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i 

Abstract 

 

 

This three-essay thesis examines the role of social media in financial markets from multiple 

perspectives. Chapter 2 explores the economic consequences of the Securities and Exchange 

Commission’s (SEC’s) regulation of corporate use of social media. Following the April 2nd, 2013 

SEC regulation allowing firms to use social media to communicate financial information to 

investors, corporate tweeting becomes informative: meaning that a firm’s stock price responds to 

its own tweeting. This was not the case prior to the regulation. 

Chapter 3 examines whether firms that use social media have a lower cost of equity capital. 

To the extent that the use of Twitter can lower information asymmetry between firms and investors, 

firms’ cost of capital is expected to be reduced. The two findings of chapter 3 are that 1) the use 

of Twitter corresponds to a lower cost of equity capital, and 2) firms that face the greatest 

information asymmetries – namely smaller firms, firms that are covered by the least number of 

analysts, and firms with the least proportion of institutional ownership, benefit particularly from 

tweeting financial information about their firm. 

Chapter 4 turns to investors’ use of Twitter. Harnessing the wisdom of the crowd, Twitter 

daily sentiment about stocks corresponds to daily stock prices. Specifically, positive Twitter 

sentiment corresponds to higher returns and negative sentiment corresponds to lower returns. 

Furthermore, firms whose stock exhibits the greatest dispersion of analyst forecasts are tweeted 

about more often. This suggests that social media provides an outlet where investors provide 

opinion and discussions about stocks, especially in the absence of analysts’ (professional) 

consensus. 
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Chapter 1 

 

Introduction 

 

Beginning in the mid 2000’s, the rise of social media has transformed how information is 

transmitted and received. Suddenly, individuals and entities had the power to voice their opinions 

and be heard worldwide. Increasingly, social media has become of prominent importance not only 

to individuals, but also to corporations and groups alike. The goal of this work is to focus on the 

role of social media in financial markets. This is accomplished in three research papers, comprising 

chapters 2, 3 and 4 of this work. 

In April 2013, the Securities and Exchanges Commission (SEC) issued a new regulation 

permitting firms to use social media to communicate financial information to investors. This new 

regulation by the SEC was in response to the rise of corporate use of social media to communicate 

financial information, and specifically in response to a case where the CEO of Netflix, Reed 

Hastings, shared relevant information about Netflix on social media. After the Netflix post, the 

stock price of the company rose by over 20%. 

Numerous examples of how social media has the capacity to affect stock prices have taken 

place in recent years. For example, tweets by Elon Musk, CEO of Tesla Motors, have had an 

impact on its stock price. Furthermore, tweets from politicians, such as Hillary Clinton, Bernie 

Sanders, and US President, Donald Trump, have moved markets. In response to the rise of social 

media in financial markets, Sprott Asset Management, introduced a social media Exchange Traded 

Fund (ETF) known as the “Buzz” or sentiment index. This ETF is composed of stocks whose 

mentions are most positive on social media. 
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This work examines the role of social media from multiple perspectives. In chapter 2, I 

examine the most basic question of whether corporate tweeting, that is, tweeting originating from 

firms, is informative or whether it is merely hype. I discover that following the SEC’s regulation 

of social media in April 2013, corporate tweeting is informative – meaning that stock prices 

respond to a firm’s own tweeting.  Whereas prior to the regulation, corporate tweeting appears to 

have been largely hype – meaning that stock prices do not respond to a firm’s own tweeting. This 

finding shows how regulation of social media was important in financial markets, and essentially 

placed social media alongside other official corporate communication methods. 

Chapter 3 examines the question of whether firms that use Twitter can attain a lower cost 

of equity capital. This is largely based on the Merton (1987) argument, which states that firms that 

use more channels to communicate information to investors can benefit from a lower cost of equity 

capital.  First, this chapter shows that firms benefit from the use of Twitter in attaining a lower 

cost of equity capital. Secondly, firms that face the greatest information asymmetry, namely 

smaller firms, firms with less institutional ownership, and firms with less analyst following, can 

particularly benefit from tweeting financial information about their firm. 

