impact on the short- and long-term performance of new ventures when the market 

is dominated by copycats (CCs) and non-copycats (NCCs). We expect that a similar name to 

Bitcoin will evoke familiarity among investors, allowing them to benchmark the novel 

technology and unfamiliar terminology adopted by new ventures. Our initial categorization of 
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imitating cryptocurrencies is simple. To highlight the similarity to Bitcoin, we define a 

cryptocurrency as a CC if its name includes “bit” or “coin”, and those without as an NCC. 

Although we expect the nascent market to associate Copycats with Bitcoin, it is difficult to 

solely associate Copycats with Bitcoin and not cryptocurrencies in general. For example, the 

market may interpret “coin” as a synonym for cryptocurrencies that is not necessarily related 

to Bitcoin. To explore this further we include additional terms in our alternative definitions 

(“token”, “crypto” or “currency”, and “block” or “chain”) to capture cryptocurrencies that have 

names that we expect the market to liken to cryptocurrencies, rather than Bitcoin. Additionally, 

we quantify the similarity of a cryptocurrency’s name with Bitcoin for robustness. 

 

Our paper builds on ICO research by focussings on the market’s behaviour to 

cryptocurrency performance in the secondary market. We do not explore the choices of the 

entrepreneur, rather, our goal is to understand how the market responds to symbolic 

information. While a number of studies have investigated the determinants of successful ICOs, 

studying the success of these cryptocurrencies has proven troublesome in terms of sample size. 

Unlike typical IPO applications with standardized disclosures, ICO disclosures are 

heterogeneous and voluntary, which poses a challenge in controlling for disclosure quality. 

Fisch and Momtaz (2020) and Benedetti and Kostovestky (2020) find a significant fall in 

sample size after merging ICO characteristics with cryptocurrency market data. As our interest 

is to study how cryptocurrencies with (dis)similar names perform in the secondary market, over 

short- and long-term windows, we attempt to control for variables related to information 

asymmetry and signalling whilst maintaining a large sample to study the impact of 

cryptocurrency names. In addition to controlling for variables such as technical documentation 

and source codes, we use a social media variable that captures whether a cryptocurrency was 

mentioned on Reddit on or before the cryptocurrencies first trading date. We also rely on the 
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short-term performance to help isolate the impact of the cryptocurrency name (see for example, 

Alter and Oppenheimer, 2006). Whilst we focus on the short-term performance, we are still 

interested in whether long-term differences appear between CC and NCC cryptocurrencies in 

terms of survivability. 

Across all cryptocurrencies we find that on average high early short-term returns, after 

controlling for a number of cryptocurrency-specific variables. We document that NCCs have 

significantly higher disclosures of source codes and technical documentation but exhibit lower 

early performance. We measure early short-term performance as the first day, week, month, 

and 6-month returns and find CCs earn significantly higher returns than NCCs for the first day 

and week of trading. However, imitation does not necessarily signal quality. We find that the 

survivability of cryptocurrencies after 6 months and one year is significantly less for CCs. Our 

results suggest that imitation in an uncertain environment may be associated with lower quality 

ventures, since short-term benefits do not translate into long-term survivability. In further 

analysis, we find cryptocurrencies that have names similar to the concept of cryptocurrency, 

however different from Bitcoin, do not experience higher short-term returns. 

 

We contribute to the nascent literature on success determinants of ICOs, by investigating 

the role of symbolic information. Whilst prior research has explored the success of ICOs 

(Drobetz and Momtaz, 2019; Fisch and Momtaz, 2020; and Momtaz, 2020), we show that 

imitating Bitcoin’s name improves early returns in the secondary market without improving 

long-term performance. Momtaz (2020) finds that by exaggerating disclosures, ICOs raise 

more funds, however, are less likely to survive. The author suggests investors struggle to 

interpret complex information, the large number of new ICOs may detract investors from 

obtaining adequate information, or investors are anxious to take advantage of high potential 

gains. We contribute to this finding by highlighting that investors may prefer cryptocurrencies 
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with a similar name to Bitcoin when disclosures are complex. In our post-2017 sample, we 

observe a substantial increase in the number of cryptocurrencies and show a larger difference 

between CC and NCC returns, suggesting that a familiar name to the market leader was a 

beneficial signal when the market was crowded. During this period, the price of Bitcoin reached 

a historical high, which may have increased the effect of a cryptocurrencies imitative name. 

Additionally, we find cryptocurrencies that appear on Reddit on or before their first trading 

day have greater survivability within the first 6 months and first year of trading, with negligible 

difference in short-term performance in returns. The higher survivability may be explained by 

these cryptocurrencies having larger investor attention. An alternative explanation is these 

cryptocurrencies may be of higher quality and subject to more monitoring by the Reddit 

community. Lastly, we provide an interesting comparison of the role of imitation in an 

environment with and without a market leader. We consider other forms of name imitation in 

the cryptocurrency market, including ones with “block”, “chain”, “crypto”, “currency” or 

“token” in the name. We find that imitators collectively do not show a superior early 

performance but exhibit lower survivability. This contrasts with the outperformance of 

copycats in the dot-com period, where a prominent leader such as Bitcoin is absent.    

The remainder of our paper is organized as follows. In Section 3.3 we outline relevant 

literature. Section 3.4 we describe our data selection. Sections 3.5 to 3.8 presents our findings. 

Section 3.9 concludes the paper. 

 

3.3 Literature Review 
 

The popularity of Bitcoin may have benefitted new ventures with similar names, since under 

uncertainty, investors simplify difficult decisions by relying on heuristics (Tversky and 

Kahneman, 1973). The influence of company names on investment decisions have been 

explored with more fluent names being associated with higher performance in equity markets 
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(Alter and Oppenheimer, 2006; Green and Jame, 2013), supporting findings from psychology 

that fluent stimuli are more familiar and preferred among individuals (Alter and Oppenheimer, 

2009). Although cryptocurrency-based ventures may have been able to signal quality by 

offering information to potential investors, much of this information is technical and unfamiliar 

and therefore may be of limited value to investors’ decisions. This is perhaps highlighted by 

Vergne and Swain (2017) who find inconsistent labelling of Bitcoin from 2009-2015.  

The uncertainty in cryptocurrencies has been explored in the secondary market, encouraging 

research into bubble-like behaviour, (lack of) regulatory oversight and involvement in illicit 

activities and cybercrime (see Corbet et al. (2019) for a systematic review). Although Bitcoin 

was introduced as a payment system, the efficacy of the cryptocurrency has been questioned 

(Yermack, 2015). Baur et al. (2018) find that Bitcoin is uncorrelated with asset classes such as 

stocks, bonds and currencies, highlighting its diversification properties and potential as a safe-

haven asset (see for example, Bouri et al., 2017; and Urquhart and Zhang, 2019). Ciaian et al. 

(2018) explore the interdependencies between bitcoin and other cryptocurrencies and find the 

price of bitcoin effects the price of other cryptocurrencies in their sample. In search for 

identifiable factors, Liu and Tsyvinski (2018) find that only cryptocurrency specific factors, 

attention and momentum, explain cryptocurrency returns and exposure to Fama and French 

five factors are insignificant.  

Not only is the technology novel but it has also been lacking sufficient regulation. A number 

of studies have investigated the method of raising capital via Initial Coin Offerings (ICOs), 

underscoring high uncertainty in the novel market. Cohney et al. (2019) study the top 50 ICOs 

in 2017 and find that some ICO codes and disclosures do not match. Howell et al. (2020) find 

disclosure, entrepreneurs’ commitment and quality signals are significantly associated with 

ICO success. Similarly, Fisch (2019) shows ICOs reduce information asymmetry by signalling 

technological capabilities of new ventures.  
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The high uncertainty in ICOs extends to post-ICO performance, given the low levels of 

regulation available in the secondary market. Whilst scams and manipulation have been 

identified in the cryptocurrency market (see for example, Shifflet, 2018; and Gandal et al., 

2018), Benedetti and Kostovetsky (2020) show investors in ICOs are rewarded with high 

returns and that underpricing does not appear to be associated with the level of information 

asymmetry. In the long run, Momtaz (2019) find many ICOs destroy value, however, Fisch 

and Momtaz (2020) find institutions fund high quality ICOs, and ICOs with better performance 

in the secondary market, given their superior ability to reduce information asymmetry. Studies 

have investigated characteristics of ICOs whitepapers in terms of readability and found 

associations with higher amounts raised and performance (Samieifar and Baur, 2020; Zhang et 

al., 2019). Momtaz (2020) show cryptocurrency entrepreneurs who exaggerate information in 

whitepapers raise funds more quickly, however, this bias corresponds with lower initial returns 

and more failures. Perhaps investors’ inability to interpret ICO disclosures is further explained 

by Colombo et al. (2020), who find post-ICO returns are associated with CEO attractiveness, 

highlighting investors’ attention toward interesting signals when information asymmetry is 

prevalent.  

In a similar vein, imitative cryptocurrency names may provide investors with an obvious 

signal that affects their investment decisions. Glynn and Abzug (2002) provide a historical 

review of company names and how they have changed over time. The authors describe these 

changes in identity as a means to achieve legitimacy, by making names understandable and 

attractive. The identity of new ventures is more important when environments are characterized 

by high uncertainty and ambiguity (Aldrich and Fiol, 1994; Navis and Glynn, 2010). In 

uncertain period’s, organizations’ response to symbolic signals are found to influence 

investment decisions. For example, studies document the significant effect names have on 

organizational performance during the dot-com period (see for example, Glynn and Marquis, 
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2004; Cooper et al., 2001; Lee, 2001). Glynn and Marquis (2004) explore the impact of dot-

com names on organization performance and find that after the market crash in 2000, the dot-

com symbol lost legitimacy, observing a reversion in dot-com company names. They highlight 

the dot-com name organized “the field of Internet-identified companies through the powerful 

symbol of a common name” (Glynn and Marquis, 2004, p.163). Studies in Bitcoin and 

blockchain found similar behaviour, with companies signalling their involvement in the new 

technology, highlighted in patents, media and name changes (see for example, Akyildirim et 

al., 2020; Cahill et al., 2020; Cheng et al., 2019; Jain and Jain, 2019). Such imitative behaviour 

may help organization signal legitimacy and therefore improve survivability (Zimmerman and 

Zeitz, 2002; Delmar and Shane, 2004). 

The uncertainty displayed by the cryptocurrency market may encourage investors to rely on 

symbolic information, given the technical nature of available information. We expect that a 

similar name to Bitcoin, will be influential in investors’ decisions given Bitcoin provided a 

benchmark in an uncertain environment. 

 

3.4 Data 
 

We collect our data from Coinmarketcap.com (CMC), which is a platform that tracks and 

records trading data for many cryptocurrencies, as well as providing historical snapshots of 

their tracked cryptocurrencies on a weekly basis since 2013. CMC outlines specific listing 

criteria that a cryptocurrency needs to have for it to be tracked. This means CMC may cease 

tracking cryptocurrencies if, among other reasons, coins have failed and stopped trading, low 

liquidity, and suspicious trading activity.21 Integrating all historical snapshots allows us to 

explore the role played by imitation while minimising the survivorship bias.  

 

 
21 See https://support.coinmarketcap.com/hc/en-us/articles/360034124351-Listings-Criteria for listing criteria. 
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Our sample includes price, volume and market capitalisation data on 3,409 cryptocurrencies 

between April 2013 and June 2019. Whilst the sample is representative of the cryptocurrency 

population, it is important to note we do not necessarily capture the universe of 

cryptocurrencies, given CMC’s tracking criteria. We removed 32 cryptocurrencies which we 

found exhibited unusually high volatilities and trading discontinuities.22 We define a copycat 

(CC) as a cryptocurrency that has a name that includes “bit” or “coin” in the name, otherwise 

the cryptocurrency is labelled as a non-copycat (NCC). After categorizing our sample into CC 

and NCC, we have 1,161 CCs and 2,248 NCCs. The sample of CC’s is made up 1,044 names 

that include “coin”, 179 names include “bit” and 62 names include both “bit” and “coin”. Panel 

A of Figure 3.1 illustrates the dynamics of the number of CCs and NCCs in our sample. The 

number of CCs outnumbered NCCs between 2013 and early 2017, which may suggest an early 

trend in sharing the Bitcoin narrative. As the attention in cryptocurrencies was significantly 

lower during earlier years, it is likely that new ventures copied the leader in the absence of 

widespread media attention. Since imitation tapers off during 2017 with the number of NCCs 

exceeding CCs, this provides an interesting analysis as the name of cryptocurrencies in this 

later period may be less influential to investors. We partition our sample into pre- and post-

2017 periods23 to analyze imitation during a period when the cryptocurrency market is 

dominated by CCs (pre-2017), compared to later periods that are dominated by NCCs (post-

2017). 

In the heatmap (Figure 3.1 Panel B), we attempt to discover the dynamic occurrence of 

alphabetical letters in the cryptocurrencies’ names. The concentration of characters is given on 

the right-hand side. We calculate concentration as the sum of the character i in cryptocurrency 

j in month n divided by the sum of characters. For example, if two coins, ‘agoodcoin’ and 

 
22 Out of the 32 coins, 30 were removed since they did not trade for more than three consecutive weeks, and two 
coins were removed that had daily returns exceeding 14,000%. 
23 One year before Bitcoin’s peak in December 2017. 
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‘badtoken’, are introduced in one month, the concentration of letter ‘a’ will be 2/17, whereas 

that of letter ‘u’ will be 0/17. Interestingly, the distribution of characters appears concentrated 

toward ‘c’, ‘o’, ‘i’, and ‘n’, particularly in the earlier years of our sample. 

In later analysis, we introduce an alternative definition for CCs which measures similarity 

based on the number of single-character modifications required to make a cryptocurrency’s 

name identical to “Bitcoin”. While this provides robustness for our simplified definition, it is 

unclear whether the similarity to Bitcoin is capturing the market’s attention toward 

cryptocurrencies in general. We expect imitating Bitcoin is suitable in the pre-2017 sample, 

however, as the cryptocurrency market matures, names may become less imitative. For this 

reason, we include additional cryptocurrency and blockchain related words to our definition 

for imitation in later analysis for robustness.24 

 

A potential issue with our approach is that several confounding factors are likely to influence 

the market’s perception on cryptocurrencies over a longer period. Alter and Oppenheimer 

(2006) use short-term performance of IPOs as several confounding factors are likely to 

influence long-term performance, thereby making inferences on the impact of the name 

unclear. In this paper, we use the early short-term performance to help isolate the effect of the 

cryptocurrencies imitative name. For short-term performance, we use the cumulative natural 

logarithm of returns for the first 1- and 7-day; first month for medium-run performance; and 

first 6-month for long-term performance. We include longer windows to observe if any 

persistent difference between CCs and NCCs exists, albeit conclusions drawn from longer 

windows may be influenced by a latent factor. To calculate survivability, we use the period 

from the first trading date the cryptocurrency appears in our sample to the last recorded date. 

 
24 In Appendix A3.1 we calculate the similarity between all cryptocurrency pairs in our sample and show that 
the similarity between cryptocurrency names is greater in the pre-2017 sample. This suggests names became 
less similar as the market matured. 
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We calculate the N-week survival rate as the number of CCs and NCCs trading in the nth week 

divided by the total number cryptocurrencies in each category. For cryptocurrencies that are 

trading on the last day of our sample (18 June 2019) and have a shorter life span than the 

corresponding N-week survival rate are removed to avoid any downside bias. 
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Figure 3.1: Total number of coins and monthly letter frequencies, April 2013 –June 2019 
Panel A illustrates the total number of copycats (CCs) and non-copycats (NCCs) available for trading each day from April 2013 to June 2019, which are denoted by 1 (0) and 
represented by the red (blue) line, respectively.  Panel B presents a heatmap of frequencies of letters on a monthly basis for the entire sample. The frequency is estimated by 
taking the ratio of the number of times that a letter is included in the name of a coin, to the total number of letters from coins’ names each month. We have removed space and 
hyphens from coin names. For example, there are a total of two coins in one month, namely ‘agoodcoin’ and ‘badtoken’. The frequency of letter ‘a’ is 2/17, whereas that of 
letter ‘u’ is 0/17. Please note that we have excluded symbols and numeric when estimating the denominator. 
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In Figure 3.2 we plot Nth week returns (left y-axis) and the N-week survival rate (right y-

axis) for CCs and NCCs. The x-axis is the number of weeks since inception. Across the entire 

sample (Panel A) early returns begin high before falling in later weeks. This highlights the 

importance of looking at early performance since our results are more likely to be unaffected 

by competing information. The categorization of cryptocurrencies into CCs and NCCs shows 

that imitation corresponds with noticeably higher returns in the first four weeks of trading 

before the relationship between the categories becomes entangled. Although imitating the 

leader may translate into higher returns in the short run, we find the survivability of CCs is 

lower and survivability decreases at a higher rate compared to NCCs. The difference between 

CC and NCC survivability becomes more noticeable after the first month of trading and after 

one year on the secondary market, CCs have a survival rate of approximately 60% compared 

to NCCs that have a survival rate of just under 80%. 

 

In Panels B and C, we separate our sample into pre- and post-2017 samples to explore name 

imitation when the sample is dominated by CCs and NCCs. In the Pre-2017 sample (Panel B), 

Nth weekly returns appear substantially more volatile. However, the early relationship between 

the CCs and NCCs remains the same, with imitators exhibiting higher returns in earlier periods 

(approximately up to four weeks). The asymptotic shape of survivability indicates the rate at 

which cryptocurrencies dropped out of the sample increased in the earlier periods compared to 

the aggregated sample. The difference in survivability between CCs and NCCs appears smaller 

compared to Panel A. CCs (NCCs) have a survival rate of approximately 55% (62%) by the 

end of the first year. We suspect the market may have been more critical of cryptocurrencies 

during this period before irrational actors entered the market. 
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In the Post-2017 sample (Panel C), we observe a clear difference in early returns between 

CCs and NCCs. Similar to Panels A and B, the benefit of imitating exists for up to four weeks. 

Interestingly, if the market is relatively mature compared with the pre-2017 sample, we might 

expect the impact of a cryptocurrency’s name to become negligible. However, the influence of 

symbolic information appears to be more influential, indicating the market does not learn or 

the market became saturated with new investors in a short period of time. With respect to 

survivability, a larger proportion of CCs exit our sample compared to NCCs. The difference in 

survivability increases substantially towards the end of the first year of trading, with a survival 

rate of approximately 70% for CCs and 85% for NCCs. 
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Figure 3.2: Average Nth weekly returns and N-week survival rates of copycats and non-copycats, April 2013 –June 2019 
This figure illustrates average Nth weekly return and N-week survival rate of copycats (CCs) and non-copycats (NCCs). Panels A, B and C illustrate the entire sample, pre-2017 and post-
2017 sample, respectively. The y-axis on the left indicates the average nth weekly return, where the x-axis is read as the corresponding 1 (first), 4 (fourth), up to 52 (52nd) week period 
since the inception of a coin. The y-axis on the right indicates the survival rate, where the x-axis is read as the corresponding 1-, 4-, up to 52-week period since the inception of a coin. 
In estimating survival rates, we remove coins that are still traded as of the last day of the sample (18 June 2019) but have shorter life span than the corresponding N-week survival rate 
to avoid any downside biases. Returns of CCs and NCCs are denoted with blue-dot and green-triangle lines, respectively. Survival rates of CC and NCC are denoted with purple-hash 
and teal-cross dashed lines, respectively. 
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Whilst our small trading windows help isolate the effect from a cryptocurrency’s name on 

short-term performance, we also control for factors that may influence a cryptocurrency’s 

performance. Given the high correlation among cryptocurrencies (see for example Aslanidis et 

al., 2019), we control for bitcoin returns to capture any systematic movements in the 

cryptocurrency market. Additionally, cryptocurrencies appeared to capture the attention of 

mainstream investors in 2017, which is also the year the number of NCC’s rapidly exceeded 

CC’s. Therefore, we include a pre- and post-2017 dummy in the later regressions. Given 

credibility of this market has been criticised with warning from regulators (see Clayton, 2017) 

a number of studies have investigated the determinants of successful capital raisings via ICOs 

(Fisch, 2019; Howell et al., 2020; and Fisch and Momtaz, 2020). The research into ICOs has 

found that voluntary disclosure helps reduce information asymmetry and subsequently reduces 

failure rates. Since similar variables may influence early returns and survivability in our 

sample, we control for a number of factors from CMC that may correspond with information 

asymmetry and investor recognition. Specifically, we include dummy variables that take the 

value of one if the cryptocurrency has a recorded Source code and Technical documentation to 

proxy for the venture’s disclosure of information; Website and Announcement to proxy for the 

market’s awareness of the cryptocurrency; and Mineable to proxy for the similarity between 

Bitcoin and the venture’s cryptocurrency, and zero otherwise. A potential issue in using these 

static variables is that we are unable to verify when this information was identified on CMC. 

Therefore, users may interpret this information as being available since the coin’s inception, 

which is not an unreasonable assumption. Therefore, we treat these controls as rough proxies 

that help capture information asymmetry and investor attention.25 

 
25 We consider additional variables that quantify ICO quality. In the absence of a unique identifier, we collected 
rating information from icorating.com and manually match it with our sample. However, as the resulting sample 
of 336 observations potentially suffers from a bias towards more publicised ICOs, we did not include this in our 
analysis. We provide further analysis in Appendix A3.2. 
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We include a social media control if the cryptocurrency was mentioned on Reddit.com on 

or before its first recorded trading date. Reddit.com is an online social media platform, 

providing a forum for aggregating news and discussion. We download Reddit data using 

Pushshift’s API, and search submissions from the subreddit r/Cryptocurrency26 (see 

Baumgartner et al. (2020) for more information). We use this subreddit to proxy for investor 

attention since it likely captures individuals that invest in cryptocurrency-based ventures. This 

yields 680,452 submissions from 2014 to 2019. We then search cryptocurrency names from 

our sample in the title of the submissions. Of the 3,409 cryptocurrencies in our sample, we 

found 1,348 cryptocurrency names explicitly mentioned in the Reddit submissions. We identify 

211 observations with ambiguous names (for example, ‘money’, ‘adrenaline’, ‘blast’, and 

‘food’). Our social media variable (Reddit) is coded as one (1,137 observations) if the 

cryptocurrency name is unambiguous and appears in the Reddit sample on or before the 

cryptocurrency’s first recorded trading date and zero otherwise. Table 3.1 provides definitions 

for the variables used in this Chapter 3. 

 

Table 3.2 shows the descriptive statistics for CCs and NCCs performance, and control 

variables. We find a significant difference in the average first day, 7-day, and 6-month returns, 

with imitators earning (on average) 13.1%, 21.8% and 183% more than non-imitators, 

respectively. All cryptocurrency cumulative returns up to 180 days are positively skewed, for 

example, the first day mean (median) for CCs and NCCs is 11.1% (-1.00%) and 24.2% (-

0.20%), respectively. When measuring the cumulative bitcoin returns over the corresponding 

windows as a benchmark, we find that early trading periods of NCCs coincide with higher 

 
26 This subreddit describes itself as “the official source for CryptoCurrency News, Discussion & Analysis”, with 
1.22 million subscribers as of writing. It is important to note that this does not necessarily imply the subreddit is 
the only source of cryptocurrency related information on Reddit, or it has been officially endorsed by Reddit as 
the “official” source. With the growing number of subscribers, we expect this to be a highly used source of 
cryptocurrency news by investors.  
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bitcoin returns for the first seven-days (0.915%) and 30-days (3.250%) compared to CCs. This 

result is interesting considering the number of NCCs reported in Figure 3.1 increased 

aggressively in the latter half of 2017 relative to CCs, a period where bitcoin returns were 

increasing substantially. Had the market treated cryptocurrencies homogeneously, we would 

expect the average return of NCCs to exceed that of CCs, when the majority of NCCs early 

trading coincides with the period of higher average bitcoin returns. This observation implies 

that the naming of cryptocurrency may invoke familiarity and a preference toward more 

recognisable names when investors are confronted with a very uncertain environment. 

Alternatively, given the plethora of NCCs created in 2017, investors may have been 

overwhelmed by choices in the cryptocurrency market, suggesting a decrease in attention 

afforded to non-imitators. Imitating in this market may have given CCs a means to differentiate 

from the abundance of new entrants by providing investors with an obvious signal that captured 

their attention. Similar to the observations in Figure 3.1, there are significantly more NCCs 

(78.6%) compared to CCs (44.6%) in the post-2017 sample. The difference in survivability 

shown in Figure 3.2 is supported by statistically significant difference in mortality between 

CCs and NCCs. We find that majority of NCCs (98.7%) and CCs (97.4%) remain in our sample 

after one month of trading. The difference in survivability is larger for the first six and 12 

months of trading. Within the first six months 89.6% of NCCs and 75.7% of CCs remain in 

our sample, and 78% of NCCs and 61.4% of CCs remain after 12 months. The differences in 

survivability are significant for all three survivability windows, with the six (13.9%) and 12 

(16.7%) month windows showing the largest difference. Whilst the short-term benefit in 

returns is obvious for imitators, it does not appear to translate into superior survivability.  

We notice a significant difference in our control variables on cryptocurrency disclosures 

and exposure to the market. On average, more NCCs have source codes and technical 

documentation compared with CCs. The contrast between higher short-term returns and lower 
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survivability, suggests that investors are perhaps reliant on symbolic information, when faced 

with disclosures that can contain technical information with unfamiliar terminology. 

Table 3.1: Variable descriptions. 
Dependent variable Description 
R1/R7/R30/R180 Cumulative returns of the first day, first week, first month and first 6 months 

since the inception. 
Survive 1 month/ 6 month/1 
year 

Dummy variable that returns one if a cryptocurrency can survive for more 
than 1 month, 6 months or 1 year since its inception, and zero otherwise. 

Independent variable  
Copycat Dummy variable that returns one if a cryptocurrency has either ‘bit’ or ‘coin’ 

in its name, and zero otherwise. 
Concentration of copycats Z Instrumental variable that measures the ratio of existing copycats to the total 

number of coins in trading prior to the inception of a coin 
Imitate Dummy variable that returns one if a cryptocurrency has ‘bit’, ‘coin’, 

‘crypto’, ‘currency’, ‘token’, ‘block’ or ‘chain’ in its name, and zero 
otherwise. 

Crypto-Currency Dummy variable that returns one if a non-Copycat has either ‘crypto’ or 
‘currency’ in its name, and zero otherwise. 

Token dummy variable that returns one if a non-Copycat has ‘token’ in its name, 
and zero otherwise. 

Block-Chain Dummy variable that returns one if a non-Copycat has either ‘block’ or 
‘chain’ in its name, and zero otherwise. 

SPEDIS Dummy variable that returns one if the SPEDIS score of measuring the 
similarity between a coin’s name and ‘bitcoin’ is less than 70, and zero 
otherwise. 

Controls  
Source code Dummy variable that returns one if a cryptocurrency has made its source code 

available, and zero otherwise. 
Corresponding Bitcoin returns The cumulative return of bitcoin for the corresponding period in each model, 

first day/week/month/6-month 
Post-2017 Dummy variable that returns one if the inception date is after 31 December 

2016, and zero otherwise. 
Technical documentation Dummy variable that returns one if a cryptocurrency has technical 

documentation, and zero otherwise. 
Website Dummy variable that returns one if a cryptocurrency has a dedicated website, 

and zero otherwise. 
Announcement Dummy variable that returns one if a cryptocurrency has made an 

announcement, and zero otherwise. 
Mineable Dummy variable that returns if new coins are generated via a confirmation 

process, and zero otherwise. 
Reddit Dummy variable that returns one if the cryptocurrency name appears in the 

r/Cryptocurrency subreddit titles on or before the first trading date. 
Cryptocurrencies with ambiguous names that appear in the titles are given a 
value of zero. 

.
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Table 3.2: Summary statistics of copycats, non-copycats and mean equality tests 
This table reports descriptive statistics of our sample from 28 April 2013 to 18 June 2019. The sample statistics are broken down into non-copycats (NCCs) and copycats (CCs). R30 is the 
cumulative return of a coin in the first 30 days. Other return variables ‘R’ are defined accordingly. BTC_R30 is the cumulative return of Bitcoin in the first 30 days since the inception of a 
corresponding cryptocurrency. Other return variables ‘BTC_R’ are defined accordingly. Survive_X is a dummy variable that returns one if a cryptocurrency has been traded active for more 
than either 1 month (1M), 6 months (6M) or 1 year  (1Y), and zero otherwise. For other variable definitions see Table 3.1. We assume unequal variances and use Welch’s formula to calculate 
t statistics. The mean difference is calculated as the mean of NCC – mean of CC. *, ** and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

  Non-Copycats  Copycats  Mean Equality Test 
 (NCC – CC) 

  Mean Std Dev Min Median Max Mean Std Dev Min Median Max Diff. t- stats 
R1 0.111 1.061 -1.000 -0.010 32.602  0.242 1.861 -0.906 -0.002 38.898  -0.131* (-2.21) 
R7 0.151 1.459 -1.000 -0.081 27.561  0.369 3.012 -0.999 -0.088 61.186  -0.218* (-2.33) 
R30 0.430 6.131 -1.000 -0.301 209.000  0.950 15.080 -1.000 -0.374 479.250  -0.521 (-1.13) 
R180 1.036 9.454 -1.000 -0.662 206.225  2.864 28.142 -1.000 -0.764 479.250  -1.828* (-2.15) 
BTC_R1 0.002 0.064 -0.335 0.002 0.502  0.000 0.062 -0.335 0.000 0.502  0.002 (0.87) 
BTC_R7 0.013 0.118 -0.384 0.006 0.749  0.004 0.103 -0.384 -0.002 0.696  0.009* (2.35) 
BTC_R30 0.080 0.337 -0.529 0.008 4.059  0.048 0.303 -0.529 -0.007 4.025  0.033** (2.85) 
BTC_R180 0.451 1.262 -0.663 -0.056 8.650  0.471 1.372 -0.701 -0.068 12.376  -0.020 (-0.42) 
Post-2017 0.786 0.410 0.000 1.000 1.000  0.469 0.499 0.000 0.000 1.000  0.317*** (18.64) 
Survive_1M 0.987 0.112 0.000 1.000 1.000  0.974 0.160 0.000 1.000 1.000  0.013* (2.53) 
Survive_6M 0.896 0.305 0.000 1.000 1.000  0.757 0.429 0.000 1.000 1.000  0.139*** (9.49) 
Survive_1Y 0.780 0.414 0.000 1.000 1.000  0.614 0.487 0.000 1.000 1.000  0.167*** (8.58) 
Source code 0.568 0.496 0.000 1.000 1.000  0.446 0.497 0.000 0.000 1.000  0.121*** (6.77) 
Technical 
documentation 0.493 0.500 0.000 0.000 1.000  0.289 0.453 0.000 0.000 1.000  0.205*** (12.06) 

Website 0.931 0.254 0.000 1.000 1.000  0.913 0.282 0.000 1.000 1.000  0.0176 (1.78) 
Announcement.  0.662 0.473 0.000 1.000 1.000  0.668 0.471 0.000 1.000 1.000  -0.006 (-0.38) 
Mineable 0.214 0.410 0.000 0.000 1.000  0.534 0.499 0.000 1.000 1.000  -0.320*** (-18.81) 
Reddit 0.361 0.480 0.000 0.000 1.000  0.281 0.450 0.000 0.000 1.000  0.080*** (4.81) 
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Alternatively, this may show a trend in the market in earlier periods. We noticed that the 

inception of most cryptocurrencies occurred in 2017. In later periods, higher levels of 

documentation may have been necessary compared with earlier periods as competition among 

new entrants intensified. Our Reddit variable shows a significant difference between the CCs 

and NCCs that have been mentioned on Reddit, with approximately 36.1% and 28.1% of NCCs 

and CCs appearing on Reddit, respectively. This difference is expected given the greater 

number of NCCs in our sample. Whilst our study does not focus on the decisions made by the 

entrepreneur, our results show symbolic information such as a familiar name may benefit new 

ventures in the short run by increasing investor attention, despite having on average, fewer 

disclosures. 

 

3.5 Results 
 

In a multivariate analysis, we find that after controlling for a number of variables related to 

information asymmetry and investor recognition, symbolic information continues to explain 

significant differences in early returns and survivability. In this section we discuss our findings 

for the short-term performance of CCs and NCCs, alternative definitions for imitation, and the 

development of an instrumental variable to help address causality and robustness. 

 

3.5.1 Secondary market returns 
 

In Table 3.3 we find a significant and positive coefficient on the Copycat variable, in the 

presence of control variables, suggesting imitation is related to short-run early performance 

among other variables. The first- and seven-day returns (Models 1 and 4) show that CCs on 

average earn 12% and 21% higher returns compared to NCCs, respectively. The coefficient on 

Copycat is not statistically different from zero for the first- and 6-month return windows 

(Models 7 and 10). The contrast between the shorter windows (1- and 7-day) and larger 
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windows (1- and 6-month) is consistent with Alter and Oppenheimer (2006). This shows that 

longer periods allow for new information to enter the market that we are unable to identify, 

thereby reducing the relevance of a name. 

 

Since cryptocurrencies are highly correlated with Bitcoin and any shocks to Bitcoin are 

likely to spill over into the remainder of the cryptocurrency market (see for example Yi et al., 

2018), we include a corresponding cumulative bitcoin return window. As expected, we observe 

a positive and significant coefficient on bitcoin returns across all return windows, indicating 

that early return success is also dependent on the state of Bitcoin. Since cryptocurrencies 

captured the attention of mainstream investors in 2017 and the majority of NCCs entered our 

sample during this period (see Figure 3.1), we include a dummy to control for the period 2017-

2019. In Models 1, 4, and 7 the coefficient on this variable is insignificant. Only in the first six 

months do we find a significantly negative coefficient on the Post-2017 dummy, suggesting 

that cryptocurrencies introduced post-2017 have inferior early performance compared with 

earlier adopters. The coefficients on most of the other controls are insignificant. The only 

significance found is on the Website dummy, suggesting cryptocurrencies with websites have 

better performance for the first week and first 6 months. 

Overall, our results show that after controlling for a number of factors, imitation during an 

uncertain period leads to superior short-term early performance. This is consistent with Alter 

and Oppenheimer (2006) that shows IPO names with greater levels of fluency benefit from 

higher short-term performance. Our findings suggest that benchmarking against Bitcoin, made 

cryptocurrency-based ventures adopting a novel technology more familiar to potential 

investors. To the benefit of new ventures, having an imitative name may capture investor 

attention in a rapidly growing market. However, this benefit is limited to very early 
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performance of at least one week after trading. For longer periods of trading, we find imitation 

does not translate into comparatively higher returns. 
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Table 3.3: Coin Returns and Copycats 
This table reports results for OLS estimations and both stages using an IV approach. In baseline models, dependent variables are the cumulative returns of the first day, first week, first 
month and first 6 months since the inception. In stage 1 of the IV approach is a Probit model, where the dependent variable is an endogenous dummy variable that returns one if a 
cryptocurrency is a copycat, and zero otherwise. In stage 2, the dependent variable is the cumulative return of the first day/week/month/6-month. Both Concentration of copycats Z and 
the predicted Copycat from stage 1 are included as instruments. For other variable definitions see Table 3.1. Standard errors are reported in parentheses. *, ** and *** denote significance 
at the 5, 1 and 0.1 percent levels, respectively. 