Chapter 4 turns to the question of tweeting by market participants, not by corporations, to 

determine whether aggregate tweeting volume and sentiment have an impact on daily asset prices. 

In examining this wisdom of the crowd, the analysis of chapter 4 shows that Twitter discussions 

about stocks are more prevalent for firms with less institutional, thus more retail, investors. This 

suggests that tweeting financial information often originates from the retail investor-base. 

Moreover, tweeting volume is greater for stocks on which analysts exhibit greater dispersion of 

forecasts. This suggests that the lack of analysts’ consensus may drive more discussions about a 

stock – where investors offer multiple opinions possibly in an attempt to resolve the lack of 



3 

 

consensus. An additional finding in chapter 4 is that greater tweeting volume corresponds to higher 

stock returns and greater trading volume on the same day. Furthermore, tweeting with positive 

sentiment corresponds to higher returns, whereas tweeting with negative sentiment corresponds to 

lower returns. 

Overall, the goal of this thesis is to examine how social media affect capital markets. From 

the perspective of the firm, social media is a low-cost, highly effective mechanism to communicate 

financial information to investors. Furthermore, firms that traditionally suffer the greatest 

information asymmetry, can particularly benefit from social media. Investors can use social media 

in two ways: first, they can follow information directly from firms in which they are interested. 

This is especially the case following the SEC Social Media regulation – which effectively ensures 

that corporate tweeting carries value-relevant information. Second, the aggregation of Twitter 

financial discussions about stocks captures the wisdom of the crowd, and is thus a useful source of 

financial information. 
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Chapter 2 

 

Is Corporate Tweeting Informative or Is It Just Hype? Evidence from the 

SEC Social Media Regulation 

 

 

 

 

 

ABSTRACT 

Using textual analysis, I identify corporate tweets that contain financial information and study their 

impact on market prices. Prior to the April 2, 2013 SEC regulation allowing firms to use social 

media as an official news outlet, financial tweets appear to have been mostly hype in that prices 

do not respond to firms’ own tweeting. Following the regulation, tweeting appears to be 

informative – leading to a 19.5 basis points return on tweeting days that is not subsequently 

reversed. Moreover, firms strategically tweet negative information at times of low investor 

attention, such as Friday afternoons. The results suggest that firms actively use social media to 

communicate fundamental information to investors. 

  

 

 

JEL classification: G10, G12, G14 

Keywords: Social Media; Twitter; Textual Analysis; Information Asymmetry; Disclosure
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2.1. Introduction 

On July 3, 2012, Reed Hastings, CEO of Netflix made a controversial posting on social 

media that reads: 

“Congratulations to Ted Sarandos, and his amazing content licensing team. Netflix monthly 

viewing exceeded 1 billion hours for the first time ever in June…Ted, we need even more!” 

As seen in Figure 2-1, the Netflix stock price rose by over 20% after this post. Whether 

this post triggered this response; or, according to Mr. Hastings, whether the stock was on the rise 

regardless, became a topic of investigation for the SEC. While the information contained in this 

post is not necessarily surprising since Netflix was going to reach 1 billion hours anyway, it raised 

questions about the use of social media as an outlet of corporate information, and whether it 

violates Regulation Fair Disclosure (Reg-FD). It became clear that social media matters to 

financial markets. 

On April 2, 2013, after a lengthy investigation of the Netflix case, the SEC issued a new 

regulation (henceforth, Reg-SocMedia) permitting firms to use social media as an official outlet 

to communicate information to investors. This regulation was a response to both the Netflix case 

and to the rise of corporate use of social media. The SEC was concerned that some investors may 

have access to information to which others do not via social media. In which case, it would be a 

violation of Reg-FD.1  Reg-SocMedia is thus the SEC’s response to a technological advancement, 

namely the rise of social media in financial markets. Effectively, Reg-SocMedia gives social media 

official status as a source of public information. According to the Financial Times, “[The SEC’s] 

                                                           
1 See https://www.sec.gov/litigation/investreport/34-69279.pdf for the details of the SEC response to the Netflix 

case as well as the statement allowing firms to use social media as a channel to communicate with the investing public. 

https://www.sec.gov/litigation/investreport/34-69279.pdf
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decision could prompt a sea change in how companies communicate with investors and comes as 

regulators more broadly grapple with adapting decades-old regulations to new and evolving 

technologies” (Scannell, 2013).  Because Reg-SocMedia gives Twitter official status as a source 

of corporate information, one expects that corporate tweets following Reg-SocMedia will 

correspond to fundamental information that will move market prices. This is the central hypothesis 

of this paper: whether corporate tweets following the SEC regulation are informative (move prices) 

or whether they are merely hype (do not move prices). Figure IA.1 in the Internet Appendix shows 

average monthly returns on tweeting days around the SEC regulation implementation, and shows 

that there is a difference in market response before and after Reg-SocMedia. 

Diamond and Verrecchia (1991) describe models of voluntary disclosure and show that 

firms can alleviate information asymmetry and reduce their cost of capital by disclosing more 

information to financial markets. Merton (1987) shows that communicating information through 

different channels can increase a firm’s investor-base and increase the value of the firm. In this 

paper, using the full universe of all firms listed on the NYSE, AMEX and NASDAQ, I show that 

following the SEC’s Reg-SocMedia, financial tweets originating from firms correspond to a 

statistically significant 19.5 basis points increase in returns on tweeting days. Prior to the SEC 

regulation, however, there was no effect on returns. I interpret this as evidence consistent with 

corporate tweeting being informative, rather than hype, following Reg-SocMedia. 

Definition of hype and informative tweeting 

I define informative tweets as tweets that correspond to both a significant change to a 

company’s stock return that is not subsequently reverted, and an increase in trading volume. I 

define hype as tweeting that corresponds to an increase in trading volume with no change in 
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returns.  The literature has various definitions for the term hype, but the one used here in the context 

of Twitter refers to the condition in which prices do not respond to firms’ own tweeting. 

I hypothesize that following Reg-SocMedia, corporate use of Twitter has become 

informative, after having been primarily hype. There are several reasons to hypothesize this 

transformation. First, while corporate use of Twitter is voluntary before and after Reg-SocMedia, 

the regulation suddenly increases the perceived value of Twitter both by firms and financial market 

participants. Second, because many firms have been using Twitter, and because the number of 

firms using Twitter continues to increase, many firms find themselves “forced” to use Twitter as 

it has become an expectation of the market – and much more so because of Reg-SocMedia. Third, 

because Reg-SocMedia makes social media an official form of corporate information, CEOs and 

corporate executives have become directly accountable and liable to the content on Twitter, putting 

more emphasis on ensuring that the content of corporate Twitter accounts are both informative and 

accurate. Prior to Reg-SocMedia, however, there was neither a regulatory nor a strong economic 

reason to stop firms from hype behaviour. Altogether, these reasons point in the direction that 

corporate tweeting after Reg-SocMedia is likely to be informative, while before the regulation, it 

is likely to have been largely hype. This paper confirms this hypothesis directly.  

A separate but related issue is whether firms disclose good or bad news on social media. 

Verrechia (1983) and Jung and Kwon (1988) show models of voluntary disclosure whereby firms 

report good news and withhold bad news. Thus, one expects that, on average, firms’ tweets are 

positive, and that market response is positive because Twitter is a medium of voluntary disclosure. 