 First Day  First Week  First Month  First 6 Months 

Dep variable: 
(1) 

Baseline 
(2) IV: 
Stage 1 

(3) IV: 
Stage 2  

(4) 
Baseline 

(5) IV: 
Stage 1 

(6) IV: 
Stage 2  

(7) 
Baseline 

(8) IV: 
Stage 1 

(9) IV: 
Stage 2  

(10) 
Baseline 

(11) IV: 
Stage 1 

(12) IV: 
Stage 2 

 Returns Copycat Returns  Returns Copycat Returns  Returns Copycat Returns  Returns Copycat Returns 
                
Copycat 0.123* 

(0.055) 
 
 

1.073* 
(0.443) 

 0.208* 
(0.084) 

 
 

1.776** 
(0.670) 

 0.361 
(0.401) 

 
 

4.278 
(3.033) 

 0.769 
(0.705) 

 
 

8.482 
(5.764) 

Concentration 
of copycats Z 

 
 

1.885*** 
(0.282) 

 
 

  
 

1.941*** 
(0.284) 

 
 

  
 

2.016*** 
(0.291) 

 
 

  
 

1.927*** 
(0.307) 

 
 

Corresponding 
Bitcoin returns 

0.132 
(0.380) 

-0.072 
(0.384) 

0.086 
(0.397) 

 0.886** 
(0.336) 

-0.369 
(0.227) 

0.958** 
(0.354) 

 1.863*** 
(0.559) 

-0.144 
(0.079) 

1.877*** 
(0.566) 

 2.866*** 
(0.246) 

-0.007 
(0.021) 

2.761*** 
(0.261) 

Post-2017 0.052 
(0.062) 

-0.102 
(0.096) 

0.264* 
(0.118) 

 0.055 
(0.095) 

-0.085 
(0.096) 

0.405* 
(0.179) 

 -0.621 
(0.456) 

-0.058 
(0.099) 

0.260 
(0.818) 

 -2.570** 
(0.805) 

-0.094 
(0.105) 

-0.772 
(1.564) 

Source code -0.005 
(0.054) 

-0.063 
(0.056) 

0.040 
(0.060) 

 -0.052 
(0.083) 

-0.065 
(0.056) 

0.022 
(0.092) 

 -0.050 
(0.395) 

-0.062 
(0.055) 

0.133 
(0.423) 

 0.416 
(0.693) 

-0.061 
(0.055) 

0.750 
(0.746) 

Technical 
documentation 

-0.048 
(0.055) 

-0.286*** 
(0.055) 

0.024 
(0.067) 

 -0.008 
(0.085) 

-0.281*** 
(0.055) 

0.110 
(0.102) 

 0.569 
(0.405) 

-0.283*** 
(0.055) 

0.869 
(0.469) 

 0.918 
(0.711) 

-0.288*** 
(0.055) 

1.535 
(0.855) 

Website 0.011 
(0.099) 

0.298** 
(0.093) 

-0.103 
(0.115) 

 0.331* 
(0.151) 

0.296** 
(0.093) 

0.142 
(0.177) 

 0.588 
(0.719) 

0.302** 
(0.093) 

0.108 
(0.815) 

 2.515* 
(1.260) 

0.304** 
(0.093) 

1.549 
(1.467) 

Announcement 0.158** 
(0.053) 

-0.005 
(0.054) 

0.164** 
(0.056) 

 0.215** 
(0.082) 

-0.005 
(0.054) 

0.225** 
(0.086) 

 -0.386 
(0.391) 

0.004 
(0.055) 

-0.367 
(0.396) 

 0.480 
(0.693) 

0.000 
(0.055) 

0.565 
(0.706) 

Mineable 0.046 
(0.057) 

0.635*** 
(0.053) 

-0.189 
(0.124) 

 0.127 
(0.087) 

0.636*** 
(0.053) 

-0.262 
(0.188) 

 0.270 
(0.417) 

0.633*** 
(0.053) 

-0.696 
(0.853) 

 1.304 
(0.734) 

0.632*** 
(0.053) 

-0.566 
(1.575) 

Reddit -0.066 
(0.052) 

-0.034 
(0.053) 

-0.062 
(0.054) 

 -0.001 
(0.079) 

-0.035 
(0.053) 

0.006 
(0.083) 

 -0.395 
(0.379) 

-0.038 
(0.053) 

-0.380 
(0.384) 

 -0.012 
(0.668) 

-0.035 
(0.053) 

-0.007 
(0.678) 

Constant 0.109 
(0.111) 

-1.524*** 
(0.205) 

-0.247 
(0.201) 

 -0.243 
(0.171) 

-1.572*** 
(0.207) 

-0.825** 
(0.305) 

 0.256 
(0.816) 

-1.628*** 
(0.212) 

-1.201 
(1.389) 

 -1.977 
(1.422) 

-1.552*** 
(0.218) 

-4.858 
(2.579) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES  YES YES YES 
Observations 3397 3402 3397  3399 3404 3399  3404 3409 3404  3406 3409 3406 
Adjusted R2 0.053  .  0.007  .  0.003  .  0.046   
Pseudo R2  0.146    0.147    0.147    0.146  
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3.5.2 Survivability 
 

Although CCs have higher early performance compared with NCCs, it is interesting to 

observe whether imitation translates into more than just short-term gains. In this section we 

investigate how imitation may determine the likelihood of surviving for the first, 6 and 12 

months of trading. Our dependent variable is a dummy that takes the value of one if the 

cryptocurrency trades for longer than the defined period, and zero otherwise. Table 3.4 shows 

a significant and negative coefficient on the Copycats variable. Specifically, CCs have 

significantly lower survivability compared to NCCs in the first 180 days and year of trading. 

For the first month, the difference in survivability between CCs and NCCs is not statistically 

different from zero. The results show that non-imitation corresponds with a higher likelihood 

of survivability compared with imitative cryptocurrencies. 

The control for bitcoin returns is insignificant for the first month and significantly positive 

for 6- and 12-month periods. The positive coefficient suggests cryptocurrencies are more likely 

to survive when bitcoin returns are increasing. The coefficients on a number of controls are 

significant and positive, indicating that cryptocurrencies that have greater disclosures and 

market recognition are more likely to survive. The greater survivability of cryptocurrencies 

with higher disclosures is suggestively related to heightened levels of transparency which helps 

investors to discern lemons and winners. Interestingly, we find a positive and significant 

coefficient on our Reddit variable. This shows that cryptocurrencies that appear on Reddit are 

more likely to survive within the first six and 12 months of trading. We interpret this as 

cryptocurrencies appearing on Reddit as having higher quality, as well as being monitored 

more closely by the Reddit community, which may translate into superior survivability. It may 

also be related to the greater efforts made by higher quality cryptocurrency ventures to market 

themselves, which is why they appear and are discussed on Reddit. 
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After controlling for a number of variables, imitation does not appear to enhance long term 

survival. If investors associate the future success of CCs with Bitcoin’s performance, then we 

would expect to see higher survival for CCs compared with NCCs in earlier months. However, 

we find significant difference in short-term survivability. Coupled with the lower levels of 

disclosure, CCs may have relied on the successful narrative of Bitcoin, resulting in higher 

short-term returns and lower survivability as investors’ expectations were missed.
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Table 3.4: Factors determining the likelihood to survive 
This table reports results for Probit model estimations and both stages using a modified IV approach. In baseline Probit models, the dependent variable is a dummy variable that returns 
one if a cryptocurrency can survive for more than 1 month, 6 months or 1 year since its inception, and zero otherwise. In stage 1 of the IV approach is a Probit model, where the dependent 
variable is an endogenous dummy variable that returns one if a cryptocurrency is a copycat, and zero otherwise. In stage 2, the dependent variable is the aforementioned survival dummy. 
Both Concentration of copycats Z and the predicted ‘Copycat’ from stage 1 are included as instruments. For other variable definitions see Table 3.1. Standard errors are reported in 
parentheses. *, ** and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

 (1) Baseline (2) IV: Stage 1 (3) IV: Stage 2  (4) Baseline (5) IV: Stage 1 (6) IV: Stage 2  (7) Baseline (8) IV: Stage 1 (9) IV: Stage 2 
Dep variable: Survive 1 

Month 
Copycat Survive 1 

Month 
 Survive 6 

Months 
Copycat Survive 6 

Months 
 Survive 1 

Year 
Copycat Survive 1 

Year 
            
Copycat -0.131 

(0.129) 
 
 

-2.274* 
(1.019) 

 

 -0.335*** 
(0.070) 

 
 

-4.663*** 
(0.597) 

 

 -0.254*** 
(0.071) 

 
 

-1.847*** 
(0.493) 

 
Concentration 
of copycats Z 

 
 

2.091*** 
(0.297) 

 
 

  
 

2.101*** 
(0.351) 

 
 

  
 

2.748*** 
(0.415) 

 
 

Corresponding 
Bitcoin returns 

0.149 
(0.283) 

-0.144 
(0.079) 

0.124 
(0.282) 

 0.130*** 
(0.034) 

-0.007 
(0.022) 

0.197*** 
(0.036) 

 0.087** 
(0.028) 

0.004 
(0.023) 

0.103*** 
(0.029) 

Post-2017 0.071 
(0.148) 

-0.044 
(0.100) 

-0.408 
(0.270) 

 0.117 
(0.082) 

-0.041 
(0.112) 

-0.871*** 
(0.161) 

 -0.363*** 
(0.091) 

0.001 
(0.115) 

-0.692*** 
(0.135) 

Source code 0.644*** 
(0.177) 

-0.068 
(0.056) 

0.523** 
(0.186) 

 0.897*** 
(0.085) 

-0.073 
(0.058) 

0.685*** 
(0.090) 

 0.828*** 
(0.080) 

-0.067 
(0.067) 

0.752*** 
(0.082) 

Technical 
documentation 

1.086*** 
(0.315) 

-0.272*** 
(0.056) 

0.911** 
(0.324) 

 1.150*** 
(0.116) 

-0.356*** 
(0.059) 

0.706*** 
(0.129) 

 1.345*** 
(0.093) 

-0.313*** 
(0.070) 

1.157*** 
(0.109) 

Website 0.200 
(0.176) 

0.298** 
(0.093) 

0.470* 
(0.217) 

 0.356*** 
(0.102) 

0.298** 
(0.093) 

0.906*** 
(0.127) 

 0.436*** 
(0.099) 

0.256** 
(0.096) 

0.617*** 
(0.114) 

Announcement 0.131 
(0.131) 

0.011 
(0.055) 

0.101 
(0.133) 

 0.150* 
(0.073) 

-0.010 
(0.059) 

0.035 
(0.076) 

 0.348*** 
(0.074) 

-0.000 
(0.069) 

0.305*** 
(0.075) 

Mineable 0.157 
(0.139) 

0.640*** 
(0.054) 

0.733* 
(0.306) 

 -0.069 
(0.074) 

0.670*** 
(0.055) 

1.091*** 
(0.175) 

 -0.045 
(0.074) 

0.673*** 
(0.063) 

0.396** 
(0.153) 

Reddit 0.095 
(0.148) 

-0.041 
(0.053) 

0.073 
(0.149) 

 0.267*** 
(0.080) 

0.007 
(0.056) 

0.327*** 
(0.082) 

 0.140 
(0.077) 

0.086 
(0.066) 

0.202* 
(0.080) 

Constant 1.239*** 
(0.223) 

-1.678*** 
(0.215) 

2.054*** 
(0.449) 

 0.116 
(0.132) 

-1.650*** 
(0.250) 

1.815*** 
(0.268) 

 -0.357** 
(0.126) 

-2.022*** 
(0.282) 

0.263 
(0.226) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES 
Observations 3338 3338 3338  3046 3046 3046  2355 2355 2355 
Pseudo R2 0.164 0.148 0.171  0.271 0.150 0.286  0.290 0.175 0.290 
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3.5.3 The instrumental variable approach 
 

Our baseline results show that CCs experience higher returns in the earlier periods and have 

lower chance of survival after the first six months; however, this relationship could be spurious. 

A first-order concern is that the choice to include either “bit” or “coin” in the name may not be 

exogenous. The entrepreneur could endogenously choose a name based on their intentions that 

are unobservable. The intended openness of this recent revolution in technology resists the 

requirement for regulation, spawning pervasive forms of manipulation. The fear of missing 

out, coupled with a vastly unregulated market has culminated in a number of fraudulent 

ventures, which highlights the potential for short-termism by many entrepreneurs in the current 

environment. 

While it is difficult to address the endogeneity problem in the absence of a natural 

experiment, we implement an instrumental variable (IV) approach by constructing an IV for 

the copycat status. The main instrument is the concentration of copycats as a proportion of the 

number of active cryptocurrencies prior to the inception of the new coin. The rationale behind 

the choice of this instrument is that the peer effect could be a driving factor for imitation 

decisions. The peer effect is well documented in the literature. For example, using the product 

market hypothesis, Pagano et al. (2002) document a positive relationship between a company’s 

probability of cross-listing on a given exchange and the number of other companies in the same 

industry already cross-listed on that exchange. 

 

In our setting, when there is an increasing number of cryptocurrencies adopting “coin” in 

their names, which results in a more frequently appearing term “coin”, this may give an 

impression to the entrepreneur that having “coin” in their name can be more readily accepted. 

On the other hand, a rise in names such as “ethereum” or “ripple” may be a signal to the 

entrepreneur that sci-fi-themed names are the new trend. In other words, the concentration of 
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copycats prior to the inception of a new coin may have an impact on what the new name is. 

Therefore, our proposed instrument satisfies the relevance requirement. It is also reasonable to 

postulate that such concentration prior to the inception does not correlate with the coin’s initial 

returns and ability to survive and thus the choice of the instrument also satisfies the exclusion 

restriction.27 A similar argument can be made when investigating survivability. If the above 

intuition of instrument construction is valid, we expect to find a significantly positive 

coefficient estimate of the instrument in the first-stage regressions.   

 

Given that our endogenous variable is dichotomous, we adopt a modified IV approach. In 

the first stage of the IV approach, we use a Probit model where the dependent variable is the 

copycat dummy. The instrument and all other control variables in the baseline model are 

included as independent variables. We make a prediction of the likelihood to be a copycat using 

the first stage results and include both predicted estimate of copycat variable and the instrument 

as IVs to explain cumulative returns in the early stages.  

 

Results of the IV approach examining whether there is any difference between CCs and 

NCCs in their early returns are included in Table 3.3. As shown in Models 2, 5, 8 and 11, the 

concentration of copycats has a positive effect on whether the coin will be a copycat.  The 

coefficients of IV range from 1.885 to 2.016, with a standard error from 0.282 to 0.291, 

respectively. The coefficients vary since different windows of cumulative bitcoin returns are 

used to study early returns at different stages. The results suggest that entrepreneurs tend to put 

either “bit” or “coin” in the name when there is a higher concentration of CCs in the market. 

Models 3, 6, 9 and 12 report the second stage results. In studying the first day (week) return, 

 
27 Whilst the concentration of copycats can be observed by both entrepreneurs and investors, the latter group may 
pay less attention to the concentration prior to the inception of the new cryptocurrency, and hence our IV should 
be uncorrelated with the new coin’s initial return. It is not unreasonable to assume that entrepreneurs have more 
insights about the cryptocurrency market than an average investor. 



 Chapter 3. Limitations of imitation: Lessons from another Bitcoin copycat
   

 93 

the Copycat dummy has a coefficient of 1.073 (1.776) and a standard error of 0.443 (0.670), 

which is significant at 5% (1%) level. In examining the cumulative returns over the first 30 and 

180 days, the coefficient on the Copycat variable is still positive, but no longer significant. This 

confirms our baseline findings that CCs tend to have a higher return in the early stages. 

 

Table 3.4 reports results of the IV approach to examine whether CCs are more likely to 

survive past 1-month, 6-month and 1-year milestones. Our econometric approach with IV 

differs slightly from that of examining the initial returns, given that both dependent variables 

(survivability) and the endogenous variable (copycat) are dichotomous. Our second stage 

regression is a Probit regression with survivability at different stages as the dependent variable, 

and the fitted copycat variable using coefficients of the same first stage as the main independent 

variable. The first stage results are included in Models 2, 5, and 8 and the results support our 

intuition of choosing the concentration as an instrument.28 In the second stage, we confirm that 

copycat coins tend to have a lower probability in surviving past the 6-month and 1-year marks. 

It is interesting to point out that the IV approach shows copycats now have a lower chance in 

surviving past 1-month, with a coefficient of -2.274 and a standard error of 1.019. 

 

We have also considered two other instruments, namely the concentration of new CCs out 

of all newly incepted cryptocurrencies in the past three or six months. It can be argued that if 

peer effect plays a role in determining their name choice, it may be relevant to look at more 

recent composition, rather than keeping track of what has happened since early 2013. In Tables 

 
28 An acute reader may point out that the first stage results differ slightly between Model 8 of Table 3.3, and 
Model 2 of Table 3.4, where the independent variables in the first stage are the same. It is important to emphasise 
that the samples used are different. In studying the survivability, we exclude coins that have an inception date 
within one month of the last day of the sample, 18 June 2019. For example, if a coin has its first trading day 
recorded on 29 May 2019, it is included in studying initial returns, as it is directly comparable to another coin that 
initiates trading around the same time. This coin is removed from studying survivability as the shorter trading life 
span is constrained by our sample, rather than a result of market forces.  
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3.5 to 3.8, we repeat the analysis with these alternative instruments separately, and find our 

results do not change materially. 

Overall, our main conclusions remain unchanged that CCs tend to have higher returns on 

the first day and in the first week, with a lower probability to survive past six months and one 

year comparing to non-copycats. 
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Table 3.5: Coin Returns and Copycat using Alternative Instrumental Variable 1 (Copycat ratio in the last 3 months) 
This table reports results for OLS estimations and both stages using an IV approach. In OLS models, dependent variables are the cumulative returns of the first day, first week, first month 
and first 6 months since the inception. In stage 1 of the IV approach is a Probit model, where the dependent variable is an endogenous dummy variable that returns one if a cryptocurrency 
is a copycat, and zero otherwise. In stage 2, the dependent variable is the cumulative return of the first day/week/month/6-month. Both Copycat Ratio 3M Z and the predicted Copycat 
from stage 1 are included as instruments. Copycat Ratio 3M Z is an instrument variable that measures the ratio of new copycats to the total number of new coins in trading prior to the 
inception of a coin over the past three months. For other variable definition see Table 3.1. Standard errors are reported in parentheses. *, ** and *** denote significance at the 5, 1 and 0.1 
percent levels, respectively 

 First Day  First Week  First Month  First 6 Months 

Dep variable: (1) OLS 
(2) IV: 
Stage 1 

(3) IV: 
Stage 2  (4) OLS 

(5) IV: 
Stage 1 

(6) IV: 
Stage 2  (7) OLS 

(8) IV: 
Stage 1 

(9) IV: 
Stage 2  (10) OLS 

(11) IV: 
Stage 1 

(12) IV: 
Stage 2 

 Returns Copycat Returns  Returns Copycat Returns  Returns Copycat Returns  Returns Copycat Returns 
                
Copycat 0.123* 

(0.055) 
 
 

1.285* 
(0.522) 

 0.208* 
(0.084) 

 
 

1.942* 
(0.788) 

 0.361 
(0.401) 

 
 

6.305 
(3.654) 

 0.769 
(0.705) 

 
 

5.512 
(6.406) 

Copycat Ratio 
3M Z 

 
 

1.410*** 
(0.229) 

 
 

  
 

1.425*** 
(0.230) 

 
 

  
 

1.430*** 
(0.230) 

 
 

  
 

1.400*** 
(0.242) 

 
 

Corresponding 
Bitcoin returns 

0.132 
(0.380) 

0.021 
(0.385) 

0.068 
(0.405) 

 0.886** 
(0.336) 

-0.258 
(0.227) 

0.973** 
(0.360) 

 1.863*** 
(0.559) 

-0.061 
(0.077) 

1.888** 
(0.578) 

 2.866*** 
(0.246) 

0.003 
(0.021) 

2.137*** 
(0.261) 

Post-2017 0.052 
(0.062) 

-0.159 
(0.093) 

0.307* 
(0.132) 

 0.055 
(0.095) 

-0.153 
(0.093) 

0.437* 
(0.200) 

 -0.621 
(0.456) 

-0.152 
(0.094) 

0.688 
(0.936) 

 -2.570** 
(0.805) 

-0.170 
(0.100) 

-0.594 
(1.669) 

Source code -0.005 
(0.054) 

-0.084 
(0.055) 

0.052 
(0.063) 

 -0.052 
(0.083) 

-0.086 
(0.055) 

0.032 
(0.096) 

 -0.050 
(0.395) 

-0.084 
(0.055) 

0.239 
(0.443) 

 0.416 
(0.693) 

-0.082 
(0.055) 

0.272 
(0.729) 

Technical 
documentation 

-0.048 
(0.055) 

-0.270*** 
(0.055) 

0.045 
(0.072) 

 -0.008 
(0.085) 

-0.266*** 
(0.055) 

0.127 
(0.109) 

 0.569 
(0.405) 

-0.270*** 
(0.055) 

1.053* 
(0.508) 

 0.918 
(0.711) 

-0.274*** 
(0.055) 

0.980 
(0.866) 

Website 0.011 
(0.099) 

0.285** 
(0.093) 

-0.127 
(0.122) 

 0.331* 
(0.151) 

0.285** 
(0.093) 

0.124 
(0.185) 

 0.588 
(0.719) 

0.291** 
(0.093) 

-0.132 
(0.864) 

 2.515* 
(1.260) 

0.293** 
(0.093) 

1.606 
(1.458) 

Announcement 0.158** 
(0.053) 

0.016 
(0.055) 

0.164** 
(0.057) 

 0.215** 
(0.082) 

0.016 
(0.055) 

0.225** 
(0.087) 

 -0.386 
(0.391) 

0.022 
(0.055) 

-0.362 
(0.404) 

 0.480 
(0.693) 

0.017 
(0.056) 

0.727 
(0.676) 

Mineable 0.046 
(0.057) 

0.640*** 
(0.053) 

-0.239 
(0.142) 

 0.127 
(0.087) 

0.641*** 
(0.053) 

-0.300 
(0.215) 

 0.270 
(0.417) 

0.638*** 
(0.053) 

-1.183 
(0.991) 

 1.304 
(0.734) 

0.636*** 
(0.053) 

0.135 
(1.700) 

Reddit -0.066 
(0.052) 

-0.035 
(0.053) 

-0.063 
(0.055) 

 -0.001 
(0.079) 

-0.036 
(0.053) 

0.004 
(0.084) 

 -0.395 
(0.379) 

-0.036 
(0.053) 

-0.383 
(0.392) 

 -0.012 
(0.668) 

-0.033 
(0.053) 

0.028 
(0.646) 

Constant 0.109 
(0.111) 

-1.112*** 
(0.163) 

-0.327 
(0.228) 

 -0.243 
(0.171) 

-1.131*** 
(0.163) 

-0.888** 
(0.343) 

 0.256 
(0.816) 

-1.135*** 
(0.164) 

-1.962 
(1.593) 

 -1.977 
(1.422) 

-1.110*** 
(0.168) 

-3.537 
(2.752) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES  YES YES YES 
Observations 3397 3393 3388  3399 3395 3390  3404 3400 3395  3406 3400 3397 
Adjusted R2 0.005  .  0.007  .  0.003  .  0.046   
Pseudo R2  0.144    0.144    0.144    0.144  
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Table 3.6: Coin Returns and Copycat using Alternative Instrumental Variable 2 (Copycat ratio in the last 6 months)  
This table reports results for OLS estimations and both stages using an IV approach. In OLS models, dependent variables are the cumulative returns of the first day, first week, first month 
and first 6 months since the inception. In stage 1 of the IV approach is a Probit model, where the dependent variable is an endogenous dummy variable that returns one if a cryptocurrency 
is a copycat, and zero otherwise. In stage 2, the dependent variable is the cumulative return of the first day/week/month/6-month. Both Copycat Ratio 6M Z and the predicted Copycat 
from stage 1 are included as instruments. Copycat Ratio 6M Z is an instrument variable that measures the ratio of new copycats to the total number of new coins in trading prior to the 
inception of a coin over the past six months. For other variable definitions see Table 3.1. Standard errors are reported in parentheses. *, ** and *** denote significance at the 5, 1 and 0.1 
percent levels, respectively. 

 First Day  First Week  First Month  First 6 Months 

Dep variable: (1) OLS 
(2) IV: 
Stage 1 

(3) IV: 
Stage 2  (4) OLS 

(5) IV: 
Stage 1 

(6) IV: 
Stage 2  (7) OLS 

(8) IV: 
Stage 1 

(9) IV: 
Stage 2  (10) OLS 

(11) IV: 
Stage 1 

(12) IV: 
Stage 2 

 Returns Copycat Returns  Returns Copycat Returns  Returns Copycat Returns  Returns Copycat Returns 
                
Copycat 0.123* 

(0.055) 
 
 

0.998 
(0.543) 

 0.208* 
(0.084) 

 
 

1.892* 
(0.834) 

 0.361 
(0.401) 

 
 

8.342* 
(3.962) 

 0.769 
(0.705) 

 
 

5.996 
(6.885) 

Copycat Ratio 
6M Z 

 
 

1.337*** 
(0.235) 

 
 

  
 

1.357*** 
(0.235) 

 
 

  
 

1.362*** 
(0.237) 

 
 

  
 

1.313*** 
(0.247) 

 
 

Corresponding 
Bitcoin returns 

0.132 
(0.380) 

0.019 
(0.391) 

0.054 
(0.403) 

 0.886** 
(0.336) 

-0.264 
(0.234) 

0.978** 
(0.367) 

 1.863*** 
(0.559) 

-0.049 
(0.086) 

0.839 
(0.638) 

 2.866*** 
(0.246) 

0.007 
(0.021) 

2.122*** 
(0.265) 

Post-2017 0.052 
(0.062) 

-0.186* 
(0.095) 

0.239 
(0.137) 

 0.055 
(0.095) 

-0.176 
(0.095) 

0.425* 
(0.210) 

 -0.621 
(0.456) 

-0.178 
(0.097) 

1.298 
(1.011) 

 -2.570** 
(0.805) 

-0.204* 
(0.102) 

-0.574 
(1.776) 

Source code -0.005 
(0.054) 

-0.074 
(0.056) 

0.037 
(0.062) 

 -0.052 
(0.083) 

-0.076 
(0.056) 

0.027 
(0.096) 

 -0.050 
(0.395) 

-0.074 
(0.056) 

0.144 
(0.454) 

 0.416 
(0.693) 

-0.072 
(0.056) 

0.287 
(0.740) 

Technical 
documentation 

-0.048 
(0.055) 

-0.286*** 
(0.056) 

0.024 
(0.072) 

 -0.008 
(0.085) 

-0.282*** 
(0.056) 

0.121 
(0.111) 

 0.569 
(0.405) 

-0.286*** 
(0.056) 

1.277* 
(0.533) 

 0.918 
(0.711) 

-0.290*** 
(0.056) 

1.055 
(0.899) 

Website 0.011 
(0.099) 

0.290** 
(0.093) 

-0.086 
(0.121) 

 0.331* 
(0.151) 

0.289** 
(0.093) 

0.138 
(0.188) 

 0.588 
(0.719) 

0.296** 
(0.093) 

-0.003 
(0.893) 

 2.515* 
(1.260) 

0.298** 
(0.093) 

1.679 
(1.490) 

Announcement 0.158** 
(0.053) 

-0.006 
(0.055) 

0.166** 
(0.056) 

 0.215** 
(0.082) 

-0.005 
(0.055) 

0.233** 
(0.087) 

 -0.386 
(0.391) 

-0.000 
(0.055) 

-0.131 
(0.416) 

 0.480 
(0.693) 

-0.007 
(0.056) 

0.753 
(0.687) 

Mineable 0.046 
(0.057) 

0.656*** 
(0.053) 

-0.167 
(0.147) 

 0.127 
(0.087) 

0.657*** 
(0.053) 

-0.290 
(0.226) 

 0.270 
(0.417) 

0.654*** 
(0.053) 

-1.709 
(1.068) 

 1.304 
(0.734) 

0.652*** 
(0.053) 

0.064 
(1.818) 

Reddit -0.066 
(0.052) 

-0.029 
(0.053) 

-0.066 
(0.054) 

 -0.001 
(0.079) 

-0.030 
(0.053) 

0.004 
(0.084) 

 -0.395 
(0.379) 

-0.030 
(0.053) 

-0.403 
(0.400) 

 -0.012 
(0.668) 

-0.027 
(0.053) 

-0.011 
(0.651) 

Constant 0.109 
(0.111) 

-1.114*** 
(0.173) 

-0.223 
(0.236) 

 -0.243 
(0.171) 

-1.138*** 
(0.174) 

-0.876* 
(0.362) 

 0.256 
(0.816) 

-1.140*** 
(0.176) 

-3.287 
(1.726) 

 -1.977 
(1.422) 

-1.102*** 
(0.179) 

-3.754 
(2.942) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES  YES YES YES 
Observations 3397 3363 3359  3399 3365 3361  3404 3370 3366  3406 3370 3367 
Adjusted R2 0.005  .  0.007  .  0.003  .  0.046   
Pseudo R2  0.142    0.143    0.143    0.143  
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Table 3.7: Factors determining the likelihood to survive using Alternative Instrumental Variable 1 (Copycat ratio in the last 3 months) 
This table reports results for Probit model estimations and both stages using a modified IV approach. In Probit models, the dependent variable is a dummy variable that returns one if a 
cryptocurrency can survive for more than 1 month, 6 months or 1 year since its inception, and zero otherwise. In stage 1 of the IV approach is a Probit model, where the dependent variable 
is an endogenous dummy variable that returns one if a cryptocurrency is a copycat, and zero otherwise. In stage 2, the dependent variable is the aforementioned survival dummy. Both 
Copycat Ratio 3M Z and the predicted Copycat from stage 1 are included as instruments. Copycat Ratio 3M Z is an instrument variable that measures the ratio of new copycats to the total 
number of new coins in trading prior to the inception of a coin over the past three months. For other variable definitions see Table 3.1. Standard errors are reported in parentheses. *, ** 
and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

 (1) Probit (2) IV: Stage 1 (3) IV: Stage 2  (4) Probit (5) IV: Stage 1 (6) IV: Stage 2  (7) Probit (8) IV: Stage 1 (9) IV: Stage 2 
Dep variable: Survive 1 

Month 
Copycat Survive 1 

Month 
 Survive 6 

Months 
Copycat Survive 6 

Months 
 Survive 1 

Year 
Copycat Survive 1 

Year 
            
Copycat -0.131 

(0.129) 
 
 

-1.398 
(1.031) 

 -0.335*** 
(0.070) 

 
 

-3.682*** 
(0.616 

 -0.254*** 
(0.071) 

 
 

-1.737** 
(0.633) 

Copycat Ratio 
3M Z 

 
 

1.461*** 
(0.233) 

 
 

  
 

1.388*** 
(0.250) 

 
 

  
 

1.364*** 
(0.274) 

 
 

Corresponding 
Bitcoin returns 

0.149 
(0.283) 

-0.057 
(0.077) 

0.127 
(0.282) 

 0.130*** 
(0.034) 

0.013 
(0.021) 

0.172*** 
(0.035) 

 0.087** 
(0.028) 

0.023 
(0.023) 

0.102*** 
(0.029) 

Post-2017 0.071 
(0.148) 

-0.147 
(0.094) 

-0.221 
(0.279) 

 0.117 
(0.082) 

-0.152 
(0.101) 

-0.649*** 
(0.164) 

 -0.363*** 
(0.091) 

-0.197 
(0.107) 

-0.671*** 
(0.159) 

Source code 0.644*** 
(0.177) 

-0.093 
(0.056) 

0.576** 
(0.185) 

 0.897*** 
(0.085) 

-0.090 
(0.058) 

0.724*** 
(0.090) 

 0.828*** 
(0.080) 

-0.077 
(0.067) 

0.754*** 
(0.084) 

Technical 
documentation 

1.086*** 
(0.315) 

-0.256*** 
(0.056) 

0.985** 
(0.324) 

 1.150*** 
(0.116) 

-0.334*** 
(0.059) 

0.799*** 
(0.130) 

 1.345*** 
(0.093) 

-0.332*** 
(0.071) 

1.167*** 
(0.119) 

Website 0.200 
(0.176) 

0.289** 
(0.093) 

0.358 
(0.218) 

 0.356*** 
(0.102) 

0.292** 
(0.094) 

0.781*** 
(0.128) 

 0.436*** 
(0.099) 

0.277** 
(0.096) 

0.610*** 
(0.124) 

Announcement 0.131 
(0.131) 

0.029 
(0.055) 

0.110 
(0.133) 

 0.150* 
(0.073) 

-0.001 
(0.059) 

0.056 
(0.076) 

 0.348*** 
(0.074) 

-0.009 
(0.070) 

0.307*** 
(0.076) 

Mineable 0.157 
(0.139) 

0.646*** 
(0.054) 

0.493 
(0.306) 

 -0.069 
(0.074) 

0.671*** 
(0.055) 

0.836*** 
(0.179) 

 -0.045 
(0.074) 

0.703*** 
(0.062) 

0.370* 
(0.188) 

Reddit 0.095 
(0.148) 

-0.039 
(0.053) 

0.089 
(0.148) 

 0.267*** 
(0.080) 

0.007 
(0.056) 

0.310*** 
(0.081) 

 0.140 
(0.077) 

0.091 
(0.066) 

0.194* 
(0.081) 

Constant 1.239*** 
(0.223) 

-1.156*** 
(0.165) 

1.708*** 
(0.443) 

 0.116 
(0.132) 

-1.054*** 
(0.174) 

1.422*** 
(0.274) 

 -0.357** 
(0.126) 

-1.049*** 
(0.186) 

0.214 
(0.271) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES 
Observations 3338 3329 3329  3046 3037 3037  2355 2346 2346 
Pseudo R2 0.164 0.145 0.165  0.271 0.148 0.275  0.290 0.168 0.286 
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Table 3.8: Factors determining the likelihood to survive using Alternative Instrumental Variable 2 (Copycat ratio in the last 6 months) 
This table reports results for Probit model estimations and both stages using a modified IV approach. In Probit models, the dependent variable is a dummy variable that returns one if a 
cryptocurrency can survive for more than 1 month, 6 months or 1 year since its inception, and zero otherwise. In stage 1 of the IV approach is a Probit model, where the dependent variable 
is an endogenous dummy variable that returns one if a cryptocurrency is a copycat, and zero otherwise. In stage 2, the dependent variable is the aforementioned survival dummy. Both 
Copycat Ratio 6M Z and the predicted Copycat from stage 1 are included as instruments. Copycat Ratio 6M Z is an instrument variable that measures the ratio of new copycats to the total 
number of new coins in trading prior to the inception of a coin over the past six months. For other variable definitions see Table 3.1. Standard errors are reported in parentheses. *, ** and 
*** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

 (1) Probit (2) IV: Stage 1 (3) IV: Stage 2  (4) Probit (5) IV: Stage 1 (6) IV: Stage 2  (7) Probit (8) IV: Stage 1 (9) IV: Stage 2 
Dep variable: Survive 1 

Month 
Copycat Survive 1 

Month 
 Survive 6 

Months 
Copycat Survive 6 

Months 
 Survive 1 

Year 
Copycat Survive 1 

Year 
            
Copycat -0.131 

(0.129) 
 
 

-1.351 
(1.061) 

 -0.335*** 
(0.070) 

 
 

-4.164*** 
(0.661) 

 -0.254*** 
(0.071) 

 
 

-1.825** 
(0.645) 

Copycat Ratio 
6M Z 

 
 

1.375*** 
(0.239) 

 
 

  
 

1.258*** 
(0.251) 

 
 

  
 

1.342*** 
(0.279) 

 
 

Corresponding 
Bitcoin returns 

0.149 
(0.283) 

-0.044 
(0.086) 

0.138 
(0.293) 

 0.130*** 
(0.034) 

0.017 
(0.021) 

0.184*** 
(0.036) 

 0.087** 
(0.028) 

0.032 
(0.023) 

0.101*** 
(0.029) 

Post-2017 0.071 
(0.148) 

-0.178 
(0.097) 

-0.203 
(0.286) 

 0.117 
(0.082) 

-0.195 
(0.102) 

-0.745*** 
(0.173) 

 -0.363*** 
(0.091) 

-0.232* 
(0.104) 

-0.673*** 
(0.160) 

Source code 0.644*** 
(0.177) 

-0.083 
(0.056) 

0.577** 
(0.187) 

 0.897*** 
(0.085) 

-0.083 
(0.059) 

0.696*** 
(0.091) 

 0.828*** 
(0.080) 

-0.071 
(0.068) 

0.743*** 
(0.084) 

Technical 
documentation 

1.086*** 
(0.315) 

-0.273*** 
(0.056) 

0.988** 
(0.326) 

 1.150*** 
(0.116) 

-0.348*** 
(0.059) 

0.745*** 
(0.133) 

 1.345*** 
(0.093) 

-0.335*** 
(0.071) 

1.151*** 
(0.121) 

Website 0.200 
(0.176) 

0.295** 
(0.093) 

0.343 
(0.218) 

 0.356*** 
(0.102) 

0.299** 
(0.094) 

0.821*** 
(0.131) 

 0.436*** 
(0.099) 

0.274** 
(0.096) 

0.612*** 
(0.124) 

Announcement 0.131 
(0.131) 

0.006 
(0.056) 

0.122 
(0.133) 

 0.150* 
(0.073) 

-0.030 
(0.059) 

0.050 
(0.077) 

 0.348*** 
(0.074) 

-0.043 
(0.070) 

0.303*** 
(0.078) 

Mineable 0.157 
(0.139) 

0.662*** 
(0.054) 

0.470 
(0.312) 

 -0.069 
(0.074) 

0.687*** 
(0.055) 

0.954*** 
(0.190) 

 -0.045 
(0.074) 

0.713*** 
(0.063) 

0.395* 
(0.192) 

Reddit 0.095 
(0.148) 

-0.033 
(0.053) 

0.095 
(0.148) 

 0.267*** 
(0.080) 

0.012 
(0.056) 

0.326*** 
(0.081) 

 0.140 
(0.077) 

0.098 
(0.066) 

0.205* 
(0.082) 

Constant 1.239*** 
(0.223) 

-1.150*** 
(0.177) 

1.678*** 
(0.458) 

 0.116 
(0.132) 

-1.022*** 
(0.183) 

1.611*** 
(0.293) 

 -0.357** 
(0.126) 

-1.057*** 
(0.196) 

0.265 
(0.280) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES 
Observations 3338 3299 3299  3046 3007 3007  2355 2316 2316 
Pseudo R2 0.164 0.143 0.166  0.271 0.147 0.279  0.290 0.168 0.286 
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3.6 Alternative cryptocurrency names 
 

So far, we have categorized our sample based on whether they include “bit” or “coin” in 

their name, with the hypothesis that these cryptocurrencies are more familiar to investors since 

they have similar names to Bitcoin. However, do we observe similar results if cryptocurrencies 

have names that are related to cryptocurrencies in general? In this section, we investigate names 

that have an association with cryptocurrency but are dissimilar to Bitcoin. Specifically, we look 

at cryptocurrencies with names that contain “token”, “crypto” or “currency”, and “block” or 

“chain”. Whilst token, crypto, and currency are obvious names, we add block and chain given 

its close association with Bitcoin (see for example, Narayanan and Clark, 2017). Given our 

hypothesis that Copycats benefit only by having a similar name to Bitcoin, new ventures with 

cryptocurrency-related names (i.e., token, crypto or currency, block or chain) should have a 

negligible association with performance. We identify that 149 cryptocurrencies with “block” 

or “chain” in the name, 194 cryptocurrencies with “token” in the name, and 41 with “crypto” 

or “currency” in the name.  