Interestingly, I find that when firms tweet negative information, they do so outside of market hours 

or on Friday afternoons when investor attention is lowest.  I also find that firms are least likely to 

tweet negative information during earnings season when investor attention is highest. Moreover, 
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firms tweeting negative information are more likely to have binding short-sale constraints, in 

which case investors are least able to act on this information. According to strategic voluntary 

disclosure theory, our prior is that corporate tweeting is positive on average. 

Why Twitter? 

While there are various social networks, Twitter is particularly pertinent because investors 

most often resort to Twitter for corporate information. Twitter has become the medium of choice 

for Investor Relations (IR) professionals (Q4 Web Systems, 2012).  Furthermore, financial analysts 

and portfolio managers are also turning to Twitter for financial information (Kiladze, 2013). More 

recently, there are discussions between investment firms and ETF issuers to create a Twitter ETF 

that tracks the Twitter mentions of a large number of stocks on Twitter (Balchunas, 2015).2 

Not all corporate tweets are equal: tweets about the weather or ones that wish people a 

happy weekend, or otherwise “noisy” tweets, are not of relevance to financial markets. However, 

tweets about a firm’s financial performance, revenues or dividends, are of prime importance. I get 

around this “noise” problem using a dictionary approach that classifies corporate tweets according 

to their textual content and identifies tweets that contain strictly financial information.  A detailed 

description of the classification mechanism using the dictionary approach is explained in section 

1.2.1, while the dictionary of financial keywords and sample financial tweets are shown in 

Appendix B. The analysis in this paper is conducted on the financial tweets that are of relevance 

to financial markets. 

The analysis begins by examining the institutional details of corporate use of Twitter. I 

identify the determinants of a firm’s decision to use Twitter, and subsequently, the determinants 

                                                           
2 See Wall Street Journal article about Social Media ETF’s, http://www.wsj.com/articles/social-media-etfs-try-to-

tweet-the-market-1467684181  

http://www.wsj.com/articles/social-media-etfs-try-to-tweet-the-market-1467684181
http://www.wsj.com/articles/social-media-etfs-try-to-tweet-the-market-1467684181
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of the decision to tweet on a given day. I then focus on market reaction to tweeting around the SEC 

social media regulation in three ways: 1) using a panel regression analysis, 2) an event-study, and 

3) a vector autoregression (VAR) framework similar to Tetlock (2007). Each of these techniques 

confirms that markets react to tweeting, but only do so following the SEC regulation. 

I also show that the market reaction is larger for companies with more Twitter followers. 

Further, I provide intraday evidence (based on a 15-minute window) supporting the findings of 

this paper.  I then examine the interaction between corporate use of Twitter and corporate press 

releases issued to newswires. Before Twitter, firms used newswires to communicate information 

to markets. Following Reg-SocMedia, firms are permitted to use Twitter as an official outlet of 

corporate news. Given the 140-character limit on tweets, Twitter is not a substitute for press 

releases. However, firms often use tweets in parallel with press releases for added emphasis. In 

section 5, I show that press releases accompanied with financial tweets correspond to a larger 

market reaction than press releases alone, hence demonstrating the incremental role of Twitter.  

The distinction between corporate press releases and tweets is a point worth making. While 

companies use press releases to meet Reg-FD’s requirement of reporting any material information 

to markets, they are free to elect whether to tweet information as Twitter is a voluntary form of 

disclosure. A second distinction is that traditional corporate press releases go through newswires 

first and are then picked up by the media prior to reaching investors. With Twitter, however, the 

delivery of information to markets is immediate. 

In general, compared to other media outlets, social media is unique insofar as the 

information is transmitted instantly from firms to markets. With traditional media, there is a time-

gap between the release of information from firms and its receipt by markets.  That is, the media 
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is the information intermediary. With social media, however, there is no information intermediary. 

This technological advancement in how firms communicate with markets motivates this study. 

In summary, this paper makes four contributions. First, it makes the most comprehensive 

conclusions about corporate use of social media as the dataset comprises the full universe of all 

companies listed on all major US exchanges. Second, it mitigates the “noise” problem that social 

media is often prone to by adapting textual analysis techniques to social media, thus providing a 

useful technique for future research in the emerging field of social media and textual analysis. 

Third, it shows that firms strategically tweet negative information at times of low investor 

attention, such as Friday afternoons. Finally, this paper directly tests the effects of the SEC 

regulation that allows firms to use social media, and shows that market response is dependent on 

the regulation. 

Related literature 

This paper relates to the literature on information asymmetry, firm visibility, textual 

analysis, and the emerging literature on social media. From a theoretical perspective, this paper 

relates to the models of selective disclosure of Diamond and Verrecchia (1991), investor 

recognition of Merton (1987), and the economics of gathering and processing information by 

Grossman and Stiglitz (1980). 

The methodology borrows, in part, from Tetlock (2007). Tetlock uses a vector 

autoregressive (VAR) framework to examine the role of the media in stock markets. He shows that 

pessimism expressed in a popular Wall Street Journal column predicts lower stock returns, which 

revert back to normal within the trading week. Tetlock also reports an abnormally high trading 

volume on days of high/low pessimism. This is especially relevant to this paper in that I examine 
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whether corporate tweeting is associated with higher stock returns and trading volume, as well as 

whether this effect is reversed during the trading week. 

Neuhierl, Scherbina and Schlusche (2013) study market reaction to corporate press releases 

and show that markets react to corporate news. Several other studies, such as Engelberg and 

Parsons (2011), Fang and Peress (2009), and Vega (2006), study market response to news with 

emphasis on the role of the media. This paper studies market response specifically to social media.  

Related to the hype hypothesis, Gurun and Butler (2012) show that local media tends to hype news 

about local companies that advertise on their media sources. Solomon (2012) shows that news 

about companies can sometimes be “spinned” by Investor Relations (IR) firms, but that investors 

cannot be fooled forever by the spinning of news in that such firms experienced return reversals.  

I seek to determine whether tweets are informative or merely hype. 

In recent years, investors have begun to rely on the Internet to gather and process 

information. Antweiler and Frank (2004) show that Internet stock message boards predict market 

volatility.  Increasingly, investors search for financial information on Google. Da, Engelberg and 

Gao (2011) show that search frequency for firms on Google (Google SVI), predicts higher stock 

prices that later experience reversals. Drake, Roulstone and Thornock (2012) show that search 

frequency on Google peaks during firms’ earnings announcements season. Chen, De, Hu and 

Hwang (2014) investigate the value of stock opinions transmitted on Seeking Alpha, a popular 

financial crowd-source platform, and find that those discussions predict stock returns.  

Most recently, investors are turning to Twitter for financial information about firms. 

Blankespoor, Miller and White (2014), using a sample of 141 technology firms, find that firms 

that use Twitter to disseminate information achieve lower bid-ask spreads and greater abnormal 

depths. They interpret this to be consistent with a reduction in information asymmetry and an 



12 

 

increase in liquidity. Jung, Naughton, Tahoun and Wang (2015) focus on corporate dissemination 

of earnings announcements on Twitter to show that for SP 1500 firms, firms that receive less media 

coverage are more likely to use Twitter. They also show that firms can improve their information 

environment using social media. Chen, Hwang and Liu (2016) show that CEOs/CFOs’ personal 

tweets can increase investor and customer base and improve stock liquidity, but that this effect is 

subsequently reverted; thus destabilizing prices. Chawla, Da, Xu and Ye (2015) find, using 

brokerage accounts from TD Amertitrade, that the diffusion of trading news on Twitter contributes 

to lower bid-ask spreads and positive price pressures on news days. 