 

We include additional dummy variables, Token, Crypto-Currency, and Block-Chain, that 

take the value of one if the non-copycat name contains “token”, “crypto” or “currency”, and 

“block” or “chain”, respectively, and zero otherwise29. Importantly, there is no overlap with 

these categorizations and our Copycat variable. To see whether there is an aggregated 

cryptocurrency-related effect, we create Imitate, which takes the value of one, if the 

cryptocurrency contains “bit”, “coin”, “token”, “crypto”, “currency”, “block”, or “chain”, and 

zero otherwise. In other words, Imitate is a variable that captures an effort to imitate, in general, 

in the naming context. In Tables 3.9 and 3.10, we reproduce the baseline regressions observed 

earlier for first day and first week returns, and survivability, respectively. In Models 1 to 4 and 

 
29 For example, if a cryptocurrency name contains both “coin” and “token”, this is defined as a copycat (CC).  
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6 to 9, we find an insignificant coefficient on all our alternative cryptocurrency name dummies. 

This indicates that whilst cryptocurrencies that have names related to the concept (i.e., 

blockchain technology and cryptocurrency), they do not earn significantly different returns 

compared to those that do not include the corresponding term in their name. To show that 

Copycats have better performance than those with and without cryptocurrency-related names, 

we include all of our name dummies in Models 5 and 10. We find that the coefficient on 

Copycat remains positive and significant, indicating that cryptocurrencies that have a name 

similar to Bitcoin have superior performance. In un-tabulated results for returns for the first 

month and first six months, no form of imitation experiences a significant positive return.  

 

In Table 3.10, we find a negative and significant coefficient on Imitate, suggesting an overall 

lower survivability for the first six and 12 months of trading. It is possible that this variable 

captures the lower survivability in Copycats observed in Table 3.4. Except for Columns 8 and 

9, all other alternative name dummies are insignificant, suggesting no difference in 

survivability for the first, 6 and 12 months. We find a positive and significant coefficient on 

Token and Block-Chain for the first six months of trading (Columns 8 and 9), suggesting that 

those cryptocurrencies that include “token”, or “block” or “chain” in the name have higher 

survivability compared to those that do not. Overall, we observe the imitation impact on returns 

and survivability is more pronounced for Copycats. When controlling for all forms of name 

imitations, Copycat is still negative and significant (Columns 10 and 15), implying that Bitcoin 

CCs are less likely to survive beyond 6 months than NCCs. This confirms our main findings. 
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Table 3.9: Coin Returns, Copycat and other forms of Imitations 
This table reports results for OLS estimations. Dependent variables are the cumulative returns of the first day and first week since the inception. For other variable definitions 
see Table 3.1.  *, ** and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

Dep variable: First Day  First Week 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Imitate 0.055 

(0.050) 
 
 

 
 

 
 

 
 

 0.095 
(0.076) 

 
 

 
 

 
 

 
 

Copycat  
 

 
 

 
 

 
 

0.111* 
(0.056) 

  
 

 
 

 
 

 
 

0.190* 
(0.086) 

Crypto-Currency  
 

-0.123 
(0.218) 

 
 

 
 

-0.092 
(0.219) 

  
 

-0.233 
(0.333) 

 
 

 
 

-0.180 
(0.334) 

Token  
 

 
 

-0.099 
(0.105) 

 
 

-0.077 
(0.107) 

  
 

 
 

-0.142 
(0.161) 

 
 

-0.103 
(0.163) 

Block-Chain  
 

 
 

 
 

-0.111 
(0.118) 

-0.091 
(0.119) 

  
 

 
 

 
 

-0.182 
(0.180) 

-0.145 
(0.181) 

Corresponding 
Bitcoin returns 

0.142 
(0.381) 

0.144 
(0.381) 

0.126 
(0.381) 

0.130 
(0.381) 

0.122 
(0.381) 

 0.891** 
(0.337) 

0.880** 
(0.337) 

0.868** 
(0.337) 

0.865* 
(0.337) 

0.873** 
(0.337) 

Post-2017 0.032 
(0.061) 

0.025 
(0.061) 

0.029 
(0.061) 

0.029 
(0.061) 

0.057 
(0.062) 

 0.022 
(0.094) 

0.010 
(0.093) 

0.015 
(0.093) 

0.016 
(0.093) 

0.062 
(0.095) 

Source code -0.008 
(0.054) 

-0.011 
(0.054) 

-0.010 
(0.054) 

-0.009 
(0.054) 

-0.004 
(0.054) 

 -0.058 
(0.083) 

-0.063 
(0.083) 

-0.061 
(0.083) 

-0.060 
(0.083) 

-0.052 
(0.083) 

Technical 
documentation 

-0.054 
(0.055) 

-0.057 
(0.055) 

-0.057 
(0.055) 

-0.057 
(0.055) 

-0.048 
(0.055) 

 -0.018 
(0.085) 

-0.022 
(0.085) 

-0.023 
(0.085) 

-0.022 
(0.085) 

-0.007 
(0.085) 

Website 0.020 
(0.099) 

0.025 
(0.099) 

0.029 
(0.099) 

0.024 
(0.099) 

0.012 
(0.099) 

 0.344* 
(0.151) 

0.353* 
(0.151) 

0.359* 
(0.151) 

0.352* 
(0.151) 

0.331* 
(0.151) 

Announcement 0.161** 
(0.054) 

0.158** 
(0.054) 

0.155** 
(0.054) 

0.153** 
(0.054) 

0.153** 
(0.054) 

 0.220** 
(0.082) 

0.215** 
(0.082) 

0.211* 
(0.082) 

0.207* 
(0.082) 

0.208* 
(0.082) 

Mineable 0.068 
(0.056) 

0.077 
(0.056) 

0.070 
(0.056) 

0.074 
(0.056) 

0.042 
(0.057) 

 0.163 
(0.086) 

0.179* 
(0.085) 

0.169* 
(0.086) 

0.175* 
(0.085) 

0.121 
(0.088) 

Reddit -0.062 
(0.052) 

-0.067 
(0.052) 

-0.073 
(0.053) 

-0.066 
(0.052) 

-0.072 
(0.053) 

 0.005 
(0.080) 

-0.003 
(0.079) 

-0.011 
(0.080) 

-0.001 
(0.079) 

-0.008 
(0.080) 

Constant 0.127 
(0.112) 

0.157 
(0.110) 

0.160 
(0.110) 

0.160 
(0.110) 

0.124 
(0.112) 

 -0.213 
(0.172) 

-0.161 
(0.168) 

-0.158 
(0.168) 

-0.157 
(0.168) 

-0.220 
(0.172) 

Quarterly F.E. YES YES YES YES YES  YES YES YES YES YES 
Observations 3397 3397 3397 3397 3397  3399 3399 3399 3399 3399 
Adjusted R2 0.004 0.004 0.004 0.004 0.004  0.006 0.005 0.006 0.006 0.007 
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Table 3.10: Factors determining the likelihood to survive for Copycats and other forms of Imitations 
This table reports results for Probit model estimations. In Probit models, the dependent variable is a dummy variable that returns one if a cryptocurrency can survive for more than 1 month, 6 
months or 1 year since its inception, and zero otherwise. For other variable definitions see Table 3.1. Standard errors are reported in parentheses. *, ** and *** denote significance at the 5, 1 
and 0.1 percent levels, respectively. 

Dep Variable: Survive 1 Month  Survive 6 Months  Survive 1 Year 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 
Imitate -0.188 

(0.126) 
 
 

 
 

 
 

 
 

 -0.196** 
(0.068) 

 
 

 
 

 
 

 
 

 -0.194** 
(0.068) 

 
 

 
 

 
 

 
 

Copycat  
 

 
 

 
 

 
 

-0.163 
(0.134) 

  
 

 
 

 
 

 
 

-0.300*** 
(0.072) 

  
 

 
 

 
 

 
 

-0.247*** 
(0.072) 

Crypto-Currency  
 

-0.102 
(0.501) 

 
 

 
 

-0.177 
(0.505) 

  
 

0.310 
(0.336) 

 
 

 
 

0.189 
(0.336) 

  
 

-0.051 
(0.299) 

 
 

 
 

-0.147 
(0.299) 

Token  
 

 
 

-0.058 
(0.260) 

 
 

-0.129 
(0.266) 

  
 

 
 

0.350* 
(0.176) 

 
 

0.255 
(0.178) 

  
 

 
 

0.156 
(0.192) 

 
 

0.084 
(0.193) 

Block-Chain  
 

 
 

 
 

-0.231 
(0.294) 

-0.293 
(0.298) 

  
 

 
 

 
 

0.509* 
(0.221) 

0.428 
(0.223) 

  
 

 
 

 
 

0.245 
(0.204) 

0.165 
(0.205) 

Corresponding 
Bitcoin returns 

0.128 
(0.282) 

0.152 
(0.282) 

0.149 
(0.282) 

0.147 
(0.282) 

0.129 
(0.283) 

 0.123*** 
(0.034) 

0.121*** 
(0.034) 

0.125*** 
(0.034) 

0.124*** 
(0.034) 

0.134*** 
(0.034) 

 0.085** 
(0.028) 

0.083** 
(0.028) 

0.083** 
(0.028) 

0.085** 
(0.028) 

0.088** 
(0.028) 

Post-2017 0.088 
(0.147) 

0.097 
(0.146) 

0.102 
(0.148) 

0.113 
(0.148) 

0.098 
(0.152) 

 0.168* 
(0.081) 

0.190* 
(0.080) 

0.171* 
(0.081) 

0.169* 
(0.081) 

0.092 
(0.083) 

 -0.339*** 
(0.090) 

-0.316*** 
(0.090) 

-0.321*** 
(0.090) 

-0.326*** 
(0.090) 

-0.371*** 
(0.091) 

Source code 0.644*** 
(0.177) 

0.652*** 
(0.177) 

0.653*** 
(0.177) 

0.654*** 
(0.177) 

0.645*** 
(0.177) 

 0.897*** 
(0.085) 

0.902*** 
(0.085) 

0.906*** 
(0.085) 

0.902*** 
(0.085) 

0.902*** 
(0.086) 

 0.822*** 
(0.080) 

0.828*** 
(0.080) 

0.832*** 
(0.080) 

0.830*** 
(0.080) 

0.830*** 
(0.080) 

Technical 
documentation 

1.082*** 
(0.314) 

1.103*** 
(0.315) 

1.101*** 
(0.315) 

1.110*** 
(0.316) 

1.090*** 
(0.315) 

 1.155*** 
(0.115) 

1.166*** 
(0.115) 

1.178*** 
(0.116) 

1.167*** 
(0.116) 

1.158*** 
(0.117) 

 1.361*** 
(0.093) 

1.373*** 
(0.093) 

1.372*** 
(0.093) 

1.366*** 
(0.093) 

1.342*** 
(0.093) 

Website 0.205 
(0.175) 

0.180 
(0.175) 

0.184 
(0.174) 

0.178 
(0.174) 

0.197 
(0.176) 

 0.335*** 
(0.101) 

0.316** 
(0.101) 

0.304** 
(0.101) 

0.321** 
(0.101) 

0.357*** 
(0.102) 

 0.425*** 
(0.099) 

0.403*** 
(0.098) 

0.401*** 
(0.098) 

0.409*** 
(0.098) 

0.435*** 
(0.099) 

Announcement 0.125 
(0.131) 

0.132 
(0.131) 

0.131 
(0.131) 

0.122 
(0.132) 

0.120 
(0.132) 

 0.148* 
(0.073) 

0.163* 
(0.073) 

0.170* 
(0.073) 

0.176* 
(0.073) 

0.165* 
(0.073) 

 0.345*** 
(0.074) 

0.360*** 
(0.074) 

0.360*** 
(0.074) 

0.367*** 
(0.074) 

0.355*** 
(0.074) 

Mineable 0.159 
(0.138) 

0.121 
(0.135) 

0.119 
(0.136) 

0.118 
(0.135) 

0.153 
(0.140) 

 -0.116 
(0.073) 

-0.146* 
(0.072) 

-0.129 
(0.072) 

-0.139 
(0.072) 

-0.058 
(0.074) 

 -0.071 
(0.073) 

-0.111 
(0.071) 

-0.105 
(0.072) 

-0.109 
(0.071) 

-0.043 
(0.074) 

Reddit 0.084 
(0.148) 

0.094 
(0.148) 

0.090 
(0.149) 

0.091 
(0.148) 

0.085 
(0.149) 

 0.255** 
(0.080) 

0.258** 
(0.079) 

0.273*** 
(0.080) 

0.262*** 
(0.080) 

0.280*** 
(0.080) 

 0.134 
(0.077) 

0.125 
(0.077) 

0.128 
(0.077) 

0.123 
(0.077) 

0.141 
(0.077) 

Constant 1.273*** 
(0.226) 

1.192*** 
(0.218) 

1.189*** 
(0.217) 

1.193*** 
(0.218) 

1.266*** 
(0.226) 

 0.081 
(0.133) 

-0.028 
(0.128) 

-0.037 
(0.128) 

-0.039 
(0.128) 

0.071 
(0.133) 

 -0.358** 
(0.128) 

-0.447*** 
(0.124) 

-0.455*** 
(0.124) 

-0.458*** 
(0.124) 

-0.366** 
(0.128) 

Quarterly F.E. YES YES YES YES YES  YES YES YES YES YES  YES YES YES YES YES 
Observations 3338 3338 3338 3338 3338  3046 3046 3046 3046 3046  2355 2355 2355 2355 2355 
Pseudo R2 0.166 0.162 0.162 0.163 0.166  0.265 0.262 0.264 0.264 0.273  0.288 0.285 0.285 0.285 0.290 
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3.7 Dot-com Bubble 
 

The purpose of this analysis is to show the relevance of the name of new ventures in a novel 

industry. However, does this relationship exist in alternative asset classes? Similar to the 

cryptocurrency market, the dot-com market was also highly uncertain, however, subject to 

greater regulation and absent an obvious leader. In this section, we investigate whether Internet 

Initial Public Offerings (IPOs) with names that associate themselves with the Internet 

experience a difference in short-term performance.  

We include similar heatmaps for the sample of US IPO firms30 in Figure 3.3. For comparison 

purposes, we place the heatmap of cryptocurrencies’ names, names of all Internet IPOs, and 

names of all IPOs in U.S. in Panels A, B and C, respectively. While this comparison of naming 

patterns itself deserves a separate discussion, we focus on illustrating the point that 

cryptocurrencies do not resemble the choice of letters as seen in the primary equity market. We 

separate the sample into Internet-CCs and Internet-NCCs, where the former affix their names 

with terms related to the Internet31. There are 178 Internet-CCs and 523 Internet-NCCs between 

1992 and 2018. As there is no clear leader to imitate during the Dot-Com bubble, the Internet 

CCs are more closely related to those cryptocurrencies categorized as imitators (Imitate) in the 

previous section. Absent a clear leader, our aim is to study whether imitators in this setting, in 

general, differ from their counterparts in terms of returns and survivability. 

 

Figure 3.4 illustrates average Nth weekly return (left y-axis) and N-week survival rate (right 

y-axis) for U.S. IPOs from 1992 to 2018 across three sample periods. The key message from 

Panel A is that Internet Copycats exhibit lower one-year survival rates and similar short-term 

 
30 The list of Internet and all IPOs in US is sourced from Jay Ritter’s website: 
https://site.warrington.ufl.edu/ritter/ipo-data/.  
31 Specifically, Internet-CCs include ones with ‘.com’, ‘ net’, ‘internet’, ‘@’, ‘online’, ‘on-line’ in their 
company names during IPO. In addition, we manually identify 57 Internet-CCs with ‘Com’ and ‘Net’ expressed 
as Upper Camel Case as a common naming convention in programming.   
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returns across the entire 26-year sample. In Panel B and C, we separate the sample into the 

period before (1992 – 1999) and during/after (2000 – 2018) the dot-com bubble, respectively. 

Before the dot-com bubble, we observe Internet-CCs experience larger early short-term returns 

and a lower survival rate compared to Internet-NCCs. Unsurprisingly this relationship becomes 

less noticeable in the longer sample period observed in Panel C. In untabulated multivariate 

analysis, we do not find significant differences in first day or first week returns across the entire 

sample, after controlling for firm age, total assets, EPS and total revenue. Consistent with our 

observation in Panels B and C, the difference in initial returns between Internet-CCs and 

Internet-NCCs are only significant before the dot-com bubble. 

However, in contrast to the results on survivability found in the cryptocurrency market, we 

find no significant difference in Internet-CCs and Internet-NCCs across the entire sample and 

subsample periods. We find this an interesting contrast. Although both markets 

(cryptocurrency and equity) were characterized by high uncertainty, they have large differences 

with respect to regulation. Whether these findings are attributable to this difference remains 

unknown. 
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Figure 3.3: Monthly letter frequencies of Cryptocurrencies, Internet IPOs and All IPOs in U.S. 
The figure presents a heatmap of frequencies of letters on a monthly basis for the entire sample of cryptocurrencies, Internet IPO companies and all IPO companies in US in Panels A, B and 
C, respectively. IPO data is sourced from Jay Ritter’s website: https://site.warrington.ufl.edu/ritter/ipo-data/. The frequency is estimated by taking the ratio of the number of times that a 
letter is included in the name of a coin, to the total number of letters from coins’ names each month. We have removed space and hyphens from coin names. For example, there are a total 
of two coins in one month, namely ‘agoodcoin’ and ‘badtoken’. The frequency of letter ‘a’ is 2/17, whereas that of letter ‘u’ is 0/17. Please note that we have excluded symbols and numeric 
when estimating the denominator. 
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Figure 3.4: Average Nth weekly returns and survival rates of Internet IPO copycats and non-copycats, February 1992 – October 2018 
This figure illustrates average Nth weekly return and survival rate of Internet copycats (CC) and non-copycats (NCC) that have gone through the initial public offering (IPO) process 
between 1992 and 2018. We define an IPO CC if the company name has “.com”, “.net” or a few other key terms. Panels A, B and C illustrate the entire sample, pre-1999 and post-
1999 sample, respectively. The y-axis on the left indicates the average nth weekly return, where the x-axis is read as the corresponding 1 (first), 4 (fourth), up to 52 (52nd) week period 
since the inception of a coin. The y-axis on the right indicates the survival rate, where the x-axis is read as the corresponding 1-, 4-, up to 52-week period since the inception of a 
coin. In estimating survival rates, we remove companies that are still traded as of the last day of the sample (18 June 2019) but have shorter life span than the corresponding n-week 
survival rate to avoid any downside biases. Returns of CC and NCC are denoted with blue-dot and green-triangle lines, respectively. Survival rates of CC and NCC are denoted with 
purple-hash and teal-cross dashed lines, respectively. 
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3.8 Alternative copycat specification 
 

In this section, we propose an alternative measure to proxy for the imitation to Bitcoin. We 

calculate a SPEDIS score to measure how close a coin’s name is to “bitcoin” in spelling. With 

a minimum of zero for a perfect match, this score increases when a certain action is required 

to convert the keyword into a perfect match, such as deleting a double letter or replacing a 

letter.32 This helps us capture coins that intentionally misspelled “coin” to “koin”, or using 

keywords that are derived from Bitcoin’s ticker “BTC”, such as a cryptocurrency being named 

as “btc-lite” or “btcgold”. Although this variable is a continuous variable, it is difficult to 

interpret the impact from a marginal increase in this measure to either a coin’s early returns or 

its likelihood to survive. The convention is to pick a critical value as a cut-off for matching. 

Figure 3.5 shows the distribution of monthly SPEDIS scores for CC and NCC coin names. The 

score that appears to best differentiate CCs and NCCs is approximately 70. Using this cut-off 

we construct a binary variable to proxy for the similarity of a cryptocurrencies name to Bitcoin, 

which takes the value of one if the cryptocurrency’s score is less than 70 (CC), and zero 

otherwise (NCC). The resulting variable is 70.4% correlated with our main copycat variable. 

 

In Table 3.11, we find the coefficients on SPEDIS to be insignificant across all baseline 

regressions (Models 1, 4, 7, and 10), which is inconsistent with our prior findings in Table 3.3. 

However, in the two-stage regression we find significant coefficients SPEDIS for the first day 

and first week returns and insignificance for the longer windows. In Table 3.12, we show the 

survivability of CCs and NCCs using the SPEDIS score. Consistent with our earlier findings 

we find that in the baseline regression the coefficient on the SPEDIS variable is negative and 

significant indicating lower survival rates for cryptocurrencies with a similar name to Bitcoin. 

 
32 For interested readers, we refer to a more comprehensive description about this built-in function of the statistical software 
SAS to Gershteyneyn (2000).  
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We also notice, whilst in the same direction as the coefficient in Table 3.4, the one-month 

survivability becomes significant when using this alternative measure for similarity. In the two-

stage regression we also show persistent significance of the similarity variable, consistent with 

our findings in Table 3.4. 

Figure 3.5: The relationship between Copycat variable and SPEDIS Score 
This figure illustrates monthly boxplots of SPEDIS scores of coins’ names over the entire sample from 28 April 
2013 to 18 June 2019. SPEDIS score measures how close a coin’s name is to ‘bitcoin’ in spelling. Boxplots in red 
(blue) represent the distribution of SPEDIS scores of copycats (non-copycats). A copycat is defined as a coin that 
has either ‘bit’ or ‘coin’ in its name.  
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Table 3.11: Coin Returns and SPEDIS Score as an alternative measure of similarity to ‘Bitcoin’ 
This table reports results for OLS estimations and both stages using an IV approach. In OLS models, dependent variables are the cumulative returns of the first day, first week, first month 
and first 6 months since the inception. In stage 1 of the IV approach, the dependent variable is an endogenous dummy variable that returns 1 if a cryptocurrency is a copycat, and a Probit 
model is adopted. In stage 2, the dependent variable is the cumulative return of the first day/week/month/6-month. Both Concentration of copycats Z and the predicted SPEDIS from stage 
1 are included as instruments. For other variable definitions see Table 3.1. *, ** and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

 First Day  First Week  First Month  First 6 Months 

Dep variable: (1) OLS 
(2) IV: 
Stage 1 

(3) IV: 
Stage 2  (4) OLS 

(5) IV: 
Stage 1 

(6) IV: 
Stage 2  (7) OLS 

(8) IV: 
Stage 1 

(9) IV: 
Stage 2  (10) OLS 

(11) IV: 
Stage 1 

(12) IV: 
Stage 2 

 Returns SPEDIS Returns  Returns SPEDIS Returns  Returns SPEDIS Returns  Returns SPEDIS Returns 
                
SPEDIS 0.038 

(0.050) 
 
 

1.421* 
(0.640) 

 0.093 
(0.076) 

 
 

2.621** 
(0.983) 

 0.034 
(0.364) 

 
 

6.072 
(4.244) 

 0.074 
(0.638) 

 
 

9.861 
(7.361) 

Concentration of 
copycats Z 

 
 

1.331*** 
(0.268) 

 
 

  
 

1.385*** 
(0.269) 

 
 

  
 

1.414*** 
(0.275) 

 
 

  
 

1.514*** 
(0.292) 

 
 

Corresponding 
Bitcoin returns 

0.145 
(0.381) 

-0.669 
(0.359) 

0.414 
(0.439) 

 0.892** 
(0.337) 

-0.586** 
(0.210) 

1.303** 
(0.418) 

 1.863*** 
(0.559) 

-0.132 
(0.073) 

1.951*** 
(0.584) 

 2.876*** 
(0.245) 

-0.037 
(0.020) 

2.861*** 
(0.254) 

Post-2017 0.029 
(0.061) 

0.035 
(0.092) 

0.202 
(0.105) 

 0.020 
(0.094) 

0.052 
(0.093) 

0.335* 
(0.163) 

 -0.697 
(0.450) 

0.064 
(0.096) 

0.064 
(0.708) 

 -2.740*** 
(0.792) 

0.097 
(0.102) 

-1.473 
(1.253) 

Source code -0.009 
(0.054) 

-0.030 
(0.051) 

0.035 
(0.063) 

 -0.059 
(0.083) 

-0.031 
(0.052) 

0.023 
(0.100) 

 -0.066 
(0.394) 

-0.031 
(0.051) 

0.128 
(0.431) 

 0.384 
(0.693) 

-0.029 
(0.051) 

0.684 
(0.749) 

Technical 
documentation 

-0.056 
(0.055) 

-0.115* 
(0.052) 

-0.008 
(0.065) 

 -0.020 
(0.085) 

-0.111* 
(0.052) 

0.064 
(0.102) 

 0.543 
(0.404) 

-0.116* 
(0.052) 

0.762 
(0.446) 

 0.859 
(0.709) 

-0.116* 
(0.052) 

1.223 
(0.781) 

Website 0.022 
(0.099) 

0.284** 
(0.090) 

-0.138 
(0.132) 

 0.345* 
(0.151) 

0.283** 
(0.090) 

0.052 
(0.207) 

 0.628 
(0.718) 

0.291** 
(0.090) 

-0.093 
(0.900) 

 2.603* 
(1.259) 

0.286** 
(0.090) 

1.417 
(1.574) 

Announcement 0.159** 
(0.054) 

-0.141** 
(0.050) 

0.226*** 
(0.067) 

 0.219** 
(0.082) 

-0.139** 
(0.050) 

0.339** 
(0.105) 

 -0.386 
(0.391) 

-0.134** 
(0.050) 

-0.102 
(0.452) 

 0.475 
(0.694) 

-0.125* 
(0.051) 

0.951 
(0.800) 

Mineable 0.071 
(0.056) 

0.356*** 
(0.052) 

-0.140 
(0.115) 

 0.164 
(0.086) 

0.358*** 
(0.052) 

-0.223 
(0.180) 

 0.354 
(0.409) 

0.355*** 
(0.052) 

-0.563 
(0.769) 

 1.480* 
(0.721) 

0.358*** 
(0.052) 

0.003 
(1.333) 

Reddit -0.061 
(0.052) 

-0.396*** 
(0.049) 

0.134 
(0.107) 

 0.012 
(0.080) 

-0.396*** 
(0.049) 

0.367* 
(0.166) 

 -0.391 
(0.383) 

-0.398*** 
(0.049) 

0.457 
(0.714) 

 -0.002 
(0.674) 

-0.403*** 
(0.049) 

1.366 
(1.238) 

Constant 0.135 
(0.113) 

-0.788*** 
(0.194) 

-0.568 
(0.347) 

 -0.213 
(0.172) 

-0.840*** 
(0.195) 

-1.486** 
(0.531) 

 0.373 
(0.823) 

-0.853*** 
(0.200) 

-2.693 
(2.310) 

 -1.727 
(1.435) 

-0.899*** 
(0.207) 

-6.713 
(4.018) 

Quarterly F.E. YESE YES YES  YES YES YES  YES YES YES  YES YES YES 
Observations 3397 3402 3397  3399 3404 3399  3404 3409 3404  3406 3409 3406 
Adjusted R2 0.001  .  0.006  .  0.002  .  0.045   
Pseudo R2  0.070    0.071    0.070    0.070  
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Table 3.12: Factors determining the likelihood to survive using SPEDIS Score as an alternative measure of similarity to ‘Bitcoin’ 
This table reports results for Probit model estimations and both stages using a modified IV approach. In Probit models, the dependent variable is a dummy variable that returns 1 if a 
cryptocurrency can survive for more than 1 month, 6 months or 1 year since its inception. In stage 1 of the IV approach, the dependent variable is an endogenous dummy variable that returns 
1 if a cryptocurrency is a copycat, and a Probit model is adopted. In stage 2, the dependent variable is the aforementioned survival dummy. Both Concentration of copycats Z and the 
predicted SPEDIS from stage 1 are included as instruments. For other variable definitions see Table 3.1. *, ** and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 

 (1) Probit (2) IV: Stage 1 (3) IV: Stage 2  (4) Probit (5) IV: Stage 1 (6) IV: Stage 2  (7) Probit (8) IV: Stage 1 (9) IV: Stage 2 
Dep variable: Survive 1 

Month 
SPEDIS Survive 1 

Month 
 Survive 6 

Months 
SPEDIS Survive 6 

Months 
 Survive 1 

Year 
SPEDIS Survive 1 

Year 
            
SPEDIS -0.253* 

(0.128) 
 
 

-3.561* 
(1.440) 

 -0.221** 
(0.068) 

 
 

-5.574*** 
(0.726) 

 -0.264*** 
(0.067) 

 
 

-2.098*** 
(0.605) 

Concentration 
of copycats Z 

 
 

1.385*** 
(0.281) 

 
 

  
 

1.647*** 
(0.339) 

 
 

  
 

2.118*** 
(0.401) 

 
 

Corresponding 
Bitcoin returns 

0.127 
(0.284) 

-0.127 
(0.073) 

0.096 
(0.284) 

 0.126*** 
(0.034) 

-0.037 
(0.021) 

0.140*** 
(0.034) 

 0.086** 
(0.028) 

-0.032 
(0.022) 

0.082** 
(0.028) 

Post-2017 0.086 
(0.147) 

0.058 
(0.096) 

-0.331 
(0.227) 

 0.168* 
(0.081) 

0.140 
(0.109) 

-0.491*** 
(0.123) 

 -0.338*** 
(0.090) 

0.194 
(0.112) 

-0.519*** 
(0.108) 

Source code 0.638*** 
(0.178) 

-0.039 
(0.052) 

0.514** 
(0.185) 

 0.894*** 
(0.085) 

-0.025 
(0.054) 

0.755*** 
(0.088) 

 0.825*** 
(0.080) 

-0.031 
(0.063) 

0.771*** 
(0.082) 

Technical 
documentation 

1.080*** 
(0.314) 

-0.104* 
(0.052) 

0.961** 
(0.316) 

 1.159*** 
(0.115) 

-0.173** 
(0.055) 

0.844*** 
(0.121) 

 1.354*** 
(0.093) 

-0.157* 
(0.067) 

1.207*** 
(0.104) 

Website 0.211 
(0.176) 

0.290** 
(0.090) 

0.615* 
(0.247) 

 0.338*** 
(0.101) 

0.269** 
(0.091) 

0.966*** 
(0.133) 

 0.434*** 
(0.099) 

0.235* 
(0.093) 

0.627*** 
(0.118) 

Announcement 0.116 
(0.132) 

-0.143** 
(0.051) 

-0.090 
(0.160) 

 0.146* 
(0.073) 

-0.159** 
(0.054) 

-0.251** 
(0.092) 

 0.338*** 
(0.074) 

-0.144* 
(0.064) 

0.210* 
(0.085) 

Mineable 0.175 
(0.138) 

0.360*** 
(0.052) 

0.678** 
(0.262) 

 -0.113 
(0.073) 

0.389*** 
(0.054) 

0.755*** 
(0.138) 

 -0.058 
(0.073) 

0.480*** 
(0.062) 

0.319* 
(0.143) 

Reddit 0.065 
(0.149) 

-0.407*** 
(0.050) 

-0.435 
(0.261) 

 0.240** 
(0.080) 

-0.359*** 
(0.052) 

-0.423*** 
(0.120) 

 0.115 
(0.077) 

-0.221*** 
(0.061) 

-0.018 
(0.087) 

Constant 1.319*** 
(0.229) 

-0.829*** 
(0.203) 

3.054*** 
(0.791) 

 0.098 
(0.133) 

-0.958*** 
(0.240) 

2.972*** 
(0.411) 

 -0.321* 
(0.128) 

-1.283*** 
(0.269) 

0.614 
(0.330) 

Quarterly F.E. YES YES YES  YES YES YES  YES YES YES 
Observations 3338 3338 3338  3046 3046 3046  2355 2355 2355 
Pseudo R2 0.169 0.070 0.173  0.266 0.072 0.285  0.290 0.089 0.289 



 Chapter 3. Limitations of imitation: Lessons from another Bitcoin copycat
   

111 
 

3.9 Discussion and conclusion 
 

In an environment deprived of information on an uncertain and novel technology, imitation 

may be a signal that captures investors’ attention. When other signals are unclear, imitation of 

an obvious signal such as a successful organization’s name may serve as a useful signal when 

uncertainty is high. To investigate the effect of imitation on performance, we use short- and 

long-term returns from the first available trading date, and the survivability of cryptocurrencies. 

We classify imitators as cryptocurrencies that have names similar to the market leader – 

Bitcoin.  

After controlling for information asymmetry and investor recognition, our results show that 

imitation corresponds with higher early performance and lower survivability. In our sample, 

CCs earned higher returns in the first day and first week of trading compared with NCCs even 

after controlling for a number of factors that we expect would influence investors’ recognition 

and information transparency. This effect diminished for the first month and first six months, 

suggesting that factors other than an imitative name explain returns over longer time horizons. 

Turning to survivability, although imitators benefit from higher early performance, we find 

that NCCs are more likely to survive over a period of six months and one year. These findings 

suggest that in a novel market, investors pay attention to an obvious signal, a familiar name, 

which improves early success without guaranteeing long-term survivability. 