Dictionary approaches to textual analysis have gained popularity in the field. For example, 

Tetlock (2007) and Tetlock, Saar-Tsechansky and Macskassy (2008) analyze the language of news 

stories to predict earnings and stock returns. Loughran and McDonald (2011) demonstrate that 

financial language is different from “regular” language and developed a dictionary that is 

particularly fitting to analyzing financial language. Bodnaruk, Loughran and McDonald (2015) 

developed a dictionary to gauge firms’ financial constraints based on 10-K disclosures.  Loughran 

and McDonald (2016) note that social media can be a challenging setting for textual analysis; they 

state “Hopefully, methods can be developed that are better able to capture the information in this 

[social media] very noisy yet rich source of data.” One of the contributions of this work is to 

address the noise problem by textually identifying financially-relevant tweets. 

 

2.2. Data and summary statistics 

2.2.1 The Twitter dataset 

The Twitter dataset used is hand-collected, and is later supplemented with the suite of data 

available on the Wharton Research Data Services (WRDS). The Twitter dataset is constructed as 
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follows: initially, I obtained a list of all firms listed on the NYSE, AMEX, and NASDAQ for the 

years 2007-2013 (2007 is the year in which Twitter started).  I then visited the website of each 

company to search for an official corporate Twitter account. The corporate Twitter account is often 

listed on the IR section of the company’s website, but is occasionally listed on the main page. If a 

Twitter account is found, the name of the account is recorded. If no Twitter account is found, the 

search is augmented by the use of Google and Twitter itself to locate an account bearing the firm’s 

name.3 If a match is found, it is verified to ensure that it is indeed the company’s official account. 

If the steps above yield no result, I conclude that the firm does not operate a Twitter account. If a 

company operates multiple accounts, the official or the IR account is recorded as the account of 

interest. 

After collecting the names of the official Twitter accounts, the next step was to collect the 

actual tweets for each firm. This was accomplished via the use of computer programs that I wrote 

using the Python and the Java programming languages. These programs made use of the Twitter 

Application Programming Interface (API), available at https://dev.twitter.com.4 Using these 

programs, I collected the history of tweets for each of the accounts in the sample set since the 

inception of Twitter.5 The programs I wrote allowed me to acquire the text of the tweets, the date 

and time of each tweet, the inception date of the account, and the number of followers. 

Because the objective of this work is to isolate the effect of firms’ tweets, I remove tweets 

that constitute replies to other Twitter users. Those are tweets in which a firm replies to questions 

                                                           
3 If a firm has been delisted, this method would still find a Twitter account if the firm had operated one. In the 

absence of a corporate website, a Google or a Twitter search would lead to the Twitter account; this helps to mitigate 

survivorship bias. 
4 The Twitter API imposes a bandwidth limit that limits the amount of information downloaded in each 15-minute 

interval. I got around this problem by building in “waiting times” in the code that downloads the tweets. 
5 The Twitter API stores up to 3200 tweets per account. For most accounts in the dataset, this covers the full history 

of the account, but there were some accounts with incomplete history – going back 3200 tweets. 

https://dev.twitter.com/
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from other Twitter users. Such tweets are tagged with the prefix “@” thus making them possible 

to identify programmatically.  I also remove tweets that do not originate from the firm, but are re-

tweets from other users, such tweets are prefixed with “RT”, and are also possible to identify. This 

effectively ensures that the sample set comprises only tweets that unambiguously originate from 

the firm. 

After compiling the dataset, I conduct textual analysis on the tweets to identify a subset of 

tweets as financial. Financial tweets are those that strictly contain information that is relevant to 

financial markets. To conduct the textual classification, I compare the content of the tweets against 

a dictionary of financial keywords that I prepared. The dictionary contains words such as stock, 

news, analyst, dividend, revenue, as well as the derivatives of such words. A full list of all the 

financial words is shown in Appendix B along with sample tweets. Since Twitter imposes a 140 

character limit per tweet, firms often use abbreviations or shorthand forms, such as “qtr 3” or “Q3” 

instead of writing the full ‘Quarter 3’. This being the case, I augment the list of financial keywords 

with a number of abbreviations that are frequently used on Twitter, such as the ones listed above. 