 

Our results contribute to the ongoing literature on the performance of ICOs (Fisch, 2019; 

and Howell et al., 2020) and ICOs in the secondary market (Fisch and Momtaz, 2020; Momtaz, 

2020; and Benedetti and Kostovetsky, 2020). ICOs are characterised by high uncertainty since 

homogeneous disclosures, lacking intermediation and unclear regulations exacerbate 

information asymmetries in an already unfamiliar technology. However, with respect to the 
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cryptocurrency market, signalling via technical information may be of limited benefit to 

potential investors, especially in the absence of fixed disclosure requirements.  

We extend the literature on post-ICO performance by investigating the role of an obvious 

signal, the cryptocurrencies name, since investors may be more reliant on symbolic information 

in a nascent market. Whilst insufficient knowledge provides one explanation, the increasing 

number of ICOs may also detract investors from gaining sufficient knowledge, or based on 

past performance of other cryptocurrencies, investors are anxious to take advantage of 

potentially high gains (Momtaz, 2020). Our results contribute to these explanations. The 

minimal cost of cryptocurrency-based ventures to the entrepreneur (Howell et al., 2020), 

resulted in a plethora of new entrants and may have inhibited investors’ ability to adequately 

differentiate competitors and interpret disclosures made by new ventures. This implies that the 

familiar name of recent ventures became a stronger signal when the market was crowded with 

an abundance of new cryptocurrencies.  

Another explanation is cryptocurrencies with a similar name to Bitcoin were perceived as 

having a similar story and trajectory in value. Without a previous track record or reputation, 

new ventures in developing markets may rely on identity stories, which reduces uncertainty 

and can improve the venture’s success (Lounsbury and Glynn, 2001). Coupled with the 

increasing attention and likening of blockchain with Bitcoin (Narayanan and Clark, 2017), 

made Bitcoin’s name a symbol that communicated a narrative for disintermediation, during a 

period when trust in intermediation was low and “bad for anyone in the ‘trust business’” (The 

Economist, 2015). Additionally, the fear of missing out on future gains in new cryptocurrencies 

may have been instigated by investors’ observation of the significant increase in the value of 

bitcoin in prior periods.  
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We outline several limitations to our findings. Firstly, our control variables are not as 

comprehensive as those used in other ICO research. Unfortunately, a number of papers that 

studied post performance of ICOs have found a significant reduction in sample sizes when 

merging ICO characteristics with secondary market data (see for example, Fisch and Momtaz, 

2020). This leaves us with a dilemma as to whether we control for other ICO characteristics 

and reduce the sample size or maintain our original sample size. Our current sample maintains 

the maximum number of coins that have been delisted. If we included various ICO 

characteristics, we expect, this would bias our results in survivability upward by dropping 

many delisted cryptocurrencies from the sample. Secondly, whilst we provide an alternative 

measure for name imitation, our paper does not investigate other forms of imitation – such as 

using similar designs (e.g., block frequency and consensus protocol). Our argument in this 

paper is that these signals are relatively less obvious compared to the name of a cryptocurrency. 

It is possible the market interpreted the disclosure of technical documentation and source codes 

as having similar transparency as Bitcoin, given the technical nature of the information. It will 

be of interest to see whether our findings can be extended to a non-English context. Whether 

the effect of having a similar name to Bitcoin in Chinese or Korean remains to be explored in 

the future. Lastly, it is possible that copycats as a group may be more appealing to a certain 

type of investor throughout our sample period. Such commonality in their return dynamics 

cannot be identified with our research design. We hope the future research will be able to shed 

light on this question by using account-level transaction data. 
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Chapter 4. Are attention proxies different? 
 
 
 
 
 
4.1 Abstract 
 

Ben-Rephael et al. (2017) show that investor attention “depends on where you search”, 

highlighting a difference in retail and institutional attention. We add to this research by using 

different proxies for retail attention to explore whether they capture different information. We 

assume activity on Reddit, Twitter, Wikipedia, and traditional media is associated with retail 

attention and explore whether abnormal attention is associated with different company 

characteristics and market reactions. We perform a principal component analysis to create a 

market-retail attention index and find short-term return predictability is dependent on the 

attention proxy used and the size of companies. Our findings imply that company memes on 

Reddit capture attention differently. On days a significant number of memes about a company 

are posted, we observe a drift in cumulative abnormal returns, which is positively associated 

with investor inattention from other sources and smaller firms. 

 
4.2 Introduction 
 

Investors’ decisions are limited by what captures their attention, and with growing 

information and limited cognitive resources (Kahneman, 1973), investors will capture smaller 

fractions of potential information. Given investors are unable to allocate attention 

systematically across a growing range of information suggests that different sources of 

information will proxy investor attention differently. While alternative data provides research 

with novel measures for attention, they are rarely investigated together. This is an important 

consideration, otherwise we assume investor attention is homogeneous across sources that are 

used to proxy it. For example, Ben-Rephael et al. (2017) show that institutional attention is 
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quicker to react to sensitive news and leads retail attention. We contribute to this research by 

investigating retail attention proxies: Reddit, Twitter, Wikipedia, and traditional media articles 

and a measure for institutional attention and the role they play in financial markets. We expect 

retail proxies are not homogeneous. This notion is motivated by the subreddit, r/wallstreetbets 

(hereafter WSB), and its involvement in sparking a stunning short squeeze in Gamestop’s 

shares, which attracted significant attention to the subreddit and Reddit.com in general. This 

event introduces an interesting question: As social media platforms provide a nexus to 

coordinate retail traders that are no longer assumed to trade randomly but with “diamond 

hands”33 in aggregate, do individual media outlets provide a different signal in shaping 

financial market dynamics? 

 

Reddit.com is organised into “subreddits”, which are akin to online forums covering diverse 

topics, allowing users to congregate under common interests without needing prior connections 

(Phillips and Gorse, 2018).  For example, r/news and r/todayilearned are subreddits, where the 

former aggregates news and the latter contains interesting facts.34 Similar to other social media 

platforms, Reddit allows users to post questions, news, images, videos, opinions, and memes. 

WSB is a subreddit described as “a community for making money and being amused while 

doing it. Or, realistically, a place to come and upvote memes when your portfolio is down”.35 

While WSB may be likened to other internet message boards which have shown 

informativeness (see for example, Tumarkin and Whitelaw, 2001; Das and Chen, 2007; Leung 

and Ton, 2015), exuberant periods, such as the dot-com bubble, show how these forums are 

characteristic of retail traders (Ewing, 1999; and Cooper et al., 2001). One interesting 

characteristic of WSB involves the combination of comedy and sarcasm with investing. For 

 
33 Diamond hands became a popular phrase during Gamestop’s short squeeze which is described as the trader 
holding their position for the long term, regardless of the losses faced. 
34 See for example, Appendix A4.1 and A4.2. 
35 https://www reddit.com/r/wallstreetbets/wiki/faq 
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example, users commonly share significant losses or “YOLO” positions, which is a position in 

a single equity or option with a minimum value.36  Furthermore, the prevalence of memes on 

WSB allows us to study a new phenomenon – “meme stocks”, which were prominent at the 

beginning of 2021. Using memes in the context of financial markets has only recently captured 

the interest of the broader market. An internet meme can be an image or video that is replicated 

and modified, often to portray comical opinions on topics and events. Memes on Gamestop 

increased significantly at the beginning of 2021, which frequently depicted the community’s 

opposition to institutional short positions and significant gains made from the short squeeze. 

While memes have been underexplored in the context of financial markets, Lenda et al. (2020) 

find a positive correlation between amusing memes published on social media about a 

previously uninteresting topic – the proboscis monkey – and people’s attention. These findings 

suggest humorous memes can capture attention as they provoke an emotional response that is 

shared among users (Milner, 2018). If memes used on WSB incite a similar emotional 

response, we expect attention in memes to correspond with different market behaviour. 

Overall, WSB provides a unique measure to capture retail attention over commonly used retail 

attention proxies. 

 

Understanding the role Reddit plays in financial markets is expanding, with research 

focusing on notable “meme” stocks (Hasso et al., 2021), information on WSB (Corbet et al., 

2021), momentum (Costola et al., 2021), and sentiment (Long et al., 2021), and attention in 

cryptocurrency markets (Phillips and Gorse, 2018; and Cahill and Liu, 2021). Coupled with its 

satirical approach to investing, we use activity on WSB as a proxy for attention from a group 

of investing-interested individual traders that are not necessarily observed in aggregated 

measures such as Twitter and Google Search Volume Index (SVI). Twitter is commonly used 

 
36 https://www reddit.com/r/wallstreetbets/wiki/contentguide 
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to capture attention and sentiment, and has explained returns surrounding earnings 

announcements (Bartov et al., 2018), post-earnings announcement drift (Curtis et al., 2014; 

Wu, 2019), and information dissemination (Blankespoor et al., 2014). In contrast, company 

Wikipedia pages are less explored as an attention proxy. There are several advantages of using 

Wikipedia to proxy attention. Focke et al. (2020) highlight advantages of using company 

Wikipedia page views to proxy attention compared with EDGAR downloads, Google SVI, and 

Bloomberg search volume as it provides a direct link to company names, allows comparability 

across firms and time, and likely captures unsophisticated trader attention. However, there is a 

stark contrast between Twitter and Wikipedia as sources of information. Twitter provides more 

timely, brief, and frequent information compared with Wikipedia, which is an online 

encyclopedia, relying on the contributions made by “Wikipedians”. Information such as recent 

earnings announcements appear less featured on a company’s Wikipedia page, with content 

predominately covering noteworthy events such as accidents or scandals.37 These differences 

imply individuals may access information from Twitter or Wikipedia under different 

circumstances. 

 

This paper contributes to the existing literature on investor attention in several ways. Firstly, 

we investigate differences in five non-trading related proxies that capture attention: mentions 

on WSB, number of Tweets, company Wikipedia page views, number of traditional media 

publications, and Bloomberg’s readership index. We find different contemporaneous attention 

proxies predict abnormal attention elsewhere, that is, abnormal attention in one proxy predicts 

abnormal attention in other proxies. In addition, we find that higher abnormal attention among 

different sources is predicted by different company characteristics. Companies that are at their 

52-week high (or low) and have larger short interest significantly predict abnormal institutional 

 
37 See for example, Appendix A4.4. 
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attention and WSB attention. In contrast, abnormal company Wikipedia page views and Tweets 

are more (less) likely when companies are trading at their 52-week high (low), while higher 

short interest predicts lower abnormal attention on Twitter and is insignificant for Wikipedia 

page views. We expect investing communities such as WSB and institutional traders actively 

search for out-of-favour stocks for investment opportunities, whilst Twitter and Wikipedia 

page views capture attention from a diverse group of retail investors that in aggregate have a 

greater propensity to purchase, rather than sell attention-grabbing stocks (Barber and Odean, 

2008). We find similar results after partitioning our sample into pre- and post-2020 period, to 

account for the increased retail participation observed since the COVID-19 pandemic. 

Secondly, we perform a principal component analysis on four proxies: WSB, Twitter, 

Wikipedia, and media articles to create a market-retail attention index. Chen et al. (2022) find 

that using the common factor of 12 attention proxies is useful at predicting stock returns beyond 

individual proxies. Our approach differs by only using proxies that: 1) are direct measures of 

attention rather than indirect measures derived from trading metrics; and 2) primarily proxy for 

retail attention. In univariate tests, we find limited evidence of our market-retail attention index 

predicting returns. However, attention on WSB and Wikipedia predict returns for smaller 

companies. While these findings do not imply causality, they may suggest a latent factor 

captured by WSB and Wikipedia attention is absent from other proxies. 

Thirdly we explore the association between different investor attention proxies and the post-

earnings announcement drift. Consistent with Ben-Rephael et al. (2017), we find higher 

institutional attention reduces the PEAD, however, this is limited to negative earnings news. 

We find similar results for the market-retail attention index, WSB, and Twitter, however, 

higher attention is only associated with smaller post earnings return for up to five days after 

the announcement.   
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Finally, we contribute to existing literature on investor attention by investigating the role 

company memes play in financial markets. We find company memes on Reddit may capture 

attention differently. Although attention can be associated with either positive or negative 

sentiment, we find an increase in abnormal returns around days with an extreme number of 

company memes. Following these dates, we observe a drift in cumulative abnormal return. We 

find that the drift is associated with lower institutional attention and small firms, however, this 

relationship does not appear when we use days after significant attention on other platforms. 

Assuming that memes are humorous, these findings suggest higher abnormal returns around 

extreme meme-days is associated with the amusing nature of memes capturing investor 

attention. A caveat to this suggestion is that we are unable to determine if memes contain 

information. We expect the former explanation drives abnormal returns, given the effect is 

larger when institutional attention is low. 

 

The remainder of the chapter is organised as follows: Section 4.3 outlines the data. Section 

4.4 investigates differences in attention proxies. Section 4.5 outlines the principal component 

analysis. Section 4.6 investigates the predictability of returns using different attention proxies 

in univariate tests. Section 4.7 explores attention around earnings announcements. Section 4.8 

investigates meme-event days. Section 4.9 concludes the paper. 

 

4.3 Data Description 
 
4.3.1 Attention proxies 
 

We download Reddit data using Pushshift’s API (see Baumgartner et al., 2020), and search 

submissions from the subreddit r/wallstreetbets. Our initial sample includes approximately 1.5 

million submissions between 2017 and June 2021. Using the research lists from Refinitiv 

Datastream, we collect company identifiers for all U.S. equities. We search for companies in 
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WSB in two stages. In the first stage, we search all submissions on WSB by appending ‘$’ to 

company tickers (e.g., $GME), as is the convention of Reddit users.38 In the second stage, we 

manually search WSB submissions for the company name for two reasons. Firstly, we are 

required to omit companies that are mistakenly captured since they have the same ticker symbol 

as another company. Secondly, since some users on WSB may refer to a company by its name 

rather than its ticker symbol, we are also interested in capturing common alternative company 

names (for example, “Federal National Mortgage Association Fannie Mae” is simply referred 

to as “Fannie Mae” in our sample). This is a unique challenge as we do not capture mentions 

if the company’s name was spelt incorrectly in the Reddit submission or is uncommonly 

referred to as a different name. 

 

The distribution of daily mentions and the number of companies mentioned per day on WSB 

is relatively thin early in our sample. For this reason, we limit our sample from 2019, which 

results in a loss of 14 companies from the sample. Figure 4.1 shows the 30-day moving average 

(MA) of company mentions and the number of companies mentioned per day on WSB. Even 

in 2019, the 30-day MA of mentions and the number of different companies mentions is low. 

From the beginning of the COVID-19 pandemic in early 2020 there is a noticeable increase in 

both mentions and number of companies discussed on WSB. The sharpest increase coincides 

with the Gamestop short squeeze at the beginning of 2021. 

 
 
 
 
 
 
 
 

 
38 Many submissions refer to companies using the company ticker only (i.e., without appending “$”). Whilst 
searching for the company ticker will yield a more representative indication of a company’s mentions on Reddit, 
we find many companies have tickers that are difficult to differentiate from common words. For this reason, we 
restrict our search to $TICKER. 
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Figure 4.1: Company mentions on WSB 
Panel A shows the 30-day moving average of company mentions on WSB in red and the daily number of unique 
companies that are mentioned on WSB in blue. Panel B shows the 30-day moving average of company WSB 
mentions by size quintile measured by market capitalisation. Quintile 5 (Q5) in green, represents the moving 
average for the largest companies in the sample. Quintile (Q1) in red, represents the moving average for the 
smallest companies in the sample. 

  
 
To investigate the relationship between discussion on WSB and other direct attention 

proxies, we collect company Wikipedia page views, daily company media headlines and twitter 

messages, and a proxy for institutional attention. We use Wikipedia page views instead of 

commonly used Google SVI for several reasons. We have more confidence that the attention 

derived from page views is associated with the intended firm since company Wikipedia pages 

are manually collected before collecting page views from Wikimedia’s API. Da et al. (2011) 

highlight this issue when using Google SVI to proxy for investor attention in financial markets. 

To alleviate concerns of noisy Google searches, they use only company tickers, after removing 

companies with ambiguous tickers. In our sample we find approximately 10% of firm tickers 

in our sample are ambiguous – a similar proportion as Da et al. (2011), who identify 

approximately 7%. The disadvantage using Wikipedia page views is that only 55% of 

companies identified from the Reddit sample have a Wikipedia page. 

Ben-Rephael et al. (2017) differentiate retail from institutional attention by comparing 

Google SVI with the Bloomberg readership index, with the latter being the proxy for 

institutional attention. Bloomberg counts the frequency with which news articles on a company 

are accessed on the Bloomberg terminal. Bloomberg makes this metric available at a daily 

frequency and it assigns an integer between 0 and 4; where a score of 0, 1, 2, 3, or 4 identifies 
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the average readership is in the lowest 80%, between 80% and 90%; 90 and 94%; 94% and 

96%; or greater than 96% compared to the previous 30 days, respectively.39 The authors create 

a dummy variable to capture abnormal institutional attention, by assigning a value of one if the 

daily readership is either 3 or 4, and zero otherwise. Following Ben-Rephael et al. (2017), we 

use a dummy variable for “News Heat Daily Max Readership” and Bloomberg’s categorical 

variable to proxy for institutional attention. 

We also use Bloomberg’s daily (traditional) media and Twitter counts to capture investor 

attention from an alternative social media platform to WSB and traditional media. Bloomberg’s 

daily Twitter count includes the number of tweets from Twitter and the number of posts on 

StockTwits, a popular social media platform for investors and traders. For brevity, the 

remainder of the paper will refer to this variable simply as Twitter. Both daily media and 

Twitter counts for day t are determined on the number of posts in the previous 24 hours, 10 

minutes before the market opens. As in Gu and Kurov (2021), we use the media counts on day 

t+1 as contemporaneous media counts. Table 4.1 summarises variable definitions. 

Table 4.1: Variable description 
Attention   
WSB The natural logarithm of the number of times a day a company is mentioned in a WSB 

submission. 
Wikipedia The natural logarithm of the number of daily company Wikipedia page views. 
Twitter The natural logarithm of the number of daily company tweets and StockTwits. 
Media The natural logarithm of the number of daily media articles from traditional media sources. 
Institutional An integer between 0 and 4; where a score of 0, 1, 2, 3, or 4 identifies the average readership 

that is in the lowest 80%, between 80% and 90%; 90 and 94%; 94% and 96%; or greater than 
96% compared to the previous 30 days, respectively. 

Controls   
Mktcap the natural logarithm of daily market capitalisation. 
Analysts number of analysts following. 
Turnover the natural logarithm of daily turnover. 
SI the natural logarithm of fortnightly percentage of short interest. 
DE quarterly total debt divided by book value of equity. 
MB daily market capitalisation divided by market book value of equity. 
Vol company daily volatility in returns measured over the previous 30 days. 
High252d a dummy variable that takes the value of one if the company’s share price is at a yearly high. 
Low252d a dummy variable that takes the value of one if the company’s share price is at a yearly low. 
Event Event is a dummy variable that takes the value of one if the day has an earnings announcement, 

and zero otherwise. 

 
39 For more information on how Bloomberg’s readership metric is calculated, see Ben-Rephael et al. (2017). 
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4.3.2 Sample construction and descriptive statistics 
 

From the initial sample of 1.5 million Reddit submissions, there are approximately 25,000 

companies that have appropriate identifiers40. The first stage search returns 5,461 companies 

that have at least one mention on WSB. After omitting 2,999 incorrectly referenced companies 

in stage two, we identify WSB submissions for 2,462 companies with matching name and 

$TICKER.41 We aggregate submissions by day and company to find a daily count of Reddit 

mentions for each company. We remove 1,106 companies that do not have Wikipedia pages 

between January 2017 and June 2021. We further remove 375 companies that do not have valid 

data in other attention proxies or control variables. This results in a final sample of 981 

companies. 

 

Table 4.2 shows the descriptive statistics for the full sample (Panel A). Since WSB is a 

relatively novel attention proxy we are interested to observe differences in company 

characteristics. In Panel B we separate days companies are mentioned on WSB from days there 

are no mentions. The number of mention days represent only 4.1% of the full sample. We take 

the natural log of WSB mentions, Twitter count, media articles and company Wikipedia page 

views. Daily mentions on WSB are positively skewed, highlighting few companies are covered 

significantly more on WSB. The largest number of mentions (6,177) recorded in our sample 

was Gamestop at the beginning of 2021. Our other attention variables are relatively less 

skewed, suggesting WSB may cover infrequent attention-grabbing events or is more associated 

with momentary fads – a characteristic of memes. We separate the sample into mention and 

non-mention days on WSB and find significantly higher attention in other attention variables 

(Wikipedia, Twitter, Media, and Institutional) on days companies are mentioned on WSB. On 

 
40 Some companies did not have a Reuters Instrument Code (RIC) or company name. 
41 If a submission contains either the company’s name or $TICKER, it is given a value of one, and zero 
otherwise. 
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mention (non-mention days), the daily average Wikipedia is 7.098 (5.180), Twitter 4.995 

(2.467), Media 4.619 (2.955), and Institutional 1.702 (0.584); where Institutional is a variable 

scaled between 0 and 4.42 If Wikipedia and Bloomberg’s readership score (Institutional) proxy 

for retail and institutional attention, respectively, then mentions on WSB may be associated 

with market-sensitive information such as earnings announcements which are likely to capture 

attention from both retail and institutional traders. This is highlighted by Event which shows 

approximately 10% of mention days fall on a company announcement day, in contrast 4.5% 

occur on non-mention days.  

 

Since larger companies are more likely to be covered by analysts and appear in traditional 

media, they are more likely to capture the limited attention of market participants and therefore 

appear on WSB. We collect time series data from Refinitiv Datastream and use the natural 

logarithm of firm market capitalisation (MktCap) and number of analysts following (Analysts). 

Because previously underperforming companies such as Gamestop, AMC Entertainment, and 

Blackberry were the impetus for the meme stock saga at the beginning of 2021, we use firm 

daily market-to-book (MB) to capture performance and debt-to-equity (DE) to account for 

company leverage. We retain companies that have a negative book equity to capture severely 

underperforming companies. The catalyst for the market’s attention in Gamestop, and 

ultimately Reddit in general, was arguably the short squeeze driven by the WSB community. 

Therefore, we include the natural logarithm of companies’ fortnightly short interest (SI). To 

capture trading behaviour, we use the natural logarithm of daily turnover (Turnover) and 

volatility (Vol) calculated on the past 30-day returns. 

 

 
42 Untransformed mention (non-mention days) figures are as follows: Wikipedia: 1,210 (178), Twitter: 148 (12), 
Media: 101 (19). 
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We find companies have higher market capitalisation, market-to-book and analysts 

following on mention days. This highlights that companies appearing on WSB may capture a 

size effect and companies with higher levels of attention from other sources of information. An 

alternative explanation is that companies mentioned on WSB cause a contemporaneous 

increase in market value. We suspect that this is an unlikely explanation, particularly after 

2021, since market participants may observe Reddit activity more closely after the Gamestop 

short squeeze.  We also find significantly higher volatility in returns and turnover on mention 

days compared to non-mentions days. 

 

Table 4.3 shows the correlation between our main and control variables. We find a 

correlation of 20% (35%) between WSB and Wikipedia (Twitter). The high correlation could 

be due to their primary use by a particular trader type, namely, retail traders – who are expected 

to use more easily accessible sources of information. The correlation between WSB and Media 

(Institutional) is 24% (17%). The correlation between other attention proxies is much higher. 

Media has a correlation of 61% and 39% between Twitter and Wikipedia, respectively. The 

higher correlation is consistent with our expectations that more media publication increases 

attention on social platforms such as Twitter, as user commonly share links to media articles. 

While we assume the WSB users are retail traders, the lower correlation between attention 

variables may represent an alternative audience that is not conventionally captured by other 

attention proxies. Institutional attention has a larger correlation with Wikipedia and media 

publications (24% and 42%, respectively). The higher correlation with Wikipedia may reflect 

that larger companies with more analysts following are likely to have Wikipedia pages. This is 

confirmed by the correlation with Wikipedia views for company size and number of analysts 

(56% and 51%, respectively). Interestingly, mentions on WSB are relatively less correlated 

with size compared to other attention proxies. 
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To illustrate the relationship between mentions on WSB and firm size, we plot the daily 

average company mentions on WSB by size quintiles. Panel B in Figure 4.1 shows the size 

effect, with larger firms (Size 4 and 5) receiving more mentions compared to smaller firms 

(Size 1, 2, and 3). However, from the beginning of 2021 discussion on smaller companies has 

become more prominent, although this was negligible prior to Gamestop’s short squeeze. This 

suggests WSB users began searching for similar out of favour stocks that do not receive high 

attention from conventional sources.



 Chapter 4. Are attention proxies different?
   

127 
 

Table 4.2: Descriptive Statistics 
This table shows the descriptive statistics for the full sample (Panel A) and descriptive statistics for days when companies are not mentioned on WSB and days when they are mentioned (Panel 
B). WSB is the natural logarithm of daily company mentions made on WSB. Twitter is the natural logarithm of the daily company mentions on Twitter and StockTwits. Media is the natural 
logarithm of daily mentions made by the media. Wikipedia is the natural logarithm of daily company Wikipedia page views. Institutional is institutional attention, where a score of 0, 1, 2, 3, or 4 
identifies the average readership that is in the lowest 80%, between 80% and 90%; 90 and 94%; 94% and 96%; or greater than 96% compared to the previous 30 days, respectively. Mktcap is the 
natural logarithm of daily market capitalisation. Turnover is the natural logarithm of daily turnover. Vol is the company daily volatility in returns measured over the previous 30 days. MB is the 
daily market capitalisation divided by market book value of equity. DE is quarterly total debt divided by book value of equity. SI is natural logarithm of fortnightly percentage of short interest. 
Analysts is the natural logarithm of the number of analysts following. Event is a dummy variable that takes the value of one if the day has an earnings announcement, and zero otherwise. 

Panel A: Full sample N Mean Std Min Median Max 
WSB 555,499 0.043 0.250 0.000 0.000 8.729 
Twitter 555,499 2.567 1.429 0.000 2.303 11.815 
Media 555,499 3.020 1.336 0.000 2.996 9.650 
Wikipedia 555,499 5.256 1.868 0.000 5.434 12.620 
Institutional 555,499 0.629 1.261 0.000 0.000 4.000 
Mktcap 555,499 22.280 2.159 12.612 22.344 28.508 
Turnover 555,499 17.362 2.418 0.405 17.745 25.741 
Vol 555,499 0.028 0.023 0.000 0.021 0.818 
MB 555,499 5.407 69.993 -1923.137 2.772 2779.172 
DE 555,499 0.139 70.663 -6521.250 0.581 543.577 
SI 555,499 1.631 0.848 0.000 1.562 12.916 
Analysts 555,499 14.286 9.668 0.000 13.000 56.000 
Event 555,499 0.050 0.219 0.000 0.000 1.000 

Panel B: With and without WSB mention days 
 Firm days without a WSB mention  Firm days with a WSB mention  diff  

N Mean Std Min Median Max N Mean Std Min Median Max  (t-stat) 
WSB          533,569  0.000 0.000 0.000 0.000 0.000  21,930 1.080 0.677 0.693 0.693 8.729  -236.113 
Twitter          533,569  2.467 1.315 0.000 2.303 10.409  21,930 4.995 1.877 0.693 5.030 11.815  -197.449 
Media          533,569  2.955 1.276 0.000 2.944 9.650  21,930 4.619 1.716 0.693 4.615 9.613  -142.024 
Wikipedia          533,569  5.180 1.830 0.000 5.380 12.170  21,930 7.098 1.842 0.000 7.289 12.620  -151.175 
Institutional          533,569  0.584 1.221 0.000 0.000 4.000  21,930 1.702 1.672 0.000 1.000 4.000  -97.897 
Mktcap          533,569  22.212 2.122 12.612 22.298 28.464  21,930 23.918 2.383 13.711 24.152 28.508  -104.299 
Turnover          533,569  17.268 2.379 0.405 17.676 24.054  21,930 19.657 2.219 3.045 19.968 25.741  -155.782 
Vol          533,569  0.028 0.023 0.000 0.021 0.817  21,930 0.034 0.032 0.000 0.024 0.818  -27.514 
MB          533,569  4.949 69.126 -1923.137 2.721 2779.172  21,930 16.561 87.775 -1843.447 4.811 1626.037  -19.346 
DE          533,569  0.130 70.284 -6521.250 0.579 543.577  21,930 0.360 79.343 -6521.250 0.617 543.577  -0.423 
SI          533,569  1.632 0.843 0.000 1.567 12.916  21,930 1.600 0.958 0.000 1.425 4.691  4.896 
Analysts          533,569  13.925 9.295 0.000 13.000 56.000  21,930 23.054 13.609 0.000 22.000 56.000  -98.404 
Event          533,569  0.049 0.215 0.000 0.000 1.000  21,930 0.097 0.296 0.000 0.000 1.000  -23.739 
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Table 4.3: Correlations 
This table shows the correlations between daily variable observations. WSB is the natural logarithm of daily company mentions made on WSB. Twitter is the natural logarithm of the daily company 
mentions on Twitter and StockTwits. Wikipedia is the natural logarithm of daily company Wikipedia page views. Media is the natural logarithm of daily mentions made by the media. Institutional 
is institutional attention, where a score of 0, 1, 2, 3, or 4 identifies the average readership that is in the lowest 80%, between 80% and 90%; 90 and 94%; 94% and 96%; or greater than 96% 
compared to the previous 30 days, respectively. Mktcap is the natural logarithm of daily market capitalisation. Turnover is the natural logarithm of daily turnover. Vol is the company daily volatility 
in returns measured over the previous 30 days. MB is the daily market capitalisation divided by market book value of equity. DE is quarterly total debt divided by book value of equity. SI is natural 
logarithm of fortnightly percentage of short interest. Analysts is the natural logarithm of the number of analysts following. Event is a dummy variable that takes the value of one if the day has an 
earnings announcement, and zero otherwise.  

WSB Twitter Media Wikipedia Institutional Mktcap Turnover Vol MB DE SI Analysts 
WSB 

            

Twitter 0.350 
           

Media 0.241 0.605 
          

Wikipedia 0.196 0.387 0.504 
         

Institutional 0.172 0.337 0.417 0.241 
        

Mktcap 0.145 0.346 0.651 0.556 0.301 
       

Turnoverr 0.191 0.388 0.501 0.424 0.243 0.726 
      

Volatility 0.077 0.092 -0.166 -0.183 -0.057 -0.465 -0.236 
     

MB 0.035 0.051 0.003 -0.002 0.005 0.015 0.021 0.019 
    

DE 0.001 0.004 0.000 0.010 -0.005 -0.009 -0.010 -0.006 0.325 
   

SI 0.008 -0.039 -0.277 -0.210 -0.128 -0.408 0.014 0.219 0.013 0.013 
  

Analysts 0.169 0.397 0.609 0.511 0.269 0.766 0.641 -0.287 0.015 -0.016 -0.249 
 

Event 0.036 0.129 0.189 0.044 0.166 0.063 0.056 -0.027 -0.002 0.002 -0.036 0.049 
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4.4 Panel Probit: Abnormal attention days 
 

Similar to Ben-Rephael et al. (2017), we investigate several firm-specific characteristics and 

variables that are associated with abnormal attention. WSB submissions are like Twitter 

messages since they often contain news originating from alternative sources such as traditional 

media. We use panel Probit regressions to explore whether abnormal attention on WSB, 

Wikipedia, Twitter, and institutional attention is predicted by contemporaneous attention 

elsewhere and company characteristics. Abnormal attention is defined in Equation 4.1. 

𝐴𝑏𝑛 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,# 	= ln	(1 + 𝐴𝑡𝑡𝑒𝑛𝑖𝑜𝑛!,#) − ln	(1 + 𝐴𝑡𝑡𝑒𝑛𝑡𝚤𝑜𝑛6666666666666!)   (4.1) 

where, 𝐴𝑡𝑡𝑒𝑛𝑡𝚤𝑜𝑛6666666666666! =
∑ &##'(#!)(%,&&' )
&' *+

*+
 

For the dependent variables in the Probit model, we convert abnormal attention to a dummy 

variable that takes the value of one if abnormal attention is greater than zero, and zero 

otherwise. The contemporaneous independent attention variables are (abnAttention_count) are 

continuous variables as defined in Equation 4.1. 

Table 4.4 shows the results of the panel Probit. Across all models, all contemporaneous 

abnormal attention dummies are predicted by abnormal attention elsewhere. For example, 

abnormal attention on WSB is predicted by higher Wikipedia page views, Twitter, news 

publications, institutional attention and if the company has an announcement (Event). We also 

find the predictability of different abnormal attention proxies is not homogeneous across 

company characteristics. Both High252d and Low252d are positively and significantly related 

to abnormal mentions on WSB and institutional attention, suggesting both institutional 

investors and users on WSB are more likely to have higher attention in companies trading at 

yearly highs and lows. In contrast, abnormal attention on Wikipedia and Twitter is higher when 

company share price is at a yearly high; however, it is significantly lower when the company 

trades at a yearly low. Additionally, institutional investors and WSB users are more likely to 

have abnormal attention in stocks that are more volatile, whilst attention from Wikipedia views 
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and Twitter are associated with lower volatility. Interestingly, the coefficient on MktCap for 

abnormal Twitter views is significantly negative. It is possible that abnormal attention in larger 

companies is less frequent on Twitter if larger companies are regularly coverered. Compared 

with smaller companies, abnormal attention is likely more obvious since these companies 

unlikely to be covered by other media outlets regularly. Given the impetus for meme stocks 

was arguably the short squeeze on Gamestop, we expect that companies with higher short 

interest would have higher attention on WSB. We find both abnormal attention on WSB and 

institutional attention are significantly predicted by short interest. In contrast, we find a 

significant and negative coefficient on short interest for abnormal Twitter attention. 

Overall, Table 4.4 highlights differences between attention on WSB and attention on 

Wikipedia and Twitter. We find that there are more similarities in company characteristics 

between WSB and institutional attention, however, this could be an artefact of January 2021 

period. In Table 4.5, we report results for pre and post 2020 periods. We do not observe 

noticeable differences in the coefficients across attention proxies in the pre and post sample 

periods compared with the full sample. 
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Table 4.4: Panel Probit – Full sample 
This table shows the panel Probit over the full sample from 2019-2021. The dependent variables for abnormal 
attention proxies are one when abnormal attention abnormal attention is greater than zero, and zero otherwise. 
Abnormal attention is the natural logarithm of daily attention minus the natural logarithm of the average daily 
attention over the previous 30-days. abnAttention_count is the natural logarithm of daily attention count minus 
the natural logarithm of the average daily attention count over the previous 30-days. abnInst is a dummy variable 
that takes the value of one if Institutional is greater than or equal to three, and zero otherwise. Other variable 
definitions are explained in Table 4.1. Tuesday, Wednesday, Thursday, and Friday are dummy variables that takes 
the value of one if trading falls on the respective day, and zero otherwise. t statistics in parentheses * p < 0.05, ** 
p < 0.01, *** p < 0.001. 

 abnWsb abnWiki abnTwt abnInst 
abnWsb_count  0.268*** 0.349*** 0.213*** 
  (27.51) (31.67) (19.70) 
abnWiki_count 0.239***  0.312*** 0.229*** 
 (19.96)  (47.33) (25.38) 
abnTwitter_count 0.281*** 0.190***  0.430*** 
 (37.01) (60.02)  (85.09) 
abnMedia_count 0.076*** 0.057*** 0.715*** 0.308*** 
 (10.77) (20.27) (240.42) (64.27) 
abnInst 0.196*** 0.175*** 0.494***  
 (18.49) (27.53) (75.22)  
Event 0.084*** -0.011 0.121*** 0.503*** 
 (5.35) (-1.32) (12.90) (50.24) 
Mktcap 0.286*** 0.017*** -0.034*** 0.198*** 
 (37.56) (4.42) (-16.42) (29.70) 
Turnover 0.144*** 0.081*** 0.200*** 0.059*** 
 (21.46) (27.66) (63.40) (13.56) 
SI 0.195*** -0.003 -0.010* 0.085*** 
 (16.38) (-0.47) (-2.23) (9.32) 
DE -0.000 -0.000 -0.000 -0.000 
 (-0.22) (-0.26) (-0.40) (-1.63) 
MB 0.000 0.000*** 0.000** -0.000* 
 (1.02) (6.32) (2.72) (-2.46) 
Vol 6.303*** -2.041*** -0.241* 5.419*** 
 (37.48) (-20.71) (-2.29) (37.73) 
High252d 0.205*** 0.136*** 0.290*** 0.007 
 (13.46) (16.00) (32.75) (0.59) 
Low252d 0.189*** -0.064*** -0.045*** 0.182*** 
 (7.55) (-5.20) (-3.37) (10.46) 
Tuesday 0.005 0.086*** 0.038*** -0.076*** 
 (0.38) (15.28) (6.54) (-9.28) 
Wednesday 0.064*** 0.049*** 0.071*** -0.136*** 
 (4.96) (8.64) (12.10) (-16.33) 
Thursday 0.087*** -0.035*** 0.036*** -0.143*** 
 (6.79) (-6.27) (6.15) (-17.09) 
Friday 0.317*** -0.265*** -0.531*** 0.307*** 
 (22.58) (-44.75) (-77.55) (34.00) 
Constant -9.251*** -0.101 0.514*** -6.228*** 
 (-51.71) (-1.16) (10.31) (-40.16) 
Observations 551,344 551,344 551,344 551,344 
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Table 4.5: Panel Probit – pre and post 2020 
This table shows the panel Probit for Pre 2020 and Post 2020 samples. The dependent variables for abnormal attention proxies are one when abnormal attention abnormal 
attention is greater than zero, and zero otherwise. Abnormal attention is the natural logarithm of daily attention minus the natural logarithm of the average daily attention over 
the previous 30-days. abnAttention_count is the natural logarithm of daily attention count minus the natural logarithm of the average daily attention count over the previous 30-
days. abnInst is a dummy variable that takes the value of one if Institutional is greater than or equal to three, and zero otherwise. Other variable definitions are explained in 
Table 4.1. DoW represents Tuesday, Wednesday, Thursday, and Friday are dummy variables that takes the value of one if trading falls on the respective day, and zero otherwise. 
t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

 Pre 2020  Post 2020 
 abnWsb abnWiki abnTwt abnInst abnWsb abnWiki abnTwt abnInst 
abnWsb_count  0.295*** 0.450*** 0.270***   0.210*** 0.205*** 0.125*** 
  (22.61) (30.42) (19.03)   (13.95) (12.15) (7.13) 
abnWiki_count 0.214***  0.300*** 0.214***  0.349***  0.383*** 0.343*** 
 (14.28)  (42.23) (21.87)  (14.58)  (21.10) (13.45) 
abnTwt_count 0.340*** 0.191***  0.431***  0.239*** 0.204***  0.442*** 
 (35.32) (54.08)  (76.97)  (17.23) (26.81)  (35.56) 
abnMed_count 0.063*** 0.059*** 0.698*** 0.297***  0.050*** 0.038*** 0.837*** 0.412*** 
 (7.12) (19.39) (217.87) (57.01)  (3.69) (5.06) (102.09) (31.68) 
abnInst 0.215*** 0.173*** 0.487***   0.142*** 0.217*** 0.511***  
 (17.16) (24.58) (67.49)   (6.39) (13.86) (31.91)  
Event 0.130*** -0.021* 0.119*** 0.488***  -0.032 0.025 0.121*** 0.568*** 
 (6.88) (-2.16) (11.39) (43.72)  (-1.05) (1.25) (5.61) (24.35) 
Mktcap 0.245*** 0.025*** -0.031*** 0.222***  0.064*** 0.008 -0.029*** 0.338*** 
 (26.66) (5.28) (-13.87) (28.59)  (4.96) (1.08) (-7.29) (25.25) 
Turnover 0.135*** 0.061*** 0.192*** 0.066***  0.196*** 0.207*** 0.248*** 0.026* 
 (15.99) (19.28) (56.93) (14.03)  (15.21) (25.42) (28.19) (2.11) 
SI 0.205*** -0.004 -0.011* 0.063***  0.168*** -0.035* 0.009 0.193*** 
 (12.96) (-0.54) (-2.30) (5.96)  (6.48) (-2.22) (0.92) (7.41) 
DE -0.000 -0.000 -0.000 -0.000  -0.000 -0.000* 0.000 -0.000* 
 (-1.45) (-0.10) (-0.35) (-0.94)  (-0.17) (-2.48) (0.25) (-2.46) 
MB 0.000 0.000*** 0.000* -0.000**  0.000 0.000* 0.000 0.000* 
 (0.63) (6.49) (2.16) (-2.83)  (1.91) (2.31) (1.12) (2.12) 
Vol 8.176*** -1.719*** -0.242* 6.602***  2.752*** -3.074*** 0.026 -3.121*** 
 (37.15) (-15.89) (-2.15) (40.73)  (7.84) (-9.55) (0.08) (-4.95) 
High252d 0.187*** 0.123*** 0.275*** -0.037**  0.130*** 0.132*** 0.354*** 0.131*** 
 (9.63) (12.01) (25.96) (-2.77)  (4.85) (8.06) (20.80) (6.03) 
Low252d 0.309*** -0.066*** -0.053*** 0.173***  0.285* 0.141 0.426*** 0.088 
 (11.40) (-5.26) (-3.93) (9.82)  (2.30) (1.48) (4.24) (0.60) 
Constant -8.648*** -0.309** 0.445*** -6.751***  -3.763*** 0.182 0.364*** -9.483*** 
 (-39.40) (-2.83) (8.27) (-37.32)  (-12.26) (0.99) (3.69) (-28.93) 
DoW YES YES YES YES  YES YES YES YES 
Observations 456,996 456,996 456,996 456,996  94,348 94,348 94,348 94,348 
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4.5 Principal Component Analysis 
 

Although we find abnormal attention from different sources can be predicted by different 

company characteristics, we do not know to what extent these proxies capture a common factor. 

We use principal components to extract a common attention factor to explore whether a daily 

market-retail attention index explains asset prices, returns around earnings announcements, and 

extreme attention days. This is appropriate since our attention proxies are highly correlated. 

An attention index is useful since we expect users of social media platforms to also pay 

attention to other content that was not necessarily the catalyst for their attention. For example, 

a WSB submission about a large company may initially capture a user’s attention and spill over 

to other companies also mentioned on WSB. We perform principal components analysis (PCA) 

on daily aggregated attention variables using equal weighting. Since Ben-Rephael et al. (2017) 

highlight differences between retail and institutional attention, we perform a PCA on two sets 

of attention variables that exclude and include institutional attention. 

Table 4.6 shows the eigenvalues and variance explained by each component without 

institutional attention (Panel A) and with institutional attention (Panel B). In Panel A the first 

two components explain 76.5% of the variation in attention.  

Table 4.6: Eigenvalues 
This table shows the eigenvalues from the PCA on daily attention proxies. Panel A includes WSB, Twitter, 
Wikipedia, and Media in the PCA. Panel B includes WSB, Twitter, Wikipedia, Media, and Institutional. Daily 
company attention proxies are aggregated using equal weighting.  

Panel A: Without Institutional Attention Eigenvalue Variance explained Cumulative 
Component 1 2.291 0.573 0.573 
Component 2 0.767 0.192 0.765 
Component 3 0.640 0.160 0.925 
Component 4 0.302 0.075 1.000 
Panel B: With Institutional Attention Eigenvalue Variance explained Cumulative 
Component 1 2.427 0.485 0.485 
Component 2 1.014 0.203 0.688 
Component 3 0.703 0.141 0.829 
Component 4 0.554 0.111 0.940 
Component 5 0.302 0.060 1.000 

 

In Panel B the first two components explain 68.8% of the variation in attention. In Table 4.7 

we show the factor loadings for the first two components. In Panel A, we find the first 
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component is similarly correlated across attention proxies. The second component has a high 

correlation with WSB, however, given the eigenvalue of the second component is less than one, 

we limit our analysis to the first component.43 In Panel B we find similar correlations between 

the first component and WSB, Twitter, Wikipedia, and Media as those observed in Panel A. 

However, Institutional attention (Institutional) has a relatively lower correlation (29.7%) with 

the first component and a large correlation (76.8%) with the second component. Although we 

observe an eigenvalue greater than one in Table 4.6 Panel B, the second component appears to 

predominately capture institutional attention. 

Table 4.7: Factor loadings 
This table shows the factor loadings from the PCA on daily attention proxies. Panel A includes WSB, Twitter, 
Wikipedia, and media in the PCA. Panel B includes WSB, Twitter, Wikipedia, media, and institutional attention. 
Daily company attention proxies are aggregated using equal weighting.  

Panel A: Without Institutional Attention Component 1 Component 2 
WSB 0.457 0.781 
Twitter 0.584 0.084 
Wikipedia 0.460 -0.317 
Media 0.489 -0.531 
Panel B: With Institutional Attention Component 1 Component 2 
WSB 0.412 -0.528 
Twitter 0.559 -0.145 
Wikipedia 0.431 -0.174 
Media 0.494 0.295 
Institutional 0.297 0.764 

 

As highlighted in Figure 4.1 Panel B, attention is correlated with firm size. To find a 

common component across company sizes, we sort companies into five size portfolios by 

market capitalisation and perform a PCA on each portfolio from 2019 to 2021. For each month 

we determine the size quintile for each company and aggregate company daily attention with 

equal weighting. 

Panels A and B (C and D) in Figure 4.2 show the factor loadings on the first two components 

excluding (including) institutional attention. These loadings describe the correlation between 

each component and the individual factor. In Panel A, we observe similar correlations with the 

 
43 We note that this changes when we perform PCA on different portfolio sizes. We include eigenvalues for the 
five portfolios in Appendix A4.5. 
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first component for the four proxies across size portfolios. We attribute this common 

component to market-retail attention. Panel B shows the second component, and highlights 

commonality between WSB and Twitter. This may be interpreted as social media attention; 

however, the loadings diverge in the largest size portfolio. Panel C and D include institutional 

attention. In the first component, institutional attention is less correlated compared with the 

other attention proxies, corroborating the findings by Ben-Rephael et al. (2017). Therefore, the 

remainder of this section and further analyses focuses on the market-retail attention index 

(Retail) that excludes institutional attention. 

 

The daily time-series relationship between individual attention proxies and Retail for the 

full sample are shown in Figure 4.3 and further highlights differences in attention proxies. In 

Panel A, the surge in attention driven by Gamestop’s short squeeze is captured by Retail at the 

beginning of 2021, which provides anecdotal evidence that it captures attention from WSB. 

Although there is heightened attention during this period, the increase is less apparent in 

Twitter (Panel B), Wikipedia (Panel C) and Media (Panel C). Prior to 2021, Retail appears 

reasonably correlated with attention elsewhere. Wikipedia provides an interesting contrast to 

attention elsewhere. On average, Wikipedia page views during our sample are increasing. 

Given our sample largely captures the COVID-19 market environment, it is possible the 

increase demand for information from Wikipedia is associated with mandatory lockdowns 

(Ribeiro et al., 2020), however, the increase begins prior to 2020.  

Overall, Retail appears to capture attention from our individual proxies well. The PCA 

highlights the importance of distinguishing different attention proxies and the benefit of a 

market-retail attention index, as it captures attention from sources that are less apparent in 

others. 
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Figure 4.3: Daily market-retail attention index 
This figure shows the market-retail attention index. The index includes four attention proxies: WSB, Twitter, Wikipedia, and media. We separate the sample into size quintiles, 
where Size 1 represents an equally weighted portfolio of the smallest companies by market capitalisation and Size 5 represents the largest companies in our sample. 
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4.6 Market-retail attention and future returns 
 

In this section we explore if aggregated retail attention proxies are associated with future 

portfolio returns. Our Probit analysis showed company characteristics that predicted abnormal 

attention are not necessarily the same across different proxies. This highlights that the 

forecasting power of attention may depend on the platform from which attention is derived. 

While we do not expect retail attention to predict returns during normal periods, evidence of 

greater retail trading activity from COVID-19 stay-at-home orders in 2020 and the abundance 

of trading applications suggest retail attention proxies may have greater forecasting power. 

Daily returns and attention proxies are equally weighted and attention variables are 

standardised so that the coefficients can be interpreted relative to a one standard deviation 

change in attention. Since large companies tend to dominate attention in traditional and social 

media, aggregating firm-attention by value is unlikely to be as informative as giving all 

companies equal weighting (Chen et al., 2022).44 We use the prediction model in Equation 4.2: 

𝑅# − 𝑟, = 𝛼 + 𝛽𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛#-( + 𝜀#     (4.2) 

where Rt is the excess equally weighted portfolio return for the size quintile. rf is the daily 

risk-free rate. Attentiont-n is either Retail, WSB, Twitter, Wikipedia, Media. Retail is the first 

component of the principal component analysis on WSB, Twitter, Wikipedia, and traditional 

media. n is the number of lagged days. 

 

Table 4.8 shows the univariate regressions for an equally weighted portfolio. The third and 

fourth Retail lags are positive and significant, suggesting some evidence that a market-retail 

attention index predicts returns. Chen et al. (2022) find their attention index predicts lower 

returns over longer time horizons. Attention does not necessarily drive positive or negative 

returns since both positive and negative news can receive attention. The positive association 

 
44 In untabulated results we find similar results using value weighted returns with monthly rebalancing. 
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we observe may be attributable to the post COVID-19 rally in financial markets. Coefficients 

on WSB and Wikipedia are also positive and significant for most lags, suggesting higher 

attention measured by WSB submissions count or Wikipedia page views predict higher returns 

of an equally weighted portfolio. The coefficients are large, with a one standard deviation 

change to WSB or Wikipedia corresponding to an increase in daily return of 0.1% (28.6% 

annualised). Twitter and Media attention proxies show scarce predictability of returns. 

Table 4.8: Univariate prediction 
In this table we show the regression results for the univariate regression with robust standard errors. Rt is the 
excess equally weighted portfolio return for the size quintile. rf is the daily risk-free rate. Retailt-n is the first 
component of the principal component analysis on WSB, Twitter, Wikipedia, and media. n is the number of lagged 
days. 

 t-1 t-2 t-3 t-4 t-5 
Retail 0.000 0.001 0.001** 0.001* 0.000 
 (0.77) (1.36) (2.92) (2.36) (1.35) 
WSB 0.000 0.001** 0.001** 0.001** 0.001*** 
 (0.49) (3.26) (2.88) (3.15) (3.64) 
Twitter 0.000 0.000 0.001* 0.001 0.000 
 (0.04) (0.77) (2.12) (1.64) (0.26) 
Wikipedia 0.001* 0.002** 0.002** 0.001* 0.001* 
 (2.07) (2.97) (2.72) (2.29) (2.41) 
Media -0.000 -0.001 0.001 0.001 -0.000 
 (-0.08) (-0.93) (0.97) (0.68) (-0.35) 

 

The predictability of Retail, WSB, and Wikipedia may be limited to companies with poorer 

information environments. To explore this possibility, we create five size portfolios with 

equally weighted returns and attention, rebalanced monthly. For each size portfolio, Retail is 

defined as the first component from the PCA on WSB, Twitter, Wikipedia, Media for each size 

quintile. Table 4.9 shows univariate regression results for each portfolio, where Size 1 is the 

smallest portfolio and Size 5 is the largest. In Panels A to E, we show the results of the 

univariate regressions for size quintiles one to five, respectively. 

Overall, we find the attention proxies have stronger predictability in smaller size quintile 

portfolios. In the smallest size portfolio (Panel A), WSB has positive and significant 

coefficients on four of the five lags. In contrast, the evidence that other attention proxies predict 

returns is weak. The coefficient suggests a one standard deviation change to attention on WSB 



 Daniel Cahill (2022) 

 140 

correspond with an increase in daily return of the smallest portfolio of approximately 1.6%. 

While we make no assertions on excess risk adjusted returns, we assume the smallest portfolio 

is the most volatile. In larger portfolios, WSB maintains some predictability (Panel B, C, and 

D), while Wikipedia gains significance in the second (Panel B) and fourth (Panel D) size 

quintile. We expect the forecasting power of Wikipedia page views in larger size portfolios is 

attributable to larger companies’ Wikipedia pages being more comprehensive. However, given 

the historical nature of information on Wikipedia, it is curious what drives predictability. We 

expect this proxy performs better at capturing investors’ attention around abnormal events or 

periods, compared to normal periods or common events such as earnings announcements. It is 

possible the forecasting ability of Wikipedia may be an artefact of our sample, since it 

predominately covers the COVID-19 period, during which there was a general upward trend 

in Wikipedia page views (Figure 4.3, Panel C) and retail trader participation. There is limited 

forecasting power in the largest size portfolio (Panel E) and the size of the coefficients 

decreases in the larger portfolios. This is unsurprising, as we expect better information 

environments for larger companies compared to smaller companies.  

 

In this section we show the predictability of returns using different attention proxies on an 

equally weighted portfolio is dependent on the proxy used and the size of companies. Since 

larger companies are likely to have better information environments, higher attention is 

unlikely to be associated with new information which will diminish the association between 

attention and future returns. We draw no conclusions on causality, and it remains unexplained 

if WSB and Wikipedia is capturing a latent variable that is absent from other proxies.   
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Table 4.9: Univariate prediction by size quintile 
In this table we show the regression results for the univariate regression with robust standard errors. Rt is the 
equally weighted portfolio return for the size quintile. rf is the daily risk-free rate. Retailt-n is the first component 
of the principal component analysis on WSB, Twitter, Wikipedia, and media. n is the number of lagged days. 

Panel A: Size 1 t-1 t-2 t-3 t-4 t-5 
Retail 0.000 0.000 0.002 0.002 -0.001 
 (0.16) (0.10) (1.91) (1.81) (-0.43) 
WSB 0.003 0.015** 0.016* 0.017*** 0.017*** 
 (0.46) (2.83) (2.53) (3.56) (3.92) 
Twitter 0.001 0.002 0.006 0.006 -0.003 
 (0.38) (0.60) (1.47) (1.88) (-1.03) 
Wikipedia 0.043 0.062 0.068 0.055 0.030 
 (1.04) (1.61) (1.86) (1.36) (0.70) 
Media -0.023 -0.051* -0.006 -0.013 -0.038 
 (-1.06) (-2.08) (-0.25) (-0.61) (-1.39) 
Panel B: Size 2 t-1 t-2 t-3 t-4 t-5 
Retail 0.001 0.001** 0.001* 0.001* 0.000 
 (1.09) (2.67) (1.98) (1.96) (0.66) 
WSB 0.001 0.003*** 0.001 0.002* 0.001 
 (0.54) (4.71) (1.07) (2.17) (1.29) 
Twitter 0.001 0.002* 0.001 0.001 -0.000 
 (0.84) (2.11) (1.22) (1.01) (-0.03) 
Wikipedia 0.019* 0.025*** 0.018* 0.016* 0.009 
 (2.38) (3.36) (2.47) (2.26) (1.28) 
Media -0.004 -0.013 0.012 0.002 -0.005 
 (-0.36) (-1.09) (1.15) (0.16) (-0.45) 
Panel C: Size 3 t-1 t-2 t-3 t-4 t-5 
Retail 0.000 -0.000 0.001* 0.001 0.000 
 (0.37) (-0.14) (2.13) (1.40) (0.53) 
WSB 0.000 0.001*** 0.001*** 0.001** 0.001 
 (1.11) (3.33) (3.34) (2.67) (1.10) 
Twitter 0.000 0.000 0.001 0.001 0.000 
 (0.18) (0.41) (1.34) (0.98) (0.69) 
Wikipedia 0.001 0.002 0.009 0.006 -0.003 
 (0.16) (0.28) (1.16) (0.82) (-0.42) 
Media -0.001 -0.010 0.004 0.002 -0.000 
 (-0.10) (-1.43) (0.62) (0.24) (-0.04) 
Panel D: Size 4 t-1 t-2 t-3 t-4 t-5 
Retail 0.001 0.000 0.001*** 0.001 0.001* 
 (1.34) (0.93) (3.54) (1.59) (2.33) 
WSB 0.000 0.000 0.000*** 0.000* 0.000*** 
 (0.50) (1.93) (4.73) (2.39) (4.44) 
Twitter 0.000 0.000 0.001* 0.000 0.001 
 (0.57) (0.06) (2.14) (0.80) (0.93) 
Wikipedia 0.009* 0.007* 0.010** 0.005 0.006* 
 (2.58) (2.18) (2.97) (1.93) (2.08) 
Media 0.001 -0.003 0.002 0.001 0.001 
 (0.22) (-1.10) (0.64) (0.19) (0.23) 
Panel E: Size 5 t-1 t-2 t-3 t-4 t-5 
Retail 0.000 -0.000 0.001* 0.000 0.000 
 (0.95) (-0.20) (1.99) (1.22) (1.26) 
WSB -0.000 0.000 0.001 0.000 0.000 
 (-0.19) (0.68) (1.07) (0.56) (0.64) 
Twitter 0.000 -0.001 0.001 0.000 0.001 
 (0.47) (-1.10) (1.50) (0.25) (0.74) 
Wikipedia 0.002* 0.002 0.002 0.002 0.001 
 (2.03) (1.86) (1.29) (1.47) (1.15) 
Media 0.001 -0.000 0.001 0.001 0.000 
 (0.77) (-0.46) (1.28) (0.94) (0.64) 
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4.7 Response to earnings information 
 

In the previous sections, we show different attention proxies may capture attention 

differently, however, we are yet to explore differences when markets are characterised by 

higher attention in general. In this section, we use the post-earnings announcement drift 

(PEAD) to explore how investor inattention from different sources affects the incorporation of 

information into prices. Investor inattention provides an explanation to the anomalous drift in 

returns after earnings announcements. For example, Hirshleifer et al. (2009) use the proximity 

of firm earnings announcements to capture investor distraction and find markets underreact to 

earnings information when there are a larger number of same day announcements. Similar 

findings by DellaVigna and Pollet (2009), show earnings announcements made on Fridays 

have smaller immediate reactions and larger drifts, suggesting the announcements proximity 

to the weekend corresponds with lower investor attention. Pantzalis and Ucar (2018) find 

market underreaction in earnings are associated with allergy seasons, and Cahill et al. (2021) 

find an association between lower mobility and earnings underreactions for local firms during 

the COVID-19 pandemic. 

The effect of investor inattention on PEAD is likely dependent on who is not paying 

attention. Ben-Rephael et al. (2017) find abnormal institutional attention reduces PEAD, while 

finding some evidence that abnormal retail attention has an increasing effect. Similarly, Curtis 

et al. (2014) find companies with low Twitter attention are associated with a larger PEAD. 

Given we found abnormal institutional and WSB attention to be predicted by similar company 

characteristics, it is possible that greater WSB attention is associated with a smaller PEAD. 

Alternatively, it is also reasonable to expect a community of investing-interested retail traders 

to exacerbate the PEAD.  
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We collect earnings announcement dates and analyst estimates from I/B/E/S and calculate 

the difference between quarterly analyst forecast errors and actual earnings divided by the 

company share price 30 days prior to the announcement day. Between 2019 and 2021, we have 

9,163 company earnings announcements. We create positive (PosAFE), and negative 

(NegAFE) analyst forecast error (AFE) variables by interacting a positive (negative) AFE 

dummy that takes the value of one if the AFE is positive (negative) with AFE. We scale AFE 

by company share price 30 days prior to the earnings announcement. To investigate the impact 

attention has on positive and negative earnings news, we interact PosAFE and NegAFE with 

daily attention variables. In all regressions we include Controls which include market 

capitalisation, short interest, market-to-book, debt-to-equity, and the number of analysts 

following. 

 

We take the daily attention on the event day to investigate whether attention from different 

sources plays a role in event and post-event returns.  Abnormal return is the difference between 

company return on day t less the expected return derived from the market model (Equation 

4.3). We estimate beta using the 90-day (-120, -30) period prior to the company event. 

Cumulative returns are calculated by taking the product of returns over the event window 

(Equation 4.4). 

𝐴𝑅!,# = 𝑟!,# − 𝛽9𝑅$,# − 𝑟,: − 𝑟,    (4.3) 

𝐶𝐴𝑅!,.),., = ∏ (1 + 𝐴𝑅!,#) − 1
.,
#/.)     (4.4) 

In Table 4.10, we report the effect attention has on cumulative abnormal returns 3 days 

(Panel A), 5 days (Panel B) and 30 days (Panel C) after the earnings announcement date. Our 

variables of interest are the interaction between attention proxies and analyst forecast errors 

(PosAFE×Attention and NegAFE×Attention), which describe the incremental impact of 

attention on analyst forecast errors. The positive coefficients on PosAFE (NegAFE) indicate 
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prices increase (decrease) more with larger forecast errors, consistent with the expectation that 

prices drift in the direction of the forecast error. The interaction between negative analyst 

forecast errors and WSB, Twitter, and Institutional attention suggest they facilitate information 

that attenuates the PEAD. We only find evidence of attention on WSB and Twitter reducing 

PEAD in shorter post-announcement windows (Panel A and B), while institutional attention 

remains negative and significant for the longer window (Panel C). 

 

Overall, our retail-attention index (Retail) does not perform well, providing evidence that 

higher retail attention reduces PEAD in only the 5-day post-announcement window. The 

contrast with WSB and Twitter highlights that these proxies may be better at capturing attention 

around market sensitive events since Wikipedia and Media provide no evidence of an 

association between attention and PEAD. Given earnings are regular and scheduled 

announcements, it is plausible that information from company Wikipedia pages receives 

relatively less attention around earnings announcements given Wikipedia contains historical 

information and relies on updates from its users. The results of institutional attention 

attenuating PEAD is consistent with Ben-Rephael et al. (2017), however, the role retail 

attention plays in explaining PEAD remains unclear and dependent on the attention proxy used. 

We do not find evidence of higher attention reducing PEAD for positive analyst forecast errors, 

consistent with the predisposition for individuals to pay more attention to negative news 

relative to positive news (Baumeister et al., 2001). 

Table 4.11 includes interacted institutional attention variables in the same regression as 

other attention proxies. We find that Institutional does not take explanatory power from other 

attention variables. The coefficients on interacted WSB and Twitter variables remain significant 

for shorter post-earnings windows for negative forecast errors. NegAFE×Institutional is 

consistently negative, regardless of the inclusion of other attention proxies. 
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Table 4.10: Earnings announcements 
This table shows post window cumulative abnormal returns around earnings announcements. Cumulative abnormal returns 
are calculated by taking the product of abnormal returns over [1,3], [1,5], and [1,30] days after the earnings announcement. 
Attention is the attention variables Retail, WSB, Twitter, Wikipedia, Media, and Institutional attention. Retail is the market-
retail attention index. Other variables are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A: CAR[1,3] Retail WSB Twitter Wikipedia Media Institutional 
PosAFE 0.005* 0.006** 0.006** 0.006** 0.006** 0.002 
 (2.31) (2.97) (3.05) (2.98) (3.01) (0.85) 
NegAFE 0.005 0.002 0.001 0.002 0.001 0.017* 
 (1.33) (0.55) (0.49) (0.60) (0.50) (2.35) 
Attention 0.001 -0.002 -0.005* -0.002 -0.003 0.001 
 (0.89) (-1.19) (-2.58) (-1.49) (-1.52) (0.68) 
PosAFE×Attention 0.001 0.001 0.001 0.000 0.000 0.002 
 (0.72) (0.49) (0.39) (0.18) (0.32) (1.56) 
NegAFE×Attention -0.005 -0.007** -0.004*** 0.001 -0.000 -0.005* 
 (-1.25) (-3.10) (-3.82) (0.16) (-0.10) (-2.28) 
Controls YES YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES YES 
Constant -0.032 -0.033 -0.037 -0.038 -0.040 -0.023 
 (-1.33) (-1.35) (-1.50) (-1.55) (-1.62) (-0.90) 
Observations 7009 7009 7009 7009 7009 7009 
Adjusted R2 0.003 0.004 0.004 0.003 0.003 0.003 
Panel B: CAR[1,5] Retail WSB Twitter Wikipedia Media Institutional 
PosAFE 0.005* 0.006** 0.006** 0.006** 0.006** 0.003 
 (2.26) (2.98) (3.03) (2.99) (3.05) (1.17) 
NegAFE 0.008* 0.001 0.001 0.001 0.001 0.017* 
 (2.04) (0.48) (0.42) (0.43) (0.28) (2.29) 
Attention 0.000 -0.002 -0.005* -0.003 -0.003 0.001 
 (0.08) (-1.46) (-2.53) (-1.66) (-1.59) (1.05) 
PosAFE×Attention 0.001 0.000 0.001 0.000 0.000 0.001 
 (0.86) (0.34) (0.51) (0.17) (0.06) (1.11) 
NegAFE×Attention -0.009* -0.006** -0.004*** -0.001 -0.002 -0.005* 
 (-2.29) (-2.83) (-3.48) (-0.21) (-0.60) (-2.23) 
Controls YES YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES YES 
Constant -0.024 -0.026 -0.029 -0.032 -0.034 -0.012 
 (-0.96) (-1.03) (-1.15) (-1.23) (-1.30) (-0.47) 
Observations 7000 7000 7000 7000 7000 7000 
Adjusted R2 0.003 0.003 0.004 0.002 0.002 0.003 
Panel C: CAR[1,30] Retail WSB Twitter Wikipedia Media Institutional 
PosAFE 0.008 0.009* 0.009* 0.009* 0.009* 0.006 
 (1.87) (2.13) (2.14) (2.16) (2.11) (0.97) 
NegAFE 0.001 0.002 0.003 0.003 0.004 0.029* 
 (0.12) (0.44) (0.51) (0.53) (0.74) (2.04) 
Attention 0.009*** 0.006 0.007 0.003 0.004 0.006*** 
 (4.59) (1.88) (1.69) (0.83) (1.03) (3.34) 
PosAFE×Attention 0.000 0.000 -0.001 0.001 0.001 0.001 
 (0.10) (0.08) (-0.17) (0.21) (0.26) (0.64) 
NegAFE×Attention 0.002 0.006 0.004 0.004 0.008 -0.008* 
 (0.25) (1.39) (1.50) (0.49) (1.10) (-1.98) 
Controls YES YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES YES 
Constant 0.314*** 0.330*** 0.331*** 0.332*** 0.336*** 0.373*** 
 (6.28) (6.59) (6.59) (6.52) (6.53) (7.25) 
Observations 6412 6412 6412 6412 6412 6412 
Adjusted R2 0.027 0.023 0.023 0.023 0.023 0.026 
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Table 4.11: Earnings announcements with institutional attention interaction 
This table shows post window cumulative abnormal returns around earnings announcements. Cumulative abnormal returns 
are calculated by taking the product of abnormal returns over [1,3], [1,5], and [1,30] days after the earnings announcement. 
Attention is the attention variables Retail, WSB, Twitter, Wikipedia, and Media. Retail is the market-retail attention index. 
Other variables are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A: CAR[1,3] Retail WSB Twitter Wikipedia Media 
PosAFE 0.002 0.002 0.002 0.002 0.002 
 (0.78) (0.86) (0.81) (0.76) (0.73) 
NegAFE 0.025** 0.016* 0.015* 0.017* 0.017* 
 (2.99) (2.19) (2.15) (2.37) (2.32) 
Attention 0.001 -0.002 -0.004* -0.002 -0.002 
 (0.84) (-1.09) (-2.39) (-1.29) (-1.23) 
PosAFE×Attention 0.001 0.000 -0.000 -0.000 -0.000 
 (0.39) (0.21) (-0.13) (-0.44) (-0.40) 
NegAFE×Attention -0.007 -0.006** -0.004*** 0.001 0.001 
 (-1.83) (-2.96) (-3.61) (0.35) (0.22) 
Institutional 0.001 0.001 0.000 0.000 0.000 
 (0.62) (0.66) (0.48) (0.52) (0.47) 
PosAFE×Institutional 0.002 0.002 0.002 0.002 0.002 
 (1.37) (1.54) (1.62) (1.68) (1.67) 
NegAFE× Institutional -0.006** -0.004* -0.004* -0.005* -0.005* 
 (-2.67) (-2.12) (-2.11) (-2.31) (-2.30) 
Controls YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES 
Constant -0.023 -0.024 -0.029 -0.030 -0.032 
 (-0.94) (-0.97) (-1.15) (-1.17) (-1.23) 
Observations 7009 7009 7009 7009 7009 
Adjusted R2 0.004 0.004 0.005 0.003 0.003 
Panel B: CAR[1,5] Retail WSB Twitter Wikipedia Media 
PosAFE 0.003 0.003 0.004 0.003 0.003 
 (1.04) (1.17) (1.18) (1.10) (1.02) 
NegAFE 0.031*** 0.016* 0.016* 0.017* 0.016* 
 (3.54) (2.14) (2.11) (2.24) (2.14) 
Attention -0.000 -0.002 -0.004* -0.002 -0.002 
 (-0.02) (-1.35) (-2.34) (-1.46) (-1.30) 
PosAFE×Attention 0.001 0.000 0.000 -0.000 -0.001 
 (0.66) (0.14) (0.16) (-0.28) (-0.49) 
NegAFE×Attention -0.012** -0.006** -0.004** -0.000 -0.001 
 (-2.95) (-2.69) (-3.28) (-0.02) (-0.29) 
Institutional 0.001 0.001 0.001 0.001 0.001 
 (0.98) (1.01) (0.88) (0.90) (0.84) 
PosAFE×Institutional 0.001 0.001 0.001 0.001 0.002 
 (0.91) (1.12) (1.10) (1.22) (1.32) 
NegAFE× Institutional -0.006** -0.005* -0.005* -0.005* -0.005* 
 (-2.91) (-2.10) (-2.08) (-2.23) (-2.19) 
Controls YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES 
Constant -0.012 -0.015 -0.019 -0.020 -0.022 
 (-0.46) (-0.56) (-0.71) (-0.76) (-0.82) 
Observations 7000 7000 7000 7000 7000 
Adjusted R2 0.004 0.004 0.004 0.003 0.003 
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Table 4.11 continued 
Panel C: CAR[1,30] Retail WSB Twitter Wikipedia Media 
PosAFE 0.006 0.006 0.005 0.006 0.006 
 (1.00) (0.97) (0.88) (0.95) (0.96) 
NegAFE 0.033* 0.030* 0.030* 0.031* 0.034* 
 (1.96) (2.12) (2.14) (2.13) (2.33) 
Attention 0.008*** 0.006* 0.009* 0.004 0.005 
 (4.45) (2.04) (2.04) (1.14) (1.47) 
PosAFE×Attention 0.000 -0.000 -0.001 0.000 0.000 
 (0.02) (-0.01) (-0.30) (0.03) (0.07) 
NegAFE×Attention -0.003 0.006 0.004 0.005 0.011 
 (-0.32) (1.54) (1.82) (0.67) (1.40) 
Institutional 0.006** 0.006*** 0.006*** 0.006*** 0.006*** 
 (3.27) (3.42) (3.48) (3.40) (3.44) 
PosAFE×Institutional 0.001 0.001 0.001 0.001 0.001 
 (0.44) (0.55) (0.62) (0.53) (0.45) 
NegAFE× Institutional -0.009* -0.008* -0.008* -0.008* -0.009* 
 (-2.08) (-2.04) (-2.03) (-2.02) (-2.14) 
Controls YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES 
Constant 0.363*** 0.382*** 0.384*** 0.385*** 0.392*** 
 (7.05) (7.39) (7.42) (7.34) (7.37) 
Observations 6412 6412 6412 6412 6412 
Adjusted R2 0.029 0.026 0.026 0.025 0.026 

 

4.8 Meme-event days 
 

The attention Gamestop’s short squeeze received, and the role played by WSB, drove 

attention toward “meme stocks”. In the previous sections, we have focussed on the number of 

company mentions on WSB and other attention proxies without investigating the market’s 

response to company memes. In this section we investigate the impact on stocks when 

companies are referred to in the context of a meme by WSB users. WSB provides tags to 

simplify the description of submissions. There are 12 tags on WSB that can be assigned to a 

submission: ‘DD’, ‘Discussion’, ‘YOLO’, ‘Daily Discussion’, ‘Earnings Thread’, ‘Loss’, 

‘Gain’, ‘News’, ‘Mods’, ‘Weekend Discussion’, ‘Meme’, and ‘Technical Analysis’.45 We use 

the ‘Meme’ tag on submissions, which are only available after 2019, to classify companies’ 

association with memes.  After filtering submissions for those that are tagged with “Meme”, 

there are 195,264 submissions. We search the same list of company $TICKER’s and names for 

this sample of meme submissions. The distribution of companies in this sample is thin, with 

 
45 As of July 2021. 
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many companies having only a single meme. For a better distribution of daily memes, we limit 

our sample by only including those in 2020 to 2021. 