While this step is useful in accounting for the nature of the Twitter-specific language, it leads to 

the possibility of introducing false positives to the classification scheme. To overcome this 

difficulty, as well as the possibility that some financial words may carry a non-financial meaning 

(the word ‘share’ for example), I require that a tweet contains at least three financial keywords. 

This conservative approach ensures that a tweet is only classified as financial when it almost 

certainly is, and nearly eliminates the possibility of Type I errors. This classification mechanism 

identifies 13,168 tweets as financial tweets.6 Although this methodology may mean that some 

                                                           
6 In other tests, I identified financial tweets as those that contain at least two financial keywords. Such classification 

identified numerous false positives based on visual inspection, and thus, the more conservative 3 word minimum was 

used instead. 
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tweets that are actually financial not be classified as such (Type II errors), it is much more 

important to ensure that the subset of tweets labeled as financial be certainly so. To put things in 

perspective, the goal of this classification is to provide a sample of tweets that are unequivocally 

relevant to financial markets. 

Tweets are further classified according to their tone using the Loughran and McDonald 

(2011) sentiment classification dictionary available on Bill McDonald’s website: 

http://www3.nd.edu/~mcdonald/ Word_Lists.html.7 Because the textual content of each tweet is 

restricted by the 140-character limit, many tweets are unclassified or classified as neutral.8 

After performing this analysis at the tweet level, the Twitter dataset is merged with the 

corresponding data from WRDS. In particular, stock prices, returns, market index and daily trading 

volume information are obtained from the CRSP daily file. I restrict the analysis to common shares 

(share code 10 and 11), and remove financial firms and firms in regulated industries: SIC codes 

(6000-6999) and (4900-4999). Firm characteristics and accounting data are obtained from the 

Compustat annual file. Analyst coverage data is obtained from I/B/E/S, and institutional data from 

the Thomson Reuters 13F filings. CEO information is obtained from Compustat Executive 

Compensation file. A detailed list of all the parameters used, their descriptions and sources can be 

found in Appendix A. To mitigate survivorship bias, I limit the final panel to firms that are actively 

tweeting; that is, a firm enters the panel when it begins to tweet and remains in the panel so long 

as it continues to tweet.9  Each firm day in the panel is marked as a tweeting day, a financial 

                                                           
7 An alternative method of classifying linguistic tone is to use the Harvard IV-4 psychosocial dictionary. But since 

the classification is applied specifically to financial tweets, I use the Loughran and McDonald (2011) dictionary since 

it has been shown to perform better in classifying financial language. 
8 Tweets with an equal number of positive and negative words are classified as “neutral” or unclassified. 
9 In robustness tests (section 6.3) I keep a sample consisting of firms that were tweeting regularly before and after 

Reg-SocMedia, which also helps mitigate survivorship bias. 

http://www3.nd.edu/~mcdonald/%20Word_Lists.html
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tweeting day, or a non-tweeting day. The final panel comprises 960,005 firm days from 2007 to 

2013 and includes 1804 unique tweeting firms. 

2.2.2 Descriptive statistics 

Figure 2-2 shows the number of firms that operate an official corporate Twitter account as 

well as firms that tweet financial information in particular. The figure shows a steady increase in 

both of these categories; by October 2013, the number of tweeting firms and firms that tweet 

financial information is 1468 and 529 firms respectively. The Internet Appendix (Table IA.1) 

shows the breakdown of tweeting and financial tweeting firms by industry. 

Table 2-1 shows firm characteristics for tweeting and non-tweeting firms before and after 

Reg-SocMedia of April 2, 2013.  Tweeting firms are generally larger in size, have a higher payout 

ratio, greater percentage of shares held by institutional owners, and are followed by more analysts 

than non-tweeting firms. Moreover, tweeting firms have lower dispersion of analyst forecasts.10  

Table 2-2 presents tweeting descriptive statistics, and zooms into the period around Reg-

SocMedia, namely the one year period centred on April 2, 2013.  Table 2-2 shows that the average 

firm that operates a Twitter account, tweets on approximately 50% of days prior to Reg-SocMedia 

and on 55.8% of days after.  Firms that tweet financial information do so on 2.76% and on 2.72% 

of days before and after Reg-SocMedia respectively. Notably, while the frequency of tweeting has 

gone up following the SEC regulation, the frequency of the more relevant financial tweeting has 

slightly decreased. 