Using an event study approach, we capture the pinnacle of a company’s “memeness”46 by 

defining meme-events as days when the number of memes for company i on day t is greater 

than the 99th percentile of daily memes for company i over the 2020-2021 period. This helps 

us define a clearer event period since it is difficult to capture an abnormal number of company 

memes when most daily company memes are zero. To avoid overlapping meme-event days, 

we limit events so they do not occur within 30 days of each other. For comparison, we repeat 

this approach and use submissions on WSB, Twitter, and Wikipedia to define similar event 

dates which we refer to as extreme attention days. Since our proxy for institutional attention is 

a categorical variable we do not attempt to capture an extreme institutional attention event. 

 

We plot the abnormal return (AR) and 41-day cumulative abnormal return (CAR) in Figures 

4.4 and 4.5, respectively. Because these dates capture extreme attention, we expect a significant 

market response, however, the average direction may be positive or negative since we do not 

decompose the sentiment of attention. In Figure 4.4, we observe a positive AR on meme-event 

days (3.00%) and extreme attention days on WSB (2.6%), Twitter (4.2%), Wikipedia (2.00%), 

and negligible returns when companies receive extreme attention in traditional media (Panel 

E). It is possible the positive AR is a result of these proxies capturing retail traders, who are 

considered to have higher short-selling constraints compared with institutional traders (Barber 

and Odean, 2008). Under each panel, we plot the daily standardised attention for the other 

attention proxies. Attention from Twitter, Wikipedia, and Media increases gradually before 

meme-event days (Panel A) and is followed by a slower decay in attention. In contrast, on 

extreme attention days (Panels B to E) attention elsewhere is quicker to react and does not 

 
46 We refer to “memeness” as the number of memes a company receives relative to itself. 
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exhibit the gradual increase and decrease in attention before meme-event days. Twitter and 

Media attention appear to have the largest reactions around meme-event days and extreme 

event days, suggesting attention-grabbing media articles are quickly shared on Twitter. 

However, this is not necessarily true for meme-event days and extreme attention days on WSB 

and Wikipedia. It is possible that on these days the catalyst for attention is an unexpected event 

that is not immediately covered by traditional media. 

The drift in returns observed in Figure 4.5 Panel A is consistent with the gradual change in 

attention elsewhere around meme-event days. The 41-day CAR around meme-event days is 

approximately 19%. Since we do not exclude memes from the WSB sample, it is unsurprising 

that Panel B shows a similar drift on days with an extreme number of submissions on WSB, 

albeit a smaller CAR (~14%). In Panel C, there is a reversal after extreme attention days on 

Twitter, suggesting these days are associated with investors over buying. Panel D shows a drift 

in returns after extreme attention days on Wikipedia, however, the magnitude of the drift is 

small (~2%). There is also a small drift after Media extreme attention days (Panel E). An 

interesting observation is the gradual increase in CAR before day zero in Panels A and B, 

compared with those in Panels C and D. Since attention from Twitter, Wikipedia and Media is 

shown to increase gradually around meme-event days, it is possible that attention derived from 

the number of memes captures attention differently compared to other proxies. In contrast with 

the large increase in returns on days characterised by high attention in Panels A to D, there is 

a slow increase in the 41-day CAR around extreme Media attention days. This observation may 

be attributed to traditional media coverage being more ubiquitous compared with WSB, Twitter 

and Wikipedia, which makes extreme attention days on traditional media less surprising to 

markets. 
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Figure 4.4: Abnormal returns around abnormal attention date 
This figure shows average company abnormal returns around meme-event days and extreme attention days. 
Meme-event days and extreme attention days are when the number of memes or Attention for company i on day 
t is greater than the 99th percentile of the number of memes or Attention for company i over the 2020-2021 sample.  
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Figure 4.5: Cumulative Abnormal Returns around abnormal attention date 
This figure shows cumulative company abnormal returns 41 days around meme-event days and extreme attention 
days. Meme-event days and extreme attention days are when the number of memes or Attention for company i on 
day t is greater than the 99th percentile of the number of memes or Attention for company i over the 2020-2021 
sample.  
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The slower response from attention on Twitter, Wikipedia and Media on meme-event days 

suggests an explanation for the observed drift in returns. We explore the drift after meme-event 

days by regressing low attention dummy variables that take the value of one if attention on the 

meme-event day is less than the previous 30-day average, and zero otherwise, on CAR.47 If 

investor inattention contributes to the drift after meme-event days, then we expect positive 

coefficients on the low attention dummy variables. We expect these events to be relatively 

random compared with earnings announcements, however, we recognise that it is reasonable 

for these dates to coincide with market sensitive announcements. Whilst we do not capture all 

possible events, we include Event which is a dummy variable that takes the value of one if an 

earnings announcement occurs on the meme-event day, and zero otherwise. 

 

In Table 4.12, we show the regression results for meme-event days. We include low 

institutional attention (LowInstitutional) in all regressions. In Panel A, the coefficient on 

LowInsitutional is positive and significant for one and five days around the meme-event day, 

suggesting low institutional attention corresponds with a larger drift in returns. We find limited 

significance on LowWikipedia and no evidence that LowRetail, LowTwitter, and LowMedia are 

associated with the drift in returns. In Panel B, we extend the windows to 10-, 20-, and 30-

days. We find no association between the drift and low attention dummy variables. 

It is unlikely for a group of aficionado traders to drive asset prices of large companies by 

posting memes on WSB, although the ability for a decentralised crowd to congregate on social 

media is not unseen. If these returns are driven by retail traders, then we expect the effect to be 

more prevalent in smaller companies. To test this, we interact the low attention dummy 

variables with Small – a dummy variable that takes the value of one if the company’s market 

capitalisation is less than the median, and zero otherwise. Consistent with our hypothesis, in 

 
47 Refer to Equation 4.1 
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Table 4.13 the coefficients on the interaction between low institutional attention and smaller 

companies (LowInstitutional×Small) are positive and significant for both short (Panel A) and 

long (Panel B) post meme-event day CAR windows. These findings suggest lower institutional 

attention in smaller firms on meme-event days is associated with a greater drift relative to larger 

firms. The drift in returns does not appear to extend to the longest window [1,30]. The 

interaction between small companies and low attention in market-retail attention, Twitter, 

Wikipedia, and traditional media are insignificant. We repeat the regressions in Tables 4.12 

and 4.13 for extreme attention days defined by WSB, Twitter, and media attention and include 

the regression results in Appendix A4.6. There is evidence to suggest low institutional attention 

is associated with larger short-term drifts on WSB extreme attention days.48 When we interact 

low attention with Small, the coefficient is insignificant, highlighting the drift in CAR is 

indifferent between large and small companies.49 When Twitter and Media are used to define 

extreme attention days, we find significantly negative coefficients on LowInstitutional×Small 

for longer CAR windows.50 This is in contrast to our observation in Table 4.13 and implies 

lower institutional attention decreases 20- and 30-day CARs after extreme attention days more 

for small firms relative to large firms. Small companies that recently caught markets attention 

on Twitter or in traditional media, may experience negative returns as attention does not persist. 

This provides an interesting comparison with meme-event days. Memes providing an 

amusement factor may bring persistent attention among the WSB community and therefore a 

more persistent CAR.  

 

 
48 Results are shown in Appendix A4.6, Table A4.2. 
49 Refer to Table 4.2 
50 Results are shown in Appendix A4.6, Table A4.5 Panel B and Table A4.9 Panel B. 
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Table 4.12: Meme-event days 
This table shows post window cumulative abnormal returns around extreme attention days measured by the number of memes. Cumulative abnormal returns are calculated by taking the product 
of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference between company return on day t less the 
expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. LowRetail, LowTwitter, LowWikipedia, LowMedia, and 
LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 30-day average. Other variable descriptions are defined in Table 4.1. t 
statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail 0.008 0.016 0.017          
 (0.92) (1.30) (1.20)          
LowTwitter    -0.015 0.005 0.023       
    (-1.56) (0.38) (1.61)       
LowWikipedia       -0.014 0.022 0.023    
       (-1.50) (1.81) (1.64)    
LowMedia          -0.006 0.015 0.025 
          (-0.65) (1.22) (1.75) 
LowInstitutional 0.021* 0.023 0.046** 0.028** 0.024 0.039* 0.026** 0.020 0.042** 0.025* 0.020 0.039* 
 (2.15) (1.78) (3.06) (2.75) (1.74) (2.48) (2.63) (1.54) (2.80) (2.43) (1.46) (2.45) 
Mktcap 0.012* -0.012 -0.019* 0.013* -0.012 -0.020* 0.012* -0.012 -0.019* 0.012* -0.012 -0.019* 
 (2.21) (-1.71) (-2.35) (2.41) (-1.73) (-2.51) (2.24) (-1.70) (-2.32) (2.24) (-1.73) (-2.36) 
MB -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 
 (-1.60) (1.70) (0.91) (-1.67) (1.66) (0.92) (-1.71) (1.76) (0.97) (-1.64) (1.68) (0.91) 
DE 0.000 -0.000 -0.000 0.000 -0.000 -0.000 0.000 -0.000 -0.000 0.000 -0.000 -0.000 
 (1.06) (-0.52) (-0.20) (1.15) (-0.46) (-0.17) (1.18) (-0.52) (-0.21) (1.13) (-0.49) (-0.19) 
SI 0.015* -0.014 -0.025** 0.015* -0.014 -0.026** 0.015* -0.014 -0.025** 0.014* -0.013 -0.024* 
 (2.36) (-1.65) (-2.60) (2.39) (-1.71) (-2.66) (2.37) (-1.73) (-2.64) (2.26) (-1.57) (-2.43) 
Turnover -0.005 0.008 0.013 -0.005 0.009 0.013* -0.004 0.007 0.012 -0.005 0.008 0.013 
 (-1.07) (1.45) (1.96) (-1.09) (1.48) (2.00) (-0.87) (1.25) (1.74) (-1.04) (1.45) (1.92) 
Volatility 0.390 -0.665* -1.020** 0.404 -0.647* -1.003** 0.431 -0.695* -1.042** 0.414 -0.684* -1.053** 
 (1.75) (-2.26) (-3.01) (1.82) (-2.19) (-2.97) (1.94) (-2.36) (-3.07) (1.86) (-2.31) (-3.10) 
Event 0.004 -0.018 0.008 0.001 -0.017 0.012 0.004 -0.019 0.006 0.004 -0.017 0.008 
Quarterly F.E. YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.245** 0.161 0.219 -0.264** 0.169 0.250 -0.260** 0.187 0.245 -0.245** 0.166 0.224 
 (-2.93) (1.43) (1.70) (-3.14) (1.49) (1.92) (-3.10) (1.66) (1.89) (-2.94) (1.48) (1.74) 
Observations 345 339 332 345 339 332 345 339 332 345 339 332 
Adjusted R2 0.009 0.026 0.058 0.013 0.022 0.061 0.013 0.031 0.061 0.007 0.026 0.062 

 
 
 



 Chapter 4. Are attention proxies different?
   

155 
 

Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail -0.010 -0.017 -0.037          
 (-0.50) (-0.67) (-1.18)          
LowTwitter    -0.009 -0.003 -0.004       
    (-0.45) (-0.13) (-0.13)       
LowWikipedia       0.026 0.025 0.001    
       (1.35) (0.94) (0.04)    
LowMedia          0.029 0.027 0.037 
          (1.49) (1.05) (1.19) 
LowInstitutional 0.031 0.048 0.036 0.032 0.046 0.030 0.021 0.037 0.028 0.016 0.032 0.013 
 (1.46) (1.70) (1.05) (1.45) (1.53) (0.83) (1.00) (1.30) (0.80) (0.72) (1.10) (0.36) 
Mktcap -0.012 -0.009 -0.002 -0.011 -0.010 -0.002 -0.012 -0.010 -0.003 -0.012 -0.010 -0.003 
 (-1.06) (-0.64) (-0.09) (-1.02) (-0.65) (-0.13) (-1.08) (-0.67) (-0.15) (-1.11) (-0.69) (-0.18) 
MB 0.000 -0.000 -0.000 0.000 -0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 
 (0.40) (-0.09) (-0.41) (0.39) (-0.06) (-0.36) (0.58) (0.06) (-0.34) (0.52) (0.02) (-0.27) 
DE -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 
 (-0.13) (0.06) (0.44) (-0.15) (0.03) (0.40) (-0.16) (0.02) (0.40) (-0.16) (0.02) (0.38) 
SI -0.060*** -0.026 -0.014 -0.060*** -0.026 -0.014 -0.060*** -0.027 -0.014 -0.058*** -0.024 -0.011 
 (-4.42) (-1.46) (-0.64) (-4.42) (-1.46) (-0.62) (-4.45) (-1.49) (-0.62) (-4.23) (-1.33) (-0.49) 
Turnover -0.008 0.004 -0.005 -0.008 0.003 -0.005 -0.010 0.002 -0.005 -0.009 0.003 -0.006 
 (-0.89) (0.29) (-0.36) (-0.91) (0.29) (-0.34) (-1.09) (0.15) (-0.34) (-0.97) (0.25) (-0.38) 
Volatility 0.506 -0.234 0.664 0.496 -0.262 0.613 0.434 -0.315 0.605 0.414 -0.342 0.498 
 (1.08) (-0.38) (0.87) (1.06) (-0.42) (0.81) (0.93) (-0.51) (0.79) (0.88) (-0.55) (0.65) 
Event -0.006 0.012 0.075 -0.007 0.012 0.076 -0.005 0.013 0.077 -0.005 0.014 0.076 
 (-0.20) (0.29) (1.47) (-0.23) (0.29) (1.48) (-0.16) (0.32) (1.50) (-0.15) (0.33) (1.49) 
Quarterly F.E. YES YES YES YES YES YES YES YES YES YES YES YES 
Constant 0.468** 0.239 0.183 0.459* 0.240 0.185 0.504** 0.277 0.193 0.478** 0.253 0.203 
 (2.59) (1.00) (0.61) (2.51) (1.00) (0.61) (2.77) (1.15) (0.64) (2.66) (1.06) (0.68) 
Observations 324 315 295 324 315 295 324 315 295 324 315 295 
Adjusted R2 0.080 -0.009 -0.013 0.080 -0.010 -0.018 0.085 -0.007 -0.018 0.086 -0.007 -0.013 
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Table 4.13: Meme-event days with size interaction 
This table shows post window cumulative abnormal returns around extreme attention days measured by the number of memes. Cumulative abnormal returns are calculated by taking the product 
of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference between company return on day t less the 
expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. LowRetail, LowTwitter, LowWikipedia, LowMedia, and 
LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 30-day average. Small is a dummy variable that takes the value of one 
if market capitalization is less than median. Other variable descriptions are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail 0.004 0.001 -0.001          
 (0.30) (0.06) (-0.05)          
LowRetail×Small 0.009 0.030 0.033          
 (0.48) (1.30) (1.24)          
LowTwitter    0.006 0.007 0.012       
    (0.44) (0.40) (0.62)       
LowTwitter×Small    -0.034 -0.003 0.022       
    (-1.84) (-0.13) (0.78)       
LowWikipedia       -0.007 0.004 0.007    
       (-0.58) (0.24) (0.37)    
LowWikipedia×Small       -0.011 0.035 0.034    
       (-0.61) (1.50) (1.24)    
LowMedia          0.006 0.009 0.011 
          (0.46) (0.52) (0.59) 
LowMedia×Small          -0.023 0.012 0.027 
          (-1.26) (0.50) (0.97) 
LowInstitutional 0.003 0.002 0.011 0.001 0.000 0.006 0.006 0.002 0.009 0.002 -0.001 0.007 
 (0.22) (0.12) (0.58) (0.09) (0.00) (0.28) (0.44) (0.10) (0.48) (0.13) (-0.03) (0.34) 
LowInstitutional×Small 0.040* 0.053* 0.091** 0.055** 0.061* 0.091** 0.044* 0.052* 0.091** 0.051* 0.054* 0.086** 
 (2.15) (2.13) (3.18) (2.77) (2.28) (2.98) (2.35) (2.10) (3.16) (2.58) (2.05) (2.83) 
Small -0.046* -0.019 -0.062 -0.039 -0.011 -0.056 -0.041 -0.019 -0.060 -0.040 -0.013 -0.055 
 (-2.13) (-0.67) (-1.89) (-1.85) (-0.39) (-1.75) (-1.96) (-0.69) (-1.88) (-1.93) (-0.47) (-1.73) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.072 -0.043 -0.043 -0.089 -0.053 -0.043 -0.090 -0.027 -0.027 -0.078 -0.051 -0.051 
 (-1.17) (-0.54) (-0.46) (-1.46) (-0.66) (-0.46) (-1.46) (-0.33) (-0.29) (-1.28) (-0.63) (-0.56) 
Observations 345 339 332 345 339 332 345 339 332 345 339 332 
Adjusted R2 0.006 0.041 0.076 0.017 0.032 0.078 0.010 0.048 0.081 0.009 0.037 0.079 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail -0.002 -0.021 -0.025          
 (-0.08) (-0.62) (-0.60)          
LowRetail×Small -0.029 -0.007 -0.043          
 (-0.77) (-0.14) (-0.69)          
LowTwitter    0.004 0.009 0.010       
    (0.16) (0.26) (0.23)       
LowTwitter×Small    -0.035 -0.029 -0.041       
    (-0.89) (-0.56) (-0.64)       
LowWikipedia       0.020 0.009 -0.004    
       (0.75) (0.25) (-0.09)    
LowWikipedia×Small       0.016 0.032 0.011    
       (0.42) (0.63) (0.18)    
LowMedia          0.019 0.029 0.020 
          (0.72) (0.84) (0.46) 
LowMedia×Small          0.016 -0.012 0.028 
          (0.41) (-0.23) (0.44) 
LowInstitutional -0.011 0.000 -0.008 -0.014 -0.007 -0.017 -0.018 -0.006 -0.012 -0.021 -0.014 -0.021 
 (-0.45) (0.00) (-0.18) (-0.51) (-0.19) (-0.37) (-0.71) (-0.18) (-0.28) (-0.77) (-0.39) (-0.48) 
LowInstitutional×Small 0.124** 0.133* 0.125 0.131** 0.140* 0.128 0.113** 0.120* 0.109 0.108* 0.131* 0.097 
 (3.11) (2.48) (1.91) (3.06) (2.44) (1.83) (2.82) (2.22) (1.64) (2.55) (2.31) (1.41) 
Small -0.145** -0.141* -0.182* -0.146** -0.134* -0.181* -0.153*** -0.141* -0.186* -0.149*** -0.133* -0.183* 
 (-3.16) (-2.29) (-2.42) (-3.26) (-2.21) (-2.43) (-3.43) (-2.35) (-2.51) (-3.34) (-2.21) (-2.47) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Quarterly F.E. YES YES YES YES YES YES YES YES YES YES YES YES 
Constant 0.421** 0.203 0.340 0.422** 0.191 0.333 0.474*** 0.233 0.347 0.441*** 0.200 0.350 
 (3.26) (1.18) (1.64) (3.29) (1.11) (1.61) (3.64) (1.34) (1.65) (3.45) (1.17) (1.70) 
Observations 324 315 295 324 315 295 324 315 295 324 315 295 
Adjusted R2 0.109 0.006 0.005 0.109 0.004 -0.002 0.112 0.007 -0.003 0.111 0.006 0.001 
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4.9 Conclusion 
 

This paper investigates a largely unexplored social media platform – Reddit and asks 

whether attention on Reddit is different from commonly used proxies for investor attention. 

The advent of social media and its ability to organise a decentralised group of individuals has 

proven its influence in cases such as Gamestop’s short squeeze and other “meme stocks” at the 

beginning of 2021. We focus on the subreddit r/wallstreetbets (WSB) given its recent 

prominence in traditional media, its ability to capture an investing community, and the 

prevalence of memes used to comically depict companies. We also include company Twitter 

count, Wikipedia page views, the number of traditional media articles, and a proxy for 

institutional attention in our analysis to explore differences between attention proxies. In our 

Probit analysis, we find that abnormal attention from WSB, Twitter, Wikipedia, and institutions 

is positively associated with contemporaneous abnormal attention elsewhere. However, there 

are differences in the company characteristics that predict abnormal attention. For example, 

companies that are trading at a 52-week high or low positively predict abnormal attention days 

on WSB and institutional attention. In contrast, we find abnormal Twitter and Wikipedia 

attention days are negatively associated with companies trading at a 52-week low and 

positively associated with 52-week high. This implies using Twitter or Wikipedia to proxy 

investor attention is more likely to capture companies performing well, while discounting 

underperforming companies.  

We perform principal components analysis (PCA) on daily aggregated attention variables 

and find differences between proxies for retail attention and institutional attention. In univariate 

tests we find a common retail-attention component has limited forecasting power of future 

returns, compared with WSB and Wikipedia attention, which are found to have persistent 

predictability in smaller firm returns. We show the predictability of returns using different 

attention proxies is dependent on the proxy used and the size of companies. It is important to 
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note that these results do not draw conclusions on causality, and it remains undetermined 

whether WSB and Wikipedia are capturing a latent variable that is absent from other proxies. 

Market sensitive announcements are likely to be associated with abnormal attention, which 

may limit observable differences between attention proxies. We contribute to the literature on 

investor inattention by investigating the relationship between different attention proxies and 

the PEAD. We find our retail-attention index does not perform well across most post-

announcement windows. In contrast greater attention on WSB and Twitter is associated with 

lower PEAD for negative earnings surprises. This relationship does not persist to a larger post-

announcement window. Consistent with Ben-Rephael et al. (2017), higher attention from 

institutions reduces PEAD, however, we only find evidence when analyst forecast errors are 

negative. These results persist after including other attention proxies. Since we find no 

association between PEAD and Wikipedia or traditional media attention, it suggests that WSB 

and Twitter may be better at capturing attention around market sensitive events. It is plausible 

that scheduled earnings announcements do not prompt retail traders to search for generic 

information on a company’s Wikipedia page, instead seek more timely information from social 

media.  

Our findings suggest that company memes capture attention differently. To investigate this, 

we define meme-event days when the number of company i’s memes is greater than the 99th 

percentile of daily memes for company i. We repeat this process using WSB, Twitter, 

Wikipedia, and media attention, and call these extreme-attention days. We find evidence that 

the drift in returns after meme-event days and extreme-attention days on WSB, is associated 

with institutional inattention in smaller companies. However, on days companies receive 

significant attention on Twitter, Wikipedia, and in traditional media, we do not find a similar 

association between attention and returns. A possible explanation is that the humours content 

of company memes prolongs investors’ attention. 
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This paper contributes to the existing literature on investor attention by exploring several 

direct proxies for attention. While we do not provide detail on what drives these differences, 

our findings show that different proxies may capture attention from different audiences and 

therefore cannot be treated homogenously. 
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Chapter 5. Conclusion 
 
 
 
 
 
5.1 Summary 
 

As the volume, velocity, and veracity of information grows, so does competition for 

investors limited cognitive resources. In the introduction to this thesis, I highlight the tautology 

that interesting things will capture attention. That does not make them uninteresting to study. 

Interesting environments tend to spur anomalous behaviour, providing an opportunity for 

investors’ limited attention to be exploited. Whilst in Chapters 2 and 3 I assume an interesting 

environment will systematically capture attention, for uninteresting market environments, how 

investor attention explains behaviours in financial markets will depend on how it is measured 

and the audience it captures. I investigate this in Chapter 4. 

 

In Chapter 2, I investigate the market’s response to companies’ interest in a novel 

technology – blockchain. Overall, the findings show the market responds positively to these 

announcements, with an association found between returns and bitcoin performance. The 

findings are unable to infer causality. I offer possible explanations for this finding. Without 

clear information on the ultimate outcome of blockchain technology, it is possible markets used 

bitcoin price as an indicator of the technology’s success. Since Bitcoin popularized the 

blockchain idea, a non-mutually exclusive explanation is that markets confuse Bitcoin and 

blockchain technology, suggesting bitcoin’s performance signals the viability of the 

technology. Alternatively, a latent variable explains the association. This chapter highlights the 

short-term benefits of capturing investors’ attention in a novel environment and raises concerns 

regarding managers’ exploitation of uncertainty and investors’ naiveté in a novel technology. 
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The market’s reaction to blockchain announcements may be justified given the uncertainty 

of the environment. The terminology used to describe the new technology is presumably 

unfamiliar to many investors, which is expected to inhibit the control of information asymmetry 

between investors and new ventures. In Chapter 3, I proffer that in the novel cryptocurrency 

market, investors’ trading decisions are influenced by symbolic information, as they struggle 

to disentangle noise from information. I explore the effect of a simple and obvious signal that 

capture investors’ attention in cryptocurrencies – an imitative name. In a normal market, I do 

not expect names to impact valuation, however, when information is scarce, I expect an 

organisation’s name to provide an attention-grabbing signal to investors. I use the similarity of 

alternative cryptocurrency names to “Bitcoin” and find cryptocurrencies with similar names 

are associated with higher short-term performance and lower survivability. The findings 

suggest investors’ search problem is exacerbated by heterogeneous disclosures, unclear 

regulations, and unproven track record or reputation of new cryptocurrency-based ventures, 

which creates demand for an attention-grabbing signal. In this chapter, I use submissions from 

the subreddit r/Cryptocurrency on Reddit.com to proxy for investor attention from individuals 

likely to invest in cryptocurrency-based ventures. I find evidence that this attention proxy is 

associated with survivability, however, it is possible that an alternative proxy outperforms the 

one used. This proposes an important question, are proxies for attention different?  

 

Using proxies that capture general market attention ignores the possibility that sources of 

information are accessed by different people and for different reasons. In Chapter 4, I explore 

several attention proxies, including one that captures attention from a group of aficionado 

investors from r/wallstreetbets (WSB) on Reddit.com that were attributed to a short squeeze in 

an underperforming company. I use daily company mentions on WSB, Twitter, Wikipedia, 

traditional media, and a proxy for institutional attention to investigate differences among 
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proxies. I find that several company characteristics predict abnormal attention days, however, 

the characteristics differ depending on the attention proxy used. It is possible that these 

differences depend on the types of investors that participate or access information from 

alternative platforms. For example, abnormal attention from WSB (Twitter) is positively 

(negatively) associated with underperforming companies, which suggests attention captured 

by WSB is one that characterises value investors. An alternative and non-mutually exclusive 

explanation is that WSB measures attention for a specific group of investors while Twitter 

represents a diverse group of retail traders. This explanation is supported by the higher 

correlation between Twitter and the market-retail attention index. The market-retail attention 

index is the first component from a principal component analysis on WSB, Twitter, Wikipedia, 

and traditional media attention. I use this index and individual attention proxies to investigate 

forecasting power in univariate tests and find predictability depends on the proxy used. It is 

possible that some retail attention proxies capture a latent variable that is absent in other 

measures. 

An advantage of using WSB is that it provides an additional and novel measure for attention. 

The meme-stock phenomenon, introduced at the beginning of 2021, motivated my 

investigation into market behaviour when companies are referred in the context of a meme. I 

define company meme-event days when there are a significant number of memes posted about 

a company on WSB. On these days I find a positive drift in cumulative abnormal returns, which 

is positively associated with investor inattention from other sources and smaller firms. 

Compared with extreme attention days using Twitter, Wikipedia, and traditional media, I do 

not find similar evidence. This suggests memes may capture attention differently and it is 

possible that prolonged attention is characteristic of the humorous content in memes. 
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5.2 Discussion and implications 
 

Overall, this thesis highlights the importance of investor attention on asset prices. I show 

that investors’ attention is captured in uncertain markets when companies communicate an 

interest in novel technologies. As Chapter 3 highlights, the number of new cryptocurrency-

based ventures increased significantly, with many touting large growth opportunities and 

rapidly increasing valuations. Whether companies and new ventures are motivated to enter a 

new technology by self-interest or value-adding opportunities requires specific investigation 

and is not covered in this thesis. Anecdotal evidence suggests a mix of good and bad actors in 

novel markets. Often with a new technology comes exuberant market participants which 

ultimately leads to significant financial losses for those that arrive too late. Given a new 

technology’s ability to capture investors’ attention, it may be beneficial for regulators to adopt 

more proactive guidelines that do not stifle innovation. 

The correlation between social behaviours or trends and company engagement in these 

trends is not limited to blockchain and Bitcoin. For example, researchers study greenwashing 

– the practice of providing a misleading representation of a company’s environmental 

engagement. Such research investigates the market’s response to firm engagement in socially 

responsible activities; however, it is unclear whether firms’ communication to markets 

translates into tangible change.  

Social media plays a significant role in the markets’ interpretation of novel technologies and 

social issues. Chapter 4 highlights social media’s impact on markets as previously assumed 

independent and undirected retail traders can congregate under a common ideology. Coupled 

with the abundance of trading applications and retail trader participation, the ability of firms to 

capture investor attention by understanding current trends potentially exacerbates agency 

issues stakeholders already face. This introduces volatility in financial markets since trends, 

fads, and movements, may arrive more frequently, giving firms more opportunities to exploit 
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limited investor attention. Although research often uses investor attention to explain mispriced 

assets, the short squeeze in Gamestop’s shares at the beginning of 2021 provides an example 

of investor attention punishing large institutions. In this respect, social media platforms can act 

as a monitoring mechanism, giving retail traders power over large institutions that do not abide 

by societal values. How to promote financial markets that are fair, orderly, and transparent 

without undermining retail investors’ use and reliance on social media platforms is a dilemma 

for regulators. 
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Appendix 
 

Chapter A2: I am a blockchain too: How does the 
market respond to companies’ interest in 
blockchain? 
 
A2.1 Adding additional search terms 
 

We add 12 search terms (accomplish, achieve, analyse, begin, examine, expand, experiment, 

explore, promote, research, respond, and seek) to the original list in Table 2.2. In Table A2.1, 

we present a breakdown of our sample in steps to show how we came to the final sample used 

in Chapter 2 and replicate the procedure for the new sample. The additional search terms 

increase the sample from 713 to 725. 

Table A2.1: Data breakdown 
No. of RICs [Headline count] Reported New Incremental Sample 

Step 1:    
Unique RICs included in the topic Blockchain 6,464 [100,403] 

Step 2:    
Using the original set of 24 keywords 1,627 [57,777]  

Using the additional set of 12 keywords  84 [778] 
Step 3:   

- RICs that are not relevant - 588 - 54 
Step 4:   

- Missing company financial information - 285 - 18 
Step 5:   

- Making earning announcements within 5 days - 41 0 
Final Sample: 713 12 

 

The original sample of headlines included in the topic Blockchain yields 6,464 Reuters 

Instrument Codes (RICs) and the number of headlines in brackets. These codes identify 

financial instruments, and therefore many of them are removed given we are interested in 

equities only. In Step 2, after applying the original list of search terms, we find 1,627 unique 

RIC codes. If we apply the new set of 12 search terms, we find 84 RICs are captured by these 

terms that are not captured in the original sample. The additional set of 12 keywords captures 

the following number of additional RICs (in parentheses): accomplish (0), achieve (7), analyze 
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(0), begin (7), examine (0), expand (13), experiment (4), explore (18), promote (1), research 

(27), respond (2), and seek (5). In Step 3, we manually read through the remaining headlines 

to find the earliest relevant announcement for each company in the sample. We exclude 588 

irrelevant RICs and their related headlines in the original sample, and 54 irrelevant RICs from 

the new incremental sample. In Step 4, the sample is further filtered when we search for 

financial information (price and market value). In the original sample, missing information 

accounts for 285 unique RICs and 18 RICs for our new sample. The final step filters RICs with 

proximate earnings announcements. In the original sample this accounted for 41 companies. In 

the new sample, no RICs were removed when we applied this filter. 

 

In Table A2.2, we provide the impact each new search term has on the existing – raw and 

final sample. The table shows that our sample would increase with an increasing number of 

search terms, however, we find that the incremental effect new search terms have on the sample 

is low. Figure A2.1, illustrates this incremental effect. 

Table A2.2: Incremental RIC additions by new search term 
 Raw Final 
(0) Current sample 1627 713 
(1) accomplish 1627 713 
(2) achieve 1634 715 
(3) analyze 1634 715 
(4) begin 1641 716 
(5) examine 1641 716 
(6) expand 1654 717 
(7) experiment 1658 717 
(8) explore 1676 725 
(9) promote 1677 725 
(10) research 1704 725 
(11) respond 1706 725 
(12) seek 1711 725 
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sample, we point to the similar reversal observed in our current sample in 2018 (-2.5%) 

observed in Figure 2.4. 

Table A2.3: Average event returns the current, new, and combined sample. 
 Current Sample New Sample Combined 
AR0 0.053 0.058 0.053 
CAR [-1, 1] 0.066 0.116 0.067 
CAR [-5, 5] 0.078 0.034 0.077 
CAR [-20, 20] 0.087 -0.027 0.085 
Observations 713 12 725 

 

Overall, whilst we find that the addition of new search words increases our sample size, our 

results have not materially changed. Our results are robust when we combine the new 

observations to our original sample (725 observations). 

 

A2.2 Significant Bitcoin events 
 

We found that the number of company announcements around a reasonable shock, e.g. a 

ban of cryptocurrency exchanges and trading, too restrictive for a meaningful analysis. Our 

sample only includes 9 companies listed in South Korea but none of the company 

announcements falls within a period of significant regulatory change. For this reason, we were 

unable to analyze abnormal returns before a Bitcoin/cryptocurrency trading ban and after such 

a ban. For example, the South Korean ban was announced in January 2018 and was met with 

an unsurprising fall in bitcoin price. Out of the 9 South Korean firms in our sample, 3 

announcements occurred in between April and August 2017 and 6 occurred between February 

and September 2018. Coupled with this issue is the extreme volatility in bitcoin and the reaction 

to news. We identified several events that we believed to have an impact on the price of bitcoin 

with corresponding (subjective) sentiment and the post-announcement cumulative returns in 

bitcoin. 

In Table A2.4, we notice that bitcoin does not behave in the way we expect given the release 

of positive or negative news. Specifically, in September 2017, South Korea announced a ban 
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on initial coin offerings. The positive cumulative return in bitcoin after this announcement is 

substantial. We also notice the amount of negative news toward the peak of the bitcoin bubble 

increases, which is likely attributable to its fall, given the regulatory uncertainty. Even when 

South Korea announced regulation on cryptocurrencies (and not a ban) on 31 January 2018, 

the bitcoin market initially fell and continued to fall in later periods. We therefore find it 

difficult to allocate an announcement that provides a permanent price impact on bitcoin. 
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A2.3 Fama-French Factors in the U.S. Form 8-K Sample 
 

In this section, we present additional analysis to investigate what explains the performance 

of U.S. Form 8-K portfolios. The purpose is to reconcile our main finding of an insignificant 

bitcoin factor (in Tables 9 and 11 in the main text) with the findings in Cheng et al. (2019). 

An examination of the companies that made Form 8-K filings in our sample reveals that most 

these firms (approximately 80%) exist in the smaller size categories. Comparing those to the 

sample summary statistics of Cheng et al. (2019), suggests that the authors’ sample captures 

firms that are of comparable size to our Category 3 and 4 firms.  

We decompose our U.S. Form 8-K sample into four subsamples: (1) Media coverage: a high 

(low) portfolio that includes companies with above (below) median media coverage51. Results 

are presented in Tables A2.5 and A2.6; and (2) Size: a large (small) portfolio that includes 

companies falling into size Categories 3 and 4 (1 and 2). Results are presented in Tables A2.7 

and A2.8. We construct equally weighted portfolios from (i) the beginning of 2016 (our 

adopted approach); and (ii) when the announcement is made (Cheng et al., (2019)’s approach). 

In the main text, we argued that given bitcoin’s high volatility, daily bitcoin returns may 

struggle to explain portfolio returns of companies in our sample. Using the same motivation 

described in the main text, we expect that firms with greater media coverage on blockchain will 

have greater association with daily bitcoin returns. In Tables A2.5 and A2.6, we tabulate results 

from the FF3 and FF5 regressions including bitcoin returns, for portfolios constructed from 

2016 and from when the announcement is made. Regardless of how the portfolio is constructed, 

we find that bitcoin returns are significant for high media coverage firms, whilst bitcoin returns 

do not appear to explain returns for companies with low media coverage. These findings support 

the hypothesis that frequent media coverage acts to update the market on a company’s 

 
51 The median number of news count of all companies that have made Form 8-K filings is 49.   



 

 

involvement in blockchain. We also notice that alpha remains significant for high coverage 

firms, highlighting the potential for a latent variable that is not captured by bitcoin. 

Instead of using firm size quartiles, we separated our sample into large (Category 3 and 4 firms) 

and small (Category 1 and 2 firms) categories. In Tables A2.7 and A2.8, we show the 

regressions that are categorized by small and large firms and do not find any significant loading 

on bitcoin returns when portfolios are categorized into small and large firms. 

These findings provide support to the importance of media coverage in an environment that 

has shown a large amount of excitement regarding Bitcoin and blockchain. 
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Table A2.5: FF3 and FF5 U.S. Form 8-K High & Low Coverage from 2016 
The table shows regression estimates for daily net investment returns for a sample of Blockchain related listed 
firms between 2016 and 2018 using the standard Fama-French (FF)  3- and 5-factor model. The dependent variable 
is the daily excess return from an equally weighted portfolio. High Coverage is a portfolio of companies that have 
above median number of blockchain related announcements. Low Coverage is a portfolio of companies with 
below median number of blockchain related announcements. We report a U.S. Form 8-K portfolio that contains 
Blockchain related firms listed in U.S. and have made a form 8-K filing about blockchain engagement. FF factors 
are standard U.S. factors using CRSP data.  

 (1) (2) (3) (4) 
 High Coverage Low Coverage High Coverage Low Coverage 
Bitcoin Return 0.158*** 

(0.034) 
-0.114 
(1.372) 

0.157*** 
(0.034) 

-0.110 
(1.374) 

Rm - Rf 0.643*** 
(0.180) 

-2.179 
(7.252) 

0.780*** 
(0.194) 

-0.854 
(7.830) 

Small - Big -0.095 
(0.296) 

1.785 
(11.926) 

-0.010 
(0.298) 

1.031 
(12.065) 

High - Low -0.414 
(0.271) 

2.439 
(10.918) 

-0.608 
(0.346) 

-2.716 
(13.995) 

Robust - Weak  
 

 
 

0.711 
(0.441) 

0.574 
(17.843) 

Conservative- 
Aggressive 

 
 

 
 

0.650 
(0.539) 

12.553 
(21.806) 

Constant 0.575*** 
(0.149) 

9.678 
(6.003) 

0.564*** 
(0.149) 

9.623 
(6.014) 

Observations 754 754 754 754 
Adjusted R2 0.045 -0.005 0.048 -0.007 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
 
Table A2.6: FF3 and FF5 U.S. Form 8-K High & Low Coverage from Announcement 
The table shows regression estimates for daily net investment returns for a sample of Blockchain related listed 
firms between 2016 and 2018 using the standard Fama-French (FF) 3- and 5-factor model. The dependent variable 
is the daily excess return from an equally weighted portfolio. High Coverage is a portfolio of companies that have 
above median number of blockchain related announcements. Low Coverage is a portfolio of companies with 
below median number of blockchain related announcements. We report a U.S. Form 8-K portfolio that contains 
Blockchain related firms listed in U.S. and have made a form 8-K filing about blockchain engagement. FF factors 
are standard U.S. factors using CRSP data.  

 (1) (2) (3) (4) 
 High Coverage Low Coverage High Coverage Low Coverage 
Bitcoin Return 0.198*** 

(0.050) 
-0.589 
(0.660) 

0.202*** 
(0.050) 

-0.675 
(0.656) 

Rm - Rf 1.157*** 
(0.281) 

2.353 
(3.728) 

1.294*** 
(0.299) 

0.541 
(3.949) 

Small - Big 0.727 
(0.507) 

7.255 
(6.720) 

0.650 
(0.514) 

9.657 
(6.779) 

High - Low 0.436 
(0.503) 

3.625 
(6.669) 

-0.373 
(0.608) 

14.614 
(8.017) 

Robust - Weak  
 

 
 

-0.428 
(0.740) 

12.941 
(9.757) 

Conservative- 
Aggressive 

 
 

 
 

1.835* 
(0.932) 

-29.256* 
(12.288) 

Constant 0.368 
(0.251) 

8.155* 
(3.323) 

0.360 
(0.250) 

8.313* 
(3.298) 

Observations 358 358 358 358 
Adjusted R2 0.090 -0.005 0.096 0.010 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
 
  



 

 

Table A2.7: FF3 and FF5 U.S. Form 8-K Large & Small from 2016 
The table shows regression estimates for daily net investment returns for a sample of Blockchain related listed 
firms between 2016 and 2018 using the standard Fama-French (FF)  3- and 5-factor model. The dependent variable 
is the daily excess return from an equally weighted portfolio. Large is a portfolio of companies that fall in size 
(by market capitalisation) Categories 3 and 4. Small is a portfolio of companies that fall in size Categories 1 and 
2. We report a U.S. Form 8-K portfolio that contains Blockchain related firms listed in U.S. and have made a form 
8-K filing about blockchain engagement. FF factors are standard U.S. factors using CRSP data.  

 (1) (2) (3) (4) 
 Large Small Large Small 
Bitcoin Return 0.109 

(0.097) 
0.018 

(0.742) 
0.109 

(0.097) 
0.020 

(0.742) 
Rm - Rf 0.249 

(0.514) 
-0.828 
(3.920) 

0.394 
(0.555) 

-0.050 
(4.232) 

Small - Big -0.668 
(0.845) 

0.998 
(6.446) 

-0.630 
(0.855) 

0.636 
(6.521) 

High - Low -2.388** 
(0.774) 

1.394 
(5.902) 

-2.681** 
(0.992) 

-1.467 
(7.565) 

Robust - Weak  
 

 
 

0.405 
(1.265) 

0.678 
(9.644) 

Conservative- 
Aggressive 

 
 

 
 

1.015 
(1.545) 

7.034 
(11.787) 

Constant 1.069* 
(0.425) 

5.428 
(3.245) 

1.060* 
(0.426) 

5.394 
(3.250) 

Observations 754 754 754 754 
Adjusted R2 0.010 -0.005 0.008 -0.007 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
 
Table A2.8: FF3 and FF5 U.S. 8K Large & Small from Announcement 
The table shows regression estimates for daily net investment returns for a sample of Blockchain related listed 
firms between 2016 and 2018 using the standard Fama-French (FF)  3- and 5-factor model. The dependent variable 
is the daily excess return from an equally weighted portfolio. Large is a portfolio of companies that fall in size 
(by market capitalisation) Categories 3 and 4. Small is a portfolio of companies that fall in size Categories 1 and 
2. We report a U.S. Form 8-K portfolio that contains Blockchain related firms listed in U.S. and have made a form 
8-K filing about blockchain engagement. FF factors are standard U.S. factors using CRSP data.  

 (1) (2) (3) (4) 
 Large Small Large Small 
Bitcoin Return 0.042 

(0.027) 
-0.143 
(0.340) 

0.040 
(0.027) 

-0.186 
(0.338) 

Rm - Rf 0.852*** 
(0.150) 

1.622 
(1.918) 

0.809*** 
(0.161) 

0.906 
(2.034) 

Small - Big 0.464 
(0.271) 

4.531 
(3.457) 

0.540 
(0.276) 

5.824 
(3.491) 

High - Low -0.182 
(0.269) 

1.912 
(3.431) 

-0.009 
(0.326) 

6.844 
(4.129) 

Robust - Weak  
 

 
 

0.160 
(0.397) 

7.349 
(5.025) 

Conservative- 
Aggressive 

 
 

 
 

-0.568 
(0.500) 

-13.307* 
(6.328) 

Constant 0.116 
(0.134) 

4.525** 
(1.709) 

0.121 
(0.134) 

4.597** 
(1.699) 

Observations 358 358 358 358 
Adjusted R2 0.110 -0.005 0.110 0.009 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001
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Chapter A3: Limitations of imitation: Lessons from 
another Bitcoin copycat 
 
A3.1 Cryptocurrency name similarity 
 

As the cryptocurrency market matures, names may shift from imitating Bitcoin to imitating 

other popular cryptocurrencies such as Ethereum. In section 3.6 we add general cryptocurrency 

terms to our definition for imitation. Alternatively, the names of cryptocurrencies may become 

more dissimilar in general. To address this, we calculate the similarity scores for all 

cryptocurrency pairs in the pre- and post-samples. We use Levenshtein distance to determine 

the similarity between cryptocurrency names, which takes the minimum number of single-

character modifications needed to make the two names the same. In Figure A3.1, we show the 

proportion of cryptocurrencies in the pre- (grey bar) and post- (black bar) samples for different 

similarity scores. For lower similarity scores, we find that a larger proportion of 

cryptocurrencies in the post-sample have more dissimilar names compared to cryptocurrencies 

in the pre sample. This observation reverses for higher similarity scores, with a greater 

proportion of cryptocurrencies in the pre-sample having more similar names compared to 

cryptocurrencies in the post-sample. Whilst it is possible for new cryptocurrencies to adopt 

similar names to other popular cryptocurrencies, the dissimilarity in cryptocurrency names 

appears to grow as the cryptocurrency market matures. This suggests that investors may pay 

attention to alternative signals other than a cryptocurrency’s name, as they become more 

familiar with the technology and the terminology used to describe it.  

 

 

 

 

 



 

 

 

 

Figure A3.1: Cryptocurrency name similarity 
This figure shows the proportion of cryptocurrencies by the similarity of the names. Using Levenshtein distance 
algorithm, we calculate the similarity between all cryptocurrency pairs. The Levenshtein distance between two 
strings is the minimums number of single-character modification needed to make the two strings identical. The 
grey bars show cryptocurrencies that appear in the pre-2017 sample, and the black bars show the cryptocurrencies 
that appeared in the post-2017 sample.  
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A3.2 Inclusion of ICO risk variable in main regression 
 

Our goal is to understand whether the name of cryptocurrencies matter in determining post-

ICO performance and survivability, after controlling for the typical information readily 

available to a general investor, such as whether there is technical documentation and source 

codes. Studies on the post-performance of ICOs suffer significant sample size reductions when 

merging ICO characteristics with secondary market data. For example, Fisch and Momtaz 

(2020) find their sample reduces from 2,905 to 565 ICOs after merging their data with 

CoinMarketcap.com. Similar sample sizes were used by Benedetti and Kostovetsky (2020). 

This leaves us with the dilemma to either control for additional ICO characteristics and reduce 

the sample size or maintain the current sample. We expect to introduce upward bias in our 

survivability results if we include additional ICO characteristics and drop delisted 

cryptocurrencies from the sample. Therefore, for our main findings we exclude additional ICO 

characteristics, to maximise the number of delisted cryptocurrencies in the sample. 

To address the concern of excluding ICO quality ratings as a control, we manually collect 

information on 2,823 ICOs from www.icorating.com, which provides scores on ICO risk and 

hype. The definitions for ICO risk and hype are defined by the website as: 

 

Risk – “The rating review is an investment analysis of a project aimed at discovering risks 

for an investor with a description of the strengths and weaknesses of the project. Projects with 

this rating have passed an independent investment audit by ICORating’s experts and 

demonstrated maximum openness to potential investors.” 

Hype – “Hype-score shows the level of interest in the project from potential investors. 

Methodology: This parameter is calculated on the basis of the number of users on project pages 

on social media (Bitcointalk, Telegram, Twitter) and other social activity metrics. 



 

 

Interpretation The higher the above parameter (from very low to very high), the more people 

are interested in the project, which indicates a potentially high demand for tokens.”  

 

The ICO risk score is labelled as “N/A”, “very low”, “low”, “medium”, “high”, and “very 

high”. We assign a score from 0 for N/A to 5 for very high. Since we have already included a 

social media variable in our model (Reddit), we decide to only include the risk variable. Our 

results are qualitatively the same if we include Hype in the model. Given the lack of a unique 

identifier, we match the sample of cryptocurrencies from icorating.com to our sample by 

calculating the Levenshtein distance between cryptocurrency names for each cryptocurrency-

pair. The Levenshtein distance between two words is the minimum number of edits required 

to match two strings. We filter out pairs with a score less than 0.7. This provides a sample of 

1,914 pairs. We manually analyse each pair to ensure the names match, which gives a final 

sample of 336 cryptocurrencies. 

In Figure A3.2, we show the distribution of Copycat and Non-Copycat cryptocurrencies in 

the new subsample. There are only 40 (296) CCs (NCCs) between 2014-19 in the sample, with 

the majority appearing between 2017-18. We find this smaller sample too restrictive to re-test 

our main analysis, since cryptocurrencies in this sample were relatively scarce before 2017. 

While this could mean that the resulting sample captures more publicized cryptocurrencies, it 

interferes with our objective to investigate the role of cryptocurrency names, since the sample 

is likely biased toward more publicized cryptocurrencies. We expect more publicized 

cryptocurrencies is associated with greater survivability. This is confirmed by our empirical 

observation with only two out of 336 observations that did not survive more than one month. 

 

We show the results of our main regression in Table A3.1 after including ICO Risk. We find 

that most models have insignificant coefficients on most variables. For the first six months (12 
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months), CCs have a lower (negligible) survival rate compared to NCCs and ICO Risk is 

insignificant. Within the first 12 months we find ICO Risk is negatively associated with 

cryptocurrency survivability. 

We acknowledge that given the relevant literature it is worthwhile to investigate additional 

controls that may explain cryptocurrency performance. However, given the restrictions on 

applying this data to our sample, we were unable to justify its inclusion since it is not 

representative of the original sample.   
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Table A3.1: Returns and Survivability 
 (1) (2) (3) (4) (5) (6) (7) (8) (11) (12) (13) (14) 
 First Day 

Returns 
First Day 
Returns 

First 
Week 

Returns 

First 
Week 

Returns 

First 
Month 
Returns 

First 
Month 
Returns 

First Six 
Months 
Returns 

First Six 
Months 
Returns 

Survive 
Six 

Months 

Survive 
Six 

Months 

Survive 
One Year 

Survive 
One Year 

Copycat 0.123* 
(0.055) 

0.277 
(0.171) 

0.208* 
(0.084) 

-0.132 
(0.264) 

0.361 
(0.401) 

0.048 
(0.630) 

0.769 
(0.705) 

-1.469 
(1.549) 

-0.335*** 
(0.070) 

-0.777* 
(0.384) 

-0.254*** 
(0.071) 

-0.556 
(0.335) 

Corresponding Bitcoin 
returns 

0.132 
(0.380) 

0.174 
(0.776) 

0.886** 
(0.336) 

-0.010 
(0.658) 

1.863*** 
(0.559) 

0.793 
(0.599) 

2.866*** 
(0.246) 

2.129*** 
(0.371) 

0.130*** 
(0.034) 

0.247 
(0.188) 

0.087** 
(0.028) 

0.020 
(0.091) 

Post-2017 0.052 
(0.062) 

-0.505 
(0.277) 

0.055 
(0.095) 

-0.659 
(0.429) 

-0.621 
(0.456) 

0.712 
(1.021) 

-2.570** 
(0.805) 

-4.676 
(2.521) 

0.117 
(0.082) 

-0.015 
(0.769) 

-0.363*** 
(0.091) 

-0.675 
(0.588) 

Source code -0.005 
(0.054) 

0.051 
(0.114) 

-0.052 
(0.083) 

-0.040 
(0.178) 

-0.050 
(0.395) 

0.110 
(0.422) 

0.416 
(0.693) 

0.517 
(1.050) 

0.897*** 
(0.085) 

0.551 
(0.339) 

0.828*** 
(0.080) 

0.118 
(0.258) 

Technical 
documentation 

-0.048 
(0.055) 

0.014 
(0.127) 

-0.008 
(0.085) 

0.041 
(0.198) 

0.569 
(0.405) 

-0.152 
(0.476) 

0.918 
(0.711) 

1.048 
(1.172) 

1.150*** 
(0.116) 

0.703 
(0.365) 

1.345*** 
(0.093) 

1.057*** 
(0.290) 

Website 0.011 
(0.099) 

0.946 
(1.035) 

0.331* 
(0.151) 

0.967 
(1.598) 

0.588 
(0.719) 

-0.079 
(3.813) 

2.515* 
(1.260) 

3.798 
(9.383) 

0.356*** 
(0.102) 

0.000 
(.) 

0.436*** 
(0.099) 

0.000 
(.) 

Announcement 0.158** 
(0.053) 

0.068 
(0.127) 

0.215** 
(0.082) 

0.222 
(0.197) 

-0.386 
(0.391) 

0.461 
(0.468) 

0.480 
(0.693) 

0.277 
(1.166) 

0.150* 
(0.073) 

-0.412 
(0.391) 

0.348*** 
(0.074) 

0.118 
(0.304) 

Mineable 0.046 
(0.057) 

-0.228 
(0.220) 

0.127 
(0.087) 

-0.156 
(0.340) 

0.270 
(0.417) 

0.489 
(0.810) 

1.304 
(0.734) 

-2.094 
(1.995) 

-0.069 
(0.074) 

0.425 
(0.831) 

-0.045 
(0.074) 

-0.185 
(0.537) 

Reddit -0.066 
(0.052) 

-0.036 
(0.128) 

-0.001 
(0.079) 

0.151 
(0.197) 

-0.395 
(0.379) 

0.245 
(0.470) 

-0.012 
(0.668) 

-0.988 
(1.158) 

0.267*** 
(0.080) 

0.903** 
(0.341) 

0.140 
(0.077) 

0.748** 
(0.275) 

ICO Risk  
 

-0.025 
(0.036) 

 
 

0.001 
(0.055) 

 
 

0.085 
(0.131) 

 
 

-0.122 
(0.331) 

 
 

-0.087 
(0.102) 

 
 

-0.234** 
(0.090) 

Constant 0.109 
(0.111) 

-0.448 
(1.014) 

-0.243 
(0.171) 

-0.340 
(1.568) 

0.256 
(0.816) 

-1.336 
(3.738) 

-1.977 
(1.422) 

0.745 
(9.207) 

0.116 
(0.132) 

1.252 
(0.925) 

-0.357** 
(0.126) 

1.571* 
(0.689) 

Quarterly F.E. YES YES YES YES YES YES YES YES YES YES YES YES 
Obs. 3397 336 3399 336 3404 336 3406 336 3046 328 2355 246 
Adj. or Pseudo R2  0.005 -0.007 0.007 -0.019 0.003 0.011 0.046 0.111 0.271 0.270 0.290 0.246 
This table reports results for OLS and Probit model estimations. For OLS regressions, dependent variables are the cumulative returns of the first day, first week, first month 
and first 6 months since the inception. For Probit models, the dependent variable is a dummy variable that returns 1 if a cryptocurrency can survive for more than 6 months 
or 1 year since its inception. Copycat is a dummy variable that returns 1 if a cryptocurrency has either ‘bit’ or ‘coin’ in its name. Corresponding Bitcoin returns is the 
cumulative return of bitcoin for the corresponding period in each model, first day/week/month/6-month/12-month. Post-2017 is a dummy variable that returns 1 if the 
inception date is after 31 December 2016. Source code is a dummy variable that returns 1 if a cryptocurrency has made its source code available. Technical documentation 
is a dummy variable that returns 1 if a cryptocurrency has technical documentation. Website is a dummy variable that returns one if a cryptocurrency has a dedicated 
website. Announcement is a dummy variable that returns 1 if a cryptocurrency has made an announcement. Mineable is a dummy variable that returns if new coins are 
generated via a confirmation process. Reddit is a dummy variable that returns one if the cryptocurrency name appears in the r/Cryptocurrency subreddit titles on or before 
the first trading date. Cryptocurrencies with ambiguous names that appear in the titles are given a value of zero.  ICO Risk is labelled as “N/A”, “very low”, “low”, 
“medium”, “high”, and “very high”. We assign a score from 0 for N/A to 5 for very high. *, ** and *** denote significance at the 5, 1 and 0.1 percent levels, respectively. 
Standard errors in parentheses. 



 

 

Chapter A4: Are attention proxies different? 
 
A4.1 Different “news” related subreddits on Reddit 
 
Figure A4.1: Different “news” related subreddits on Reddit 
This image shows four subreddits when searching for “news”. The “r/” denotes a subreddit. The four subreddits 
shown in this image are news, todayilearned, Showerthoughts, and Coronavirus. Subreddits have a small 
description of the kind of content that is posted there. (Source: https://www reddit.com/search/?q=news&type=sr) 

 
 
A4.2 r/wallstreetbets Reddit page 
 
Figure A4.2: r/wallstreetbets Reddit page 
This image shows the header of the wallstreetbets subreddit page. On the right-hand side is “About Community”, 
which is described as “Like 4chan found a Bloomberg Terminal”. As of this image, there were 11.8 million 
Redditors following r/wallstreetbets page. As with other subreddits, this page will include posts made by the 
community. (Source: https://www.reddit.com/r/wallstreetbets/) 
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A4.3 Submission examples on r/wallstreetbets 
 
Figure A4.3: Submission examples on r/wallstreetbets 
The image below shows four examples of submission made on WSB. On each submission is a different tag “Loss”, 
“News”, “YOLO”, and “Meme”. These tags categorise the users’ submission and indicate what the submission 
contains. 
 

  
 
 
 

  
 
  



 

 

A4.4 American Airlines Wikipedia Page 
 
Figure A4.4: American Airlines Wikipedia Page 
The image shows a brief description of the company, along with key information. The contents show several 
topics that are discussed about the company. For example, section 8 “Accidents and Incidents” outlines the history 
of crashes and hijackings. (Source: https://en.wikipedia.org/wiki/American Airlines) 
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A4.5 Eigenvalues for size portfolios 
 
Table A4.1: Eigenvalues for size portfolios 
This table shows the eigenvalues from the PCA on daily attention proxies (WSB, Twitter, Wikipedia, and 
media) which are aggregated using equal weighting for different size portfolios. Size 1 is the smallest portfolio 
and Size 5 is the largest portfolio. All is an equally weighted portfolio of the entire sample. 

 Component Eigenvalue Variance explained Cumulative 
All 1 2.291 0.573 0.573 

 2 0.767 0.192 0.765 
 3 0.640 0.160 0.925 
 4 0.302 0.075 1.000 

Size 1 1 1.453 0.363 0.363 
 2 1.031 0.258 0.621 
 3 0.788 0.197 0.818 
 4 0.727 0.182 1.000 

Size 2 1 2.232 0.558 0.558 
 2 0.884 0.221 0.779 
 3 0.668 0.167 0.946 
 4 0.216 0.054 1.000 

Size 3 1 1.692 0.423 0.423 
 2 1.171 0.293 0.716 
 3 0.668 0.167 0.883 
 4 0.470 0.117 1.000 

Size 4 1 2.020 0.505 0.505 
 2 0.827 0.207 0.712 
 3 0.671 0.168 0.880 
 4 0.482 0.120 1.000 

Size 5 1 2.207 0.552 0.552 
 2 0.906 0.227 0.778 
 3 0.753 0.188 0.967 
 4 0.134 0.033 1.000 



 

 

A4.6 Extreme attention day event study results 
 
Table A4.2: Extreme attention days (WSB) 
This table shows post window cumulative abnormal returns around extreme attention days measured by the number of WSB submissions. Cumulative abnormal returns are 
calculated by taking the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the 
difference between company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company 
event. LowRetail, LowTwitter, LowWikipedia, LowMedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than 
the previous 30-day average. Other variable descriptions are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail -0.000 -0.007 -0.010          
 (-0.06) (-1.23) (-1.38)          
LowTwitter    0.002 0.004 0.003       
    (0.40) (0.56) (0.33)       
LowWikipedia       -0.001 0.003 0.003    
       (-0.29) (0.44) (0.41)    
LowMedia          -0.002 0.003 0.001 
          (-0.36) (0.54) (0.14) 
LowInstitutional -0.001 0.015* 0.023** -0.001 0.014* 0.022** -0.000 0.015* 0.022** -0.000 0.014* 0.022** 
 (-0.12) (2.34) (2.89) (-0.24) (2.01) (2.60) (-0.07) (2.19) (2.74) (-0.02) (2.05) (2.69) 
Mktcap 0.004 -0.000 0.001 0.004 -0.001 0.001 0.004 -0.000 0.001 0.004 -0.000 0.001 
 (1.51) (-0.10) (0.31) (1.47) (-0.15) (0.28) (1.52) (-0.13) (0.28) (1.51) (-0.11) (0.30) 
MB 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
 (0.62) (1.16) (1.56) (0.62) (1.14) (1.54) (0.63) (1.13) (1.53) (0.63) (1.13) (1.54) 
DE -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (-0.66) (-0.98) (-1.31) (-0.65) (-0.99) (-1.33) (-0.66) (-1.00) (-1.33) (-0.66) (-1.00) (-1.33) 
SI 0.002 -0.011* -0.009 0.002 -0.011* -0.009 0.002 -0.011* -0.009 0.002 -0.011* -0.009 
 (0.57) (-2.14) (-1.49) (0.57) (-2.08) (-1.43) (0.59) (-2.11) (-1.46) (0.55) (-2.06) (-1.43) 
Turnover -0.001 0.003 0.003 -0.000 0.003 0.003 -0.001 0.003 0.003 -0.001 0.003 0.003 
 (-0.29) (1.33) (0.89) (-0.26) (1.33) (0.88) (-0.29) (1.30) (0.86) (-0.29) (1.30) (0.86) 
Volatility 0.256* 0.198 0.135 0.255* 0.200 0.140 0.256* 0.202 0.142 0.257* 0.199 0.141 
 (2.41) (1.37) (0.78) (2.40) (1.38) (0.80) (2.41) (1.40) (0.81) (2.43) (1.37) (0.81) 
Event 0.000 -0.000 0.001 0.001 0.001 0.003 0.000 0.001 0.003 -0.000 0.002 0.003 
 (0.03) (-0.02) (0.11) (0.09) (0.17) (0.29) (0.01) (0.14) (0.29) (-0.03) (0.19) (0.27) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.097* -0.050 -0.084 -0.096 -0.051 -0.087 -0.098* -0.050 -0.085 -0.097* -0.053 -0.088 
 (-1.97) (-0.75) (-1.04) (-1.96) (-0.76) (-1.07) (-1.99) (-0.75) (-1.05) (-1.97) (-0.79) (-1.09) 
N 1155 1145 1136 1155 1145 1136 1155 1145 1136 1155 1145 1136 
adj. R2 -0.000 0.009 0.009 -0.000 0.007 0.007 -0.000 0.007 0.007 -0.000 0.007 0.007 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail -0.016 -0.017 -0.036**          
 (-1.71) (-1.39) (-2.65)          
LowTwitter    0.003 -0.006 -0.012       
    (0.28) (-0.46) (-0.85)       
LowWikipedia       0.007 0.000 -0.023    
       (0.71) (0.01) (-1.62)    
LowMedia          0.005 0.016 0.004 
          (0.52) (1.24) (0.25) 
LowInstitutional 0.014 0.003 -0.005 0.012 0.005 -0.002 0.012 0.003 -0.002 0.012 -0.003 -0.007 
 (1.34) (0.24) (-0.32) (1.14) (0.33) (-0.14) (1.16) (0.19) (-0.16) (1.09) (-0.18) (-0.47) 
Mktcap -0.000 -0.004 -0.004 -0.000 -0.004 -0.004 -0.000 -0.004 -0.003 -0.000 -0.004 -0.004 
 (-0.01) (-0.55) (-0.50) (-0.04) (-0.52) (-0.42) (-0.06) (-0.55) (-0.37) (-0.02) (-0.55) (-0.47) 
MB 0.000* 0.000 -0.000 0.000* 0.000 -0.000 0.000* 0.000 -0.000 0.000* 0.000 -0.000 
 (2.49) (0.42) (-1.62) (2.49) (0.42) (-1.63) (2.48) (0.42) (-1.62) (2.49) (0.42) (-1.62) 
DE -0.000 -0.000 0.000 -0.000* -0.000 0.000 -0.000* -0.000 0.000 -0.000* -0.000 0.000 
 (-1.96) (-0.53) (0.92) (-1.98) (-0.56) (0.87) (-1.98) (-0.56) (0.87) (-1.99) (-0.57) (0.87) 
SI -0.015 -0.028* -0.026* -0.014 -0.027* -0.025* -0.014 -0.027* -0.023* -0.014 -0.026* -0.025* 
 (-1.80) (-2.55) (-2.23) (-1.72) (-2.48) (-2.10) (-1.77) (-2.47) (-1.96) (-1.69) (-2.43) (-2.08) 
Turnover 0.000 0.006 0.005 0.000 0.006 0.004 0.000 0.006 0.004 0.000 0.006 0.004 
 (0.08) (1.12) (0.76) (0.06) (1.04) (0.63) (0.04) (1.08) (0.66) (0.05) (1.09) (0.68) 
Volatility 0.559* 0.204 0.316 0.566* 0.221 0.375 0.568* 0.217 0.372 0.563* 0.203 0.360 
 (2.44) (0.67) (0.95) (2.47) (0.73) (1.12) (2.48) (0.71) (1.11) (2.46) (0.67) (1.07) 
Event -0.007 -0.017 -0.037 -0.005 -0.016 -0.034 -0.004 -0.015 -0.035 -0.004 -0.011 -0.031 
 (-0.56) (-0.99) (-1.92) (-0.35) (-0.91) (-1.76) (-0.32) (-0.85) (-1.81) (-0.30) (-0.63) (-1.59) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant 0.003 0.052 0.084 -0.001 0.044 0.065 0.003 0.046 0.053 -0.004 0.040 0.067 
 (0.03) (0.37) (0.55) (-0.01) (0.31) (0.42) (0.03) (0.33) (0.34) (-0.04) (0.28) (0.43) 
N 1124 1096 1049 1124 1096 1049 1124 1096 1049 1124 1096 1049 
adj. R2 0.011 0.005 0.008 0.008 0.004 0.002 0.009 0.003 0.004 0.008 0.005 0.001 



 

 

Table A4.3: Extreme attention days and size interaction (WSB) 
This table shows post window cumulative abnormal returns around extreme attention days measured by the number of WSB submissions. Cumulative abnormal returns are 
calculated by taking the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the 
difference between company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company 
event. LowRetail, LowTwitter, LowWikipedia, LowMedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than 
the previous 30-day average. Small is a dummy variable that takes the value of one if market capitalization is less than median. Other variable descriptions are defined in Table 
4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail -0.006 -0.010 -0.017          
 (-1.04) (-1.26) (-1.68)          
LowRetail×Small 0.012 0.006 0.014          
 (1.45) (0.54) (0.97)          
LowTwitter    -0.003 0.002 -0.008       
    (-0.39) (0.22) (-0.68)       
LowTwitter×Small    0.009 0.004 0.021       
    (0.94) (0.29) (1.39)       
LowWikipedia       -0.003 0.002 0.001    
       (-0.44) (0.24) (0.13)    
LowWikipedia×Small       0.004 0.001 0.005    
       (0.40) (0.12) (0.30)    
LowMedia          -0.003 0.002 0.002 
          (-0.45) (0.23) (0.16) 
LowMedia×Small          0.003 0.002 -0.002 
          (0.31) (0.18) (-0.11) 
LowInstitutional 0.002 0.009 0.010 0.003 0.008 0.012 0.003 0.008 0.009 0.003 0.008 0.009 
 (0.39) (1.05) (0.99) (0.48) (0.85) (1.14) (0.43) (0.94) (0.90) (0.47) (0.89) (0.84) 
LowInstitutional×Small -0.010 0.015 0.029 -0.012 0.015 0.022 -0.010 0.016 0.029 -0.010 0.015 0.030 
 (-1.08) (1.21) (1.87) (-1.23) (1.08) (1.37) (-1.06) (1.20) (1.86) (-1.05) (1.10) (1.85) 
Small -0.002 -0.011 -0.023 0.001 -0.009 -0.020 0.002 -0.009 -0.018 0.002 -0.009 -0.016 
 (-0.21) (-0.84) (-1.39) (0.12) (-0.70) (-1.31) (0.21) (-0.68) (-1.14) (0.23) (-0.69) (-1.05) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.024 -0.056 -0.062 -0.024 -0.061 -0.062 -0.027 -0.060 -0.069 -0.026 -0.061 -0.070 
 (-0.79) (-1.37) (-1.25) (-0.79) (-1.48) (-1.26) (-0.90) (-1.48) (-1.40) (-0.85) (-1.49) (-1.42) 
N 1155 1145 1136 1155 1145 1136 1155 1145 1136 1155 1145 1136 
adj. R2 -0.001 0.008 0.011 -0.002 0.007 0.011 -0.003 0.007 0.009 -0.003 0.007 0.009 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail -0.019 -0.024 -0.021          
 (-1.44) (-1.40) (-1.15)          
LowRetail×Small 0.006 0.015 -0.030          
 (0.31) (0.61) (-1.14)          
LowTwitter    -0.001 -0.014 -0.023       
    (-0.08) (-0.69) (-1.08)       
LowTwitter×Small    0.008 0.012 0.017       
    (0.41) (0.45) (0.58)       
LowWikipedia       0.013 0.011 -0.014    
       (0.92) (0.59) (-0.69)    
LowWikipedia×Small       -0.012 -0.023 -0.020    
       (-0.59) (-0.90) (-0.70)    
LowMedia          0.009 0.026 0.011 
          (0.62) (1.39) (0.55) 
LowMedia×Small          -0.007 -0.019 -0.015 
          (-0.37) (-0.73) (-0.51) 
LowInstitutional 0.010 0.018 0.021 0.010 0.022 0.028 0.007 0.015 0.022 0.007 0.009 0.016 
 (0.75) (1.04) (1.10) (0.69) (1.18) (1.37) (0.51) (0.84) (1.14) (0.48) (0.48) (0.80) 
LowInstitutional×Small 0.008 -0.034 -0.060* 0.006 -0.039 -0.068* 0.011 -0.030 -0.060* 0.011 -0.027 -0.056 
 (0.42) (-1.28) (-2.04) (0.27) (-1.37) (-2.21) (0.52) (-1.12) (-2.03) (0.50) (-0.97) (-1.82) 
Small -0.002 0.032 0.063* 0.000 0.037 0.050 0.003 0.044 0.058 0.003 0.042 0.055 
 (-0.09) (1.11) (2.02) (0.00) (1.35) (1.67) (0.16) (1.60) (1.94) (0.14) (1.55) (1.84) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.010 -0.052 -0.014 -0.017 -0.055 -0.013 -0.018 -0.064 -0.030 -0.023 -0.074 -0.030 
 (-0.16) (-0.59) (-0.15) (-0.27) (-0.62) (-0.14) (-0.28) (-0.73) (-0.32) (-0.35) (-0.84) (-0.32) 
N 1124 1096 1049 1124 1096 1049 1124 1096 1049 1124 1096 1049 
adj. R2 0.010 0.005 0.011 0.007 0.004 0.005 0.008 0.004 0.007 0.007 0.005 0.004 

 



 

 

Table A4.4: Extreme attention days (Twitter) 
This table shows post window cumulative abnormal returns around extreme attention days measured by the Twitter count. Cumulative abnormal returns are calculated by taking 
the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference between 
company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. LowRetail, 
LowWSB, LowWikipedia, LowMedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 30-day 
average. Other variable descriptions are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail -0.003 -0.004 0.001          
 (-0.75) (-0.72) (0.17)          
LowWSB    0.002 0.008 0.010       
    (0.48) (1.43) (1.61)       
LowWikipedia       0.007 0.007 -0.002    
       (1.49) (1.15) (-0.26)    
LowMedia          -0.001 -0.007 -0.016 
          (-0.09) (-0.44) (-0.94) 
LowInstitutional 0.009* 0.005 0.001 0.009* 0.005 0.000 0.009 0.004 0.001 0.009* 0.005 0.001 
 (2.05) (0.95) (0.14) (2.05) (0.90) (0.05) (1.88) (0.82) (0.17) (2.08) (1.02) (0.25) 
Mktcap 0.005 0.003 0.001 0.005* 0.003 0.001 0.005* 0.003 0.001 0.005 0.003 0.001 
 (1.89) (0.89) (0.26) (1.97) (1.10) (0.46) (1.97) (0.96) (0.24) (1.92) (0.93) (0.28) 
MB 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
 (0.11) (0.83) (1.70) (0.14) (0.90) (1.76) (0.12) (0.84) (1.70) (0.13) (0.84) (1.69) 
DE -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (-0.10) (-0.52) (-0.73) (-0.12) (-0.55) (-0.75) (-0.05) (-0.49) (-0.74) (-0.11) (-0.53) (-0.72) 
SI 0.004 -0.001 -0.009* 0.004 0.001 -0.008 0.004 -0.000 -0.009* 0.004 -0.000 -0.009* 
 (0.97) (-0.12) (-1.96) (1.09) (0.14) (-1.74) (1.07) (-0.03) (-1.99) (1.03) (-0.07) (-1.98) 
Turnover -0.000 -0.001 -0.002 -0.000 -0.001 -0.002 -0.000 -0.001 -0.002 -0.000 -0.001 -0.002 
 (-0.18) (-0.49) (-0.84) (-0.17) (-0.43) (-0.74) (-0.25) (-0.55) (-0.83) (-0.20) (-0.51) (-0.84) 
Volatility 0.106 -0.276* -0.503*** 0.110 -0.256* -0.472*** 0.102 -0.281* -0.502*** 0.104 -0.273* -0.486*** 
 (0.98) (-2.17) (-3.58) (1.01) (-2.00) (-3.34) (0.94) (-2.21) (-3.58) (0.96) (-2.13) (-3.44) 
Event 0.000 -0.000 0.002 0.001 0.000 0.002 0.001 0.000 0.002 0.001 -0.000 0.002 
 (0.07) (-0.08) (0.37) (0.17) (0.02) (0.38) (0.18) (0.02) (0.35) (0.15) (-0.02) (0.29) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.114* -0.038 0.033 -0.123* -0.064 0.004 -0.119* -0.043 0.035 -0.116* -0.041 0.031 
 (-2.47) (-0.70) (0.56) (-2.55) (-1.13) (0.07) (-2.57) (-0.79) (0.58) (-2.52) (-0.77) (0.52) 
N 2211 2199 2184 2211 2199 2184 2211 2199 2184 2211 2199 2184 
adj. R2 -0.001 0.005 0.018 -0.001 0.006 0.019 0.000 0.005 0.018 -0.001 0.005 0.018 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail 0.003 0.007 0.005          
 (0.48) (0.86) (0.60)          
LowWSB    0.014 0.014 0.014       
    (1.84) (1.50) (1.32)       
LowWikipedia       -0.001 -0.007 -0.006    
       (-0.15) (-0.78) (-0.56)    
LowMedia          0.017 0.002 0.007 
          (0.84) (0.06) (0.23) 
LowInstitutional -0.000 -0.007 -0.004 -0.001 -0.008 -0.005 -0.000 -0.006 -0.004 -0.001 -0.007 -0.005 
 (-0.00) (-0.79) (-0.45) (-0.12) (-0.91) (-0.55) (-0.00) (-0.73) (-0.41) (-0.12) (-0.83) (-0.50) 
Mktcap -0.001 -0.002 -0.005 0.000 -0.001 -0.004 -0.001 -0.002 -0.005 -0.001 -0.002 -0.005 
 (-0.20) (-0.47) (-0.87) (0.02) (-0.29) (-0.70) (-0.22) (-0.52) (-0.92) (-0.25) (-0.50) (-0.91) 
MB 0.000* -0.000 -0.000 0.000* -0.000 -0.000 0.000 -0.000 -0.000 0.000* -0.000 -0.000 
 (1.97) (-0.63) (-1.46) (2.02) (-0.60) (-1.42) (1.96) (-0.64) (-1.46) (1.96) (-0.66) (-1.47) 
DE -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 
 (-0.71) (0.03) (0.19) (-0.73) (0.02) (0.18) (-0.71) (0.01) (0.17) (-0.72) (0.04) (0.19) 
SI -0.010 -0.025*** -0.026** -0.009 -0.024*** -0.025** -0.010 -0.026*** -0.026*** -0.010 -0.026*** -0.026** 
 (-1.83) (-3.64) (-3.23) (-1.59) (-3.47) (-3.05) (-1.88) (-3.74) (-3.31) (-1.88) (-3.72) (-3.29) 
Turnover -0.000 0.003 0.007* 0.000 0.003 0.008* -0.000 0.003 0.007* -0.000 0.003 0.007* 
 (-0.11) (0.82) (1.98) (0.01) (0.93) (2.06) (-0.09) (0.86) (2.01) (-0.10) (0.84) (2.00) 
Volatility -0.580*** -0.319 -0.254 -0.536** -0.271 -0.218 -0.577*** -0.311 -0.255 -0.594*** -0.313 -0.263 
 (-3.47) (-1.54) (-1.01) (-3.19) (-1.30) (-0.86) (-3.45) (-1.51) (-1.02) (-3.53) (-1.51) (-1.04) 
Event 0.002 0.002 -0.006 0.002 0.001 -0.006 0.002 0.001 -0.007 0.002 0.001 -0.006 
 (0.33) (0.24) (-0.66) (0.30) (0.16) (-0.70) (0.27) (0.12) (-0.74) (0.33) (0.14) (-0.72) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant 0.049 0.055 0.044 0.011 0.018 0.005 0.052 0.062 0.052 0.054 0.059 0.050 
 (0.69) (0.63) (0.43) (0.15) (0.20) (0.05) (0.73) (0.71) (0.51) (0.76) (0.68) (0.49) 
N 2161 2102 1959 2161 2102 1959 2161 2102 1959 2161 2102 1959 
adj. R2 0.014 0.019 0.017 0.015 0.020 0.017 0.014 0.019 0.017 0.014 0.019 0.017 



 

 

Table A4.5: Extreme attention days and size interaction (Twitter) 
This table shows post window cumulative abnormal returns around extreme attention days measured by Twitter count. Cumulative abnormal returns are calculated by taking 
the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference between 
company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. LowRetail, 
LowWSB, LowWikipedia, LowMedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 30-day 
average. Small is a dummy variable that takes the value of one if market capitalization is less than median. Other variable descriptions are defined in Table 4.1. t statistics in 
parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail -0.005 -0.004 -0.008          
 (-0.86) (-0.63) (-1.05)          
LowRetail×Small 0.002 0.000 0.018          
 (0.27) (0.03) (1.69)          
LowWSB    -0.004 0.001 -0.005       
    (-0.57) (0.12) (-0.57)       
LowWSB×Small    0.012 0.015 0.034**       
    (1.18) (1.32) (2.64)       
LowWikipedia       0.006 0.006 -0.001    
       (0.90) (0.68) (-0.07)    
LowWikipedia×Small       0.001 0.002 -0.002    
       (0.14) (0.13) (-0.14)    
LowMedia          -0.011 -0.022 -0.023 
          (-0.54) (-0.94) (-0.90) 
LowMedia×Small          0.018 0.028 0.013 
          (0.70) (0.92) (0.40) 
LowInstitutional 0.003 -0.001 -0.003 0.004 -0.001 -0.003 0.002 -0.002 -0.003 0.004 0.000 -0.002 
 (0.42) (-0.16) (-0.44) (0.57) (-0.11) (-0.32) (0.34) (-0.22) (-0.39) (0.57) (0.04) (-0.26) 
LowInstitutional×Small 0.010 0.010 0.006 0.008 0.008 0.004 0.009 0.009 0.007 0.008 0.008 0.006 
 (1.18) (1.05) (0.60) (0.98) (0.89) (0.39) (1.14) (1.00) (0.66) (1.03) (0.86) (0.57) 
Small -0.007 -0.004 -0.006 -0.016 -0.017 -0.029* -0.007 -0.005 -0.000 -0.006 -0.004 -0.000 
 (-0.99) (-0.52) (-0.67) (-1.48) (-1.37) (-2.11) (-0.96) (-0.56) (-0.00) (-0.93) (-0.53) (-0.05) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.031 0.006 0.046 -0.029 -0.001 0.044 -0.033 0.004 0.042 -0.032 0.005 0.042 
 (-1.16) (0.19) (1.35) (-1.02) (-0.02) (1.20) (-1.25) (0.13) (1.25) (-1.23) (0.15) (1.23) 
N 2211 2199 2184 2211 2199 2184 2211 2199 2184 2211 2199 2184 
adj. R2 -0.002 0.004 0.018 -0.002 0.005 0.021 -0.002 0.004 0.017 -0.003 0.004 0.017 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail -0.005 0.004 0.001          
 (-0.51) (0.37) (0.07)          
LowRetail×Small 0.017 0.011 0.015          
 (1.36) (0.69) (0.85)          
LowWSB    0.032* 0.032 0.034       
    (2.12) (1.71) (1.57)       
LowWSB×Small    -0.000 -0.001 -0.000       
    (-0.05) (-0.06) (-0.03)       
LowWikipedia       0.004 -0.011 -0.005    
       (0.35) (-0.82) (-0.31)    
LowWikipedia×Small       -0.010 0.006 -0.003    
       (-0.66) (0.31) (-0.15)    
LowMedia          -0.020 -0.033 -0.041 
          (-0.65) (-0.91) (-0.97) 
LowMedia×Small          0.064 0.061 0.081 
          (1.60) (1.23) (1.44) 
LowInstitutional 0.001 0.010 0.014 0.001 0.009 0.014 0.001 0.011 0.014 0.002 0.011 0.015 
 (0.15) (0.86) (1.04) (0.16) (0.81) (1.02) (0.08) (0.92) (1.05) (0.24) (0.93) (1.15) 
LowInstitutional×Small -0.004 -0.033* -0.036* -0.006 -0.034* -0.037* -0.003 -0.033* -0.034 -0.006 -0.034* -0.037* 
 (-0.36) (-2.22) (-2.03) (-0.47) (-2.27) (-2.09) (-0.21) (-2.17) (-1.94) (-0.45) (-2.26) (-2.11) 
Small 0.006 0.030* 0.027 -0.017 0.005 0.002 0.013 0.032* 0.032* 0.010 0.031* 0.030* 
 (0.50) (2.14) (1.62) (-1.01) (0.25) (0.10) (1.19) (2.42) (2.08) (0.99) (2.45) (2.01) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant 0.019 -0.027 -0.072 0.010 -0.031 -0.079 0.016 -0.025 -0.071 0.019 -0.023 -0.067 
 (0.46) (-0.53) (-1.22) (0.23) (-0.57) (-1.26) (0.40) (-0.49) (-1.21) (0.48) (-0.45) (-1.15) 
N 2161 2102 1959 2161 2102 1959 2161 2102 1959 2161 2102 1959 
adj. R2 0.014 0.022 0.019 0.017 0.024 0.020 0.014 0.022 0.018 0.015 0.022 0.019 



 

 

Table A4.6: Extreme attention days (Wikipedia) 
This table shows post window cumulative abnormal returns around extreme attention days measured by Wikipedia page views. Cumulative abnormal returns are calculated by 
taking the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference 
between company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. 
LowRetail, LowWSB, LowTwitter, LowMedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 
30-day average. Other variable descriptions are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail 0.003 -0.000 -0.005          
 (1.02) (-0.09) (-1.06)          
LowWSB    0.003 -0.001 0.005       
    (0.76) (-0.13) (0.70)       
LowTwitter       -0.001 -0.000 0.007    
       (-0.45) (-0.10) (1.28)    
LowMedia          0.003 0.009* 0.005 
          (1.04) (2.00) (0.94) 
LowInstitutional 0.004 0.005 0.005 0.003 0.005 0.004 0.005 0.005 0.002 0.003 0.001 0.003 
 (1.23) (1.04) (0.95) (1.01) (1.03) (0.66) (1.35) (1.00) (0.35) (0.83) (0.26) (0.50) 
Mktcap 0.001 -0.000 0.001 0.001 -0.000 0.000 0.001 -0.000 0.000 0.001 -0.000 0.000 
 (0.75) (-0.01) (0.19) (0.80) (-0.02) (0.17) (0.79) (-0.02) (0.15) (0.79) (-0.01) (0.16) 
MB -0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 
 (-0.03) (-0.10) (0.74) (0.02) (-0.11) (0.72) (0.01) (-0.11) (0.69) (0.02) (-0.08) (0.72) 
DE -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (-0.16) (-0.34) (-0.40) (-0.18) (-0.34) (-0.39) (-0.19) (-0.34) (-0.34) (-0.16) (-0.29) (-0.36) 
SI -0.003 -0.007* -0.008 -0.003 -0.007* -0.007 -0.003 -0.007* -0.008 -0.003 -0.007* -0.008 
 (-1.23) (-2.05) (-1.77) (-1.17) (-2.06) (-1.74) (-1.21) (-2.05) (-1.79) (-1.21) (-2.07) (-1.79) 
Turnover -0.001 -0.000 0.000 -0.001 -0.000 0.000 -0.001 -0.000 0.000 -0.001 -0.001 0.000 
 (-0.95) (-0.30) (0.15) (-0.90) (-0.31) (0.19) (-0.94) (-0.30) (0.13) (-0.98) (-0.36) (0.12) 
Volatility 0.106 0.155 0.079 0.110 0.154 0.085 0.107 0.155 0.077 0.103 0.146 0.074 
 (1.67) (1.72) (0.71) (1.73) (1.71) (0.77) (1.67) (1.72) (0.70) (1.62) (1.62) (0.67) 
Event 0.002 0.001 0.004 0.002 0.001 0.004 0.001 0.001 0.005 0.003 0.004 0.005 
 (0.41) (0.21) (0.43) (0.39) (0.21) (0.51) (0.29) (0.20) (0.66) (0.53) (0.54) (0.63) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.014 0.015 -0.011 -0.019 0.016 -0.016 -0.015 0.015 -0.010 -0.015 0.014 -0.010 
 (-0.43) (0.32) (-0.19) (-0.57) (0.34) (-0.28) (-0.45) (0.32) (-0.18) (-0.46) (0.31) (-0.18) 
N 1906 1896 1886 1906 1896 1886 1906 1896 1886 1906 1896 1886 
adj. R2 -0.000 0.000 -0.001 -0.001 0.000 -0.001 -0.001 0.000 -0.001 -0.000 0.002 -0.001 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail 0.004 0.012 0.015          
 (0.70) (1.37) (1.46)          
LowWSB    0.009 0.021 0.025       
    (0.93) (1.64) (1.61)       
LowTwitter       0.003 -0.008 0.000    
       (0.44) (-0.81) (0.04)    
LowMedia          -0.000 -0.013 -0.003 
          (-0.02) (-1.34) (-0.29) 
LowInstitutional 0.019** 0.018 0.008 0.017* 0.013 0.003 0.018* 0.022* 0.008 0.019* 0.023* 0.010 
 (2.67) (1.81) (0.65) (2.33) (1.32) (0.23) (2.34) (2.05) (0.65) (2.53) (2.24) (0.77) 
Mktcap 0.004 0.011* 0.012 0.004 0.011* 0.013* 0.004 0.011* 0.012* 0.004 0.011* 0.012* 
 (1.10) (2.08) (1.92) (1.15) (2.18) (2.02) (1.13) (2.16) (1.99) (1.13) (2.15) (1.99) 
MB -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (-0.08) (-0.13) (-0.29) (-0.04) (-0.04) (-0.20) (-0.06) (-0.07) (-0.24) (-0.06) (-0.09) (-0.24) 
DE -0.000 0.000 -0.000 -0.000 0.000 -0.000 -0.000 0.000 -0.000 -0.000 0.000 -0.000 
 (-0.25) (0.10) (-0.01) (-0.27) (0.05) (-0.06) (-0.25) (0.04) (-0.05) (-0.26) (0.04) (-0.05) 
SI 0.001 0.013 0.018* 0.002 0.014 0.020* 0.001 0.013 0.019* 0.001 0.013 0.019* 
 (0.24) (1.67) (2.04) (0.31) (1.79) (2.17) (0.25) (1.70) (2.08) (0.25) (1.71) (2.08) 
Turnover 0.001 -0.001 -0.001 0.001 -0.001 -0.001 0.001 -0.001 -0.001 0.001 -0.001 -0.001 
 (0.39) (-0.41) (-0.30) (0.44) (-0.30) (-0.20) (0.39) (-0.40) (-0.31) (0.39) (-0.38) (-0.30) 
Volatility 0.353* 0.833*** 1.059*** 0.363* 0.861*** 1.089*** 0.352* 0.836*** 1.052*** 0.353* 0.847*** 1.055*** 
 (2.49) (4.21) (4.47) (2.55) (4.34) (4.57) (2.48) (4.23) (4.44) (2.49) (4.28) (4.45) 
Event 0.019 0.024 0.000 0.019 0.024 0.000 0.019 0.022 -0.001 0.018 0.020 -0.001 
 (1.82) (1.70) (0.03) (1.83) (1.69) (0.00) (1.83) (1.50) (-0.03) (1.76) (1.40) (-0.08) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.127 -0.265** -0.280* -0.139 -0.296** -0.318** -0.129 -0.269** -0.285* -0.129 -0.268** -0.284* 
 (-1.79) (-2.68) (-2.37) (-1.94) (-2.96) (-2.65) (-1.81) (-2.73) (-2.41) (-1.81) (-2.72) (-2.41) 
N 1867 1826 1798 1867 1826 1798 1867 1826 1798 1867 1826 1798 
adj. R2 0.011 0.020 0.034 0.011 0.021 0.035 0.011 0.020 0.033 0.011 0.020 0.033 



 

 

Table A4.7: Extreme attention days and size interaction (Wikipedia) 
This table shows post window cumulative abnormal returns around extreme attention days measured by Wikipedia page views. Cumulative abnormal returns are calculated by 
taking the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference 
between company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. 
LowRetail, LowWSB, LowTwitter, LowMedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 
30-day average. Small is a dummy variable that takes the value of one if market capitalization is less than median. Other variable descriptions are defined in Table 4.1. t statistics 
in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail 0.000 -0.001 -0.005          
 (0.12) (-0.11) (-0.69)          
LowRetail×Small 0.005 0.001 -0.000          
 (0.96) (0.12) (-0.04)          
LowWSB    0.004 0.004 -0.007       
    (0.76) (0.48) (-0.71)       
LowWSB×Small    -0.002 -0.009 0.026       
    (-0.26) (-0.81) (1.85)       
LowTwitter       0.004 0.005 0.006    
       (0.84) (0.84) (0.74)    
LowTwitter×Small       -0.010 -0.011 0.002    
       (-1.63) (-1.29) (0.20)    
LowMedia          0.005 0.011 0.009 
          (1.11) (1.83) (1.22) 
LowMedia×Small          -0.003 -0.005 -0.008 
          (-0.52) (-0.57) (-0.78) 
LowInstitutional 0.003 0.001 0.000 0.002 0.000 0.002 0.001 -0.001 -0.002 0.001 -0.003 -0.004 
 (0.76) (0.25) (0.05) (0.50) (0.07) (0.27) (0.30) (-0.16) (-0.27) (0.27) (-0.48) (-0.47) 
LowInstitutional×Small 0.000 0.007 0.010 0.001 0.009 0.002 0.005 0.012 0.008 0.002 0.009 0.013 
 (0.05) (0.76) (0.90) (0.17) (0.99) (0.20) (0.76) (1.22) (0.73) (0.29) (0.91) (1.12) 
Small 0.003 0.003 0.005 0.007 0.010 -0.013 0.006 0.005 0.004 0.005 0.004 0.006 
 (0.45) (0.30) (0.42) (0.78) (0.82) (-0.94) (1.04) (0.56) (0.42) (0.89) (0.49) (0.59) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.003 -0.002 -0.024 -0.009 -0.006 -0.021 -0.004 -0.002 -0.026 -0.004 -0.003 -0.026 
 (-0.17) (-0.07) (-0.82) (-0.46) (-0.21) (-0.65) (-0.21) (-0.10) (-0.87) (-0.23) (-0.14) (-0.89) 
N 1906 1896 1886 1906 1896 1886 1906 1896 1886 1906 1896 1886 
adj. R2 -0.000 0.000 -0.000 -0.001 0.001 0.001 -0.000 0.001 0.000 -0.001 0.003 0.000 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail 0.007 -0.001 0.000          
 (0.81) (-0.11) (0.03)          
LowRetail×Small -0.004 0.030 0.031          
 (-0.33) (1.72) (1.54)          
LowWSB    -0.016 -0.013 -0.001       
    (-1.25) (-0.75) (-0.04)       
LowWSB×Small    0.052** 0.072** 0.053       
    (2.87) (2.86) (1.75)       
LowTwitter       0.002 -0.009 -0.001    
       (0.17) (-0.65) (-0.08)    
LowTwitter×Small       0.003 0.002 0.003    
       (0.20) (0.11) (0.16)    
LowMedia          0.009 -0.008 -0.006 
          (0.89) (-0.61) (-0.36) 
LowMedia×Small          -0.017 -0.009 0.005 
          (-1.27) (-0.47) (0.21) 
LowInstitutional 0.007 0.000 0.002 0.011 0.004 0.002 0.006 0.004 0.002 0.003 0.003 0.004 
 (0.73) (0.02) (0.10) (1.17) (0.31) (0.15) (0.64) (0.28) (0.14) (0.32) (0.23) (0.24) 
LowInstitutional×Small 0.024 0.032 0.007 0.010 0.014 -0.005 0.023 0.033 0.008 0.031* 0.038 0.007 
 (1.76) (1.70) (0.31) (0.66) (0.70) (-0.22) (1.51) (1.62) (0.31) (2.12) (1.86) (0.29) 
Small 0.000 -0.023 -0.024 -0.037* -0.062* -0.049 -0.002 -0.013 -0.014 0.001 -0.012 -0.014 
 (0.03) (-1.18) (-1.04) (-2.05) (-2.45) (-1.62) (-0.13) (-0.71) (-0.62) (0.10) (-0.64) (-0.64) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.090* -0.101 -0.059 -0.076 -0.097 -0.069 -0.088* -0.103 -0.062 -0.090* -0.103 -0.061 
 (-2.34) (-1.83) (-0.90) (-1.85) (-1.67) (-0.99) (-2.30) (-1.88) (-0.94) (-2.33) (-1.88) (-0.93) 
N 1867 1826 1798 1867 1826 1798 1867 1826 1798 1867 1826 1798 
adj. R2 0.013 0.021 0.033 0.017 0.024 0.033 0.012 0.018 0.030 0.013 0.019 0.030 



 

 

Table A4.8: Extreme attention days (Media) 
This table shows post window cumulative abnormal returns around extreme attention days measured by number of media articles. Cumulative abnormal returns are calculated 
by taking the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference 
between company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. 
LowRetail, LowWSB, LowTwitter, LowWikipedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 
30-day average. Other variable descriptions are defined in Table 4.1. t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail -0.005 0.001 0.004          
 (-1.27) (0.27) (0.72)          
LowWSB    0.000 0.011* 0.016*       
    (0.03) (2.00) (2.42)       
LowTwitter       0.014 0.014 0.020    
       (1.45) (1.24) (1.45)    
LowMedia          -0.000 -0.003 -0.007 
          (-0.00) (-0.69) (-1.16) 
LowInstitutional -0.003 0.001 0.002 -0.002 0.000 0.000 -0.002 0.001 0.002 -0.002 0.001 0.003 
 (-0.66) (0.25) (0.41) (-0.52) (0.01) (0.07) (-0.59) (0.16) (0.26) (-0.51) (0.30) (0.46) 
Mktcap 0.005* 0.005 0.004 0.005* 0.005 0.005 0.005* 0.005 0.004 0.005* 0.004 0.004 
 (2.38) (1.75) (1.40) (2.38) (1.95) (1.64) (2.42) (1.78) (1.43) (2.38) (1.70) (1.30) 
MB -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (-0.88) (-0.82) (-1.07) (-0.90) (-0.81) (-1.05) (-0.94) (-0.85) (-1.10) (-0.90) (-0.82) (-1.06) 
DE -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 
 (-0.04) (0.04) (0.61) (-0.04) (0.04) (0.61) (-0.04) (0.04) (0.62) (-0.04) (0.06) (0.64) 
SI 0.004 0.001 -0.002 0.004 0.002 -0.001 0.004 0.002 -0.002 0.004 0.001 -0.002 
 (1.29) (0.36) (-0.41) (1.31) (0.54) (-0.20) (1.39) (0.42) (-0.35) (1.31) (0.32) (-0.49) 
Turnover -0.001 0.000 0.000 -0.001 0.000 0.001 -0.001 0.000 0.001 -0.001 0.000 0.001 
 (-0.83) (0.04) (0.22) (-0.82) (0.22) (0.44) (-0.80) (0.07) (0.25) (-0.83) (0.07) (0.27) 
Volatility -0.042 -0.185 0.080 -0.047 -0.169 0.105 -0.051 -0.187 0.079 -0.047 -0.182 0.088 
 (-0.47) (-1.74) (0.62) (-0.53) (-1.59) (0.82) (-0.57) (-1.76) (0.61) (-0.53) (-1.71) (0.68) 
Event 0.001 0.006 0.004 0.001 0.005 0.003 0.002 0.006 0.004 0.001 0.005 0.003 
 (0.22) (1.23) (0.66) (0.34) (1.22) (0.60) (0.53) (1.36) (0.78) (0.34) (1.20) (0.58) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.096* -0.101* -0.105 -0.098* -0.129* -0.145* -0.101* -0.104* -0.108 -0.098* -0.097 -0.097 
 (-2.30) (-2.02) (-1.75) (-2.26) (-2.49) (-2.33) (-2.42) (-2.08) (-1.80) (-2.34) (-1.95) (-1.61) 
N 2400 2394 2387 2400 2394 2387 2400 2394 2387 2400 2394 2387 
adj. R2 0.005 0.010 0.006 0.004 0.012 0.008 0.005 0.011 0.007 0.004 0.010 0.006 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail 0.008 0.015 0.013          
 (1.07) (1.52) (1.16)          
LowWSB    0.006 0.007 0.008       
    (0.69) (0.67) (0.61)       
LowTwitter       0.043* 0.016 0.046    
       (2.53) (0.71) (1.73)    
LowMedia          -0.004 -0.006 -0.002 
          (-0.51) (-0.60) (-0.15) 
LowInstitutional 0.003 -0.008 -0.003 0.001 -0.010 -0.006 0.001 -0.010 -0.006 0.002 -0.009 -0.005 
 (0.39) (-0.84) (-0.31) (0.19) (-1.09) (-0.52) (0.13) (-1.07) (-0.54) (0.32) (-0.95) (-0.44) 
Mktcap 0.003 0.005 0.005 0.003 0.006 0.005 0.003 0.005 0.005 0.003 0.005 0.005 
 (0.81) (1.05) (0.87) (0.87) (1.10) (0.91) (0.85) (1.05) (0.87) (0.77) (1.00) (0.84) 
MB -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (-1.01) (-1.39) (-1.90) (-0.99) (-1.36) (-1.88) (-1.06) (-1.39) (-1.93) (-0.99) (-1.36) (-1.88) 
DE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
 (0.57) (0.86) (0.95) (0.57) (0.86) (0.95) (0.58) (0.86) (0.95) (0.59) (0.87) (0.95) 
SI -0.005 -0.010 -0.011 -0.005 -0.010 -0.010 -0.005 -0.010 -0.010 -0.006 -0.011 -0.011 
 (-0.96) (-1.37) (-1.25) (-0.91) (-1.33) (-1.21) (-0.85) (-1.35) (-1.18) (-1.00) (-1.42) (-1.27) 
Turnover 0.001 0.002 0.004 0.001 0.002 0.004 0.001 0.002 0.004 0.001 0.002 0.004 
 (0.42) (0.57) (1.02) (0.48) (0.63) (1.08) (0.47) (0.59) (1.07) (0.44) (0.59) (1.02) 
Volatility 0.381* 0.772*** 1.327*** 0.397* 0.799*** 1.338*** 0.376* 0.785*** 1.297*** 0.391* 0.792*** 1.329*** 
 (2.40) (3.67) (5.19) (2.49) (3.79) (5.22) (2.37) (3.73) (5.06) (2.46) (3.77) (5.19) 
Event 0.002 -0.018* -0.022* 0.001 -0.019* -0.023* 0.003 -0.018* -0.021* 0.001 -0.019* -0.023* 
 (0.25) (-2.01) (-2.16) (0.15) (-2.16) (-2.27) (0.48) (-2.05) (-2.06) (0.14) (-2.17) (-2.28) 
Qtrly FE YES YES YES YES YES YES YES YES YES YES YES YES 
Constant -0.076 -0.106 -0.116 -0.089 -0.120 -0.130 -0.083 -0.105 -0.118 -0.071 -0.096 -0.108 
 (-1.04) (-1.10) (-1.03) (-1.15) (-1.19) (-1.11) (-1.12) (-1.08) (-1.05) (-0.96) (-0.99) (-0.96) 
N 2367 2331 2211 2367 2331 2211 2367 2331 2211 2367 2331 2211 
adj. R2 0.012 0.039 0.049 0.012 0.038 0.048 0.015 0.038 0.049 0.012 0.038 0.048 



 

 

Table A4.9: Extreme attention days and size interaction (Media) 
This table shows post window cumulative abnormal returns around extreme attention days measured by the number of media articles. Cumulative abnormal returns are calculated 
by taking the product of abnormal returns over the event windows [1,1], [1,3], and [1,5] in Panel A and [1,10], [1,20], and [1,30] in Panel B. Abnormal return is the difference 
between company return on day t less the expected return derived from the market model. We estimate beta using the 90-day (-120, -30) period prior to the company event. 
LowRetail, LowWSB, LowTwitter, LowWikipedia, and LowInstitutional are dummy variables that takes the value one when the respective daily attention is less than the previous 
30-day average. Small is a dummy variable that takes the value of one if market capitalization is less than median. Other variable descriptions are defined in Table 4.1. t statistics 
in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Panel A [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] [1,1] [1,3] [1,5] 
LowRetail -0.005 -0.001 -0.002          
 (-0.93) (-0.18) (-0.28)          
LowRetail×Small -0.000 0.005 0.014          
 (-0.05) (0.50) (1.14)          
LowWSB    -0.007 -0.007 -0.010       
    (-1.16) (-0.98) (-1.17)       
LowWSB×Small    0.016 0.044*** 0.065***       
    (1.68) (3.91) (4.76)       
LowTwitter       0.010 0.006 -0.001    
       (0.66) (0.34) (-0.07)    
LowTwitter×Small       0.008 0.014 0.038    
       (0.40) (0.63) (1.36)    
LowWikipedia          -0.001 -0.003 -0.006 
          (-0.16) (-0.40) (-0.65) 
LowWikipedia×Small          0.001 -0.001 -0.002 
          (0.17) (-0.13) (-0.21) 
LowInstitutional -0.004 0.001 0.004 -0.002 0.001 0.005 -0.003 0.001 0.005 -0.003 0.001 0.005 
 (-0.65) (0.15) (0.47) (-0.36) (0.23) (0.57) (-0.51) (0.19) (0.59) (-0.48) (0.21) (0.57) 
LowInstitutional×Small 0.000 -0.001 -0.005 -0.002 -0.006 -0.012 -0.001 -0.002 -0.007 -0.000 -0.001 -0.005 
 (0.03) (-0.15) (-0.47) (-0.28) (-0.69) (-1.16) (-0.08) (-0.25) (-0.72) (-0.06) (-0.14) (-0.48) 
Small -0.014* -0.011 -0.008 -0.027** -0.047*** -0.060*** -0.014* -0.010 -0.006 -0.014* -0.009 -0.004 
 (-2.14) (-1.43) (-0.91) (-2.68) (-3.98) (-4.21) (-2.27) (-1.41) (-0.67) (-2.18) (-1.25) (-0.47) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE 0.020 -0.001 -0.014 0.027 0.003 -0.007 0.017 -0.003 -0.017 0.019 -0.001 -0.014 
Constant (0.88) (-0.05) (-0.44) (1.11) (0.11) (-0.21) (0.73) (-0.12) (-0.50) (0.82) (-0.05) (-0.41) 
N 2400 2394 2387 2400 2394 2387 2400 2394 2387 2400 2394 2387 
adj. R2 0.004 0.009 0.006 0.005 0.017 0.016 0.005 0.010 0.006 0.004 0.009 0.005 
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Panel B [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] [1,10] [1,20] [1,30] 
LowRetail -0.001 0.003 0.005          
 (-0.13) (0.20) (0.34)          
LowRetail×Small 0.020 0.028 0.020          
 (1.37) (1.46) (0.90)          
LowWSB    -0.012 -0.010 -0.020       
    (-1.15) (-0.70) (-1.30)       
LowWSB×Small    0.043** 0.039 0.068**       
    (2.58) (1.78) (2.68)       
LowTwitter       0.001 -0.017 0.009    
       (0.04) (-0.52) (0.22)    
LowTwitter×Small       0.075* 0.059 0.066    
       (2.21) (1.32) (1.24)    
LowWikipedia          -0.003 -0.002 0.004 
          (-0.25) (-0.15) (0.23) 
LowWikipedia×Small          -0.002 -0.006 -0.008 
          (-0.12) (-0.31) (-0.36) 
LowInstitutional 0.010 0.013 0.026 0.011 0.013 0.027 0.012 0.014 0.026 0.011 0.013 0.025 
 (1.06) (1.02) (1.76) (1.16) (1.01) (1.83) (1.19) (1.07) (1.76) (1.08) (0.97) (1.69) 
LowInstitutional×Small -0.017 -0.044** -0.060** -0.022 -0.049** -0.067*** -0.021 -0.048** -0.063*** -0.017 -0.044** -0.060** 
 (-1.30) (-2.63) (-3.12) (-1.72) (-2.91) (-3.50) (-1.65) (-2.85) (-3.30) (-1.34) (-2.62) (-3.10) 
Small -0.001 0.008 0.014 -0.033 -0.019 -0.039 0.002 0.014 0.018 0.004 0.016 0.020 
 (-0.10) (0.57) (0.82) (-1.88) (-0.81) (-1.45) (0.20) (0.97) (1.09) (0.36) (1.09) (1.20) 
Controls YES YES YES YES YES YES YES YES YES YES YES YES 
Qtrly FE -0.015 -0.008 -0.014 -0.000 0.006 0.013 -0.019 -0.007 -0.016 -0.014 -0.005 -0.011 
Constant (-0.37) (-0.15) (-0.23) (-0.01) (0.10) (0.20) (-0.48) (-0.13) (-0.26) (-0.33) (-0.09) (-0.18) 
N 2367 2331 2211 2367 2331 2211 2367 2331 2211 2367 2331 2211 
adj. R2 0.013 0.042 0.052 0.015 0.041 0.055 0.016 0.041 0.053 0.012 0.040 0.051 

 