 

                                                           
10 CEOs of tweeting companies are also younger than their non-tweeting counterparts. This result is statistically 

significant after Reg-SocMedia. 
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2.3. Why do firms tweet? 

In Table 2-2, we see that corporate tweeting is primarily positive as demonstrated by the 

low percentage of negative financial tweets. Before turning to the institutional details of corporate 

use of Twitter, we would like to characterize negative tweeting. Table 2-3 conducts a logistic 

regression where the dependent variable is negative tweeting – defined using the Loughran and 

McDonald (2011) sentiment analysis. The table shows that firms are most likely to tweet negative 

information outside of market hours or on Friday afternoons. This is consistent with the well-

known result that firms strategically time bad news on Fridays (DellaVigna and Pollet 2009), or 

outside of market hours (Bagnoli, Clement and Watts 2005), when investor attention is lowest.11 

Consistent with this result, firms are least likely to tweet negative information during earnings 

season when investor attention is highest. Furthermore, firms with the least institutional ownership, 

and thus the highest short-sale constraints (Nagel, 2005) are more likely to tweet negative 

information, in which case investors are least able to act on this information because of the 

presence of short-sale constraints. 

Next, it is useful to explore the question of what drives a firm to tweet. I deal with this 

question in two ways. First, I identify firm characteristics that predict a firm’s likelihood to initiate 

a Twitter account, as well as a firm’s likelihood to tweet financial information in particular.  After 

identifying firm characteristics that predict the decision to initiate a Twitter account, or to tweet 

financial information, I then identify the determinants of a firm’s decision to tweet on a given day. 

Table 2-4 examines the determinants of a firm’s decision to operate a Twitter account and 

to tweet financial information given its previous year’s firm characteristics. The table shows 

                                                           
11 There is evidence that hedge funds also strategize their disclosure times, see Aragon and Nanda (2016). 
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estimates from a logistic regression where the dependent variable takes the value of 1 when a firm 

operates a Twitter account for a given year and a value of 0 otherwise. The independent variables 

are firm characteristics: beta, book to market, size, leverage, return on equity, payout ratio, 

percentage of institutional holdings, number of analysts following the firm, and the dispersion of 

analyst forecasts. Year and industry fixed effects are also included. For the ‘Financial use of 

Twitter’ section of the table, a similar logistic regression is used whereby the dependent variable 

takes the value of 1 when a firm tweets financial information. The ‘Financial use of Twitter’ 

section of the table examines financial tweeting firms relative to the full universe of firms first, 

and then relative to the subset of tweeting firms second. 

Firms with higher Capital Asset Pricing (CAPM) beta are more likely to operate a Twitter 

account, but within the group of tweeting firms, a lower beta predicts tweeting financial 

information in particular. A low book to market ratio predicts tweeting, showing that growth firms 

are more likely to tweet than mature firms.  Firm size is a predictor of tweeting: larger firms are 

more likely to tweet, and within the tweeting subset, they are more likely to tweet financial 

information. This is consistent with Diamond and Verrecchia (1991), that larger firms disclose 

more information since they benefit more from additional disclosure.  In addition, firms that are 

followed by more analysts are more likely to tweet. Firms with less leverage are also more likely 

to tweet, and especially tweet financial information. This is consistent with the notion that tweeting 

companies target their equity holders, and as the proportion of equity in the firm’s capital structure 

increases, so is the propensity to tweet – precisely to reach out to equity holders on Twitter. 

Similarly, firms with less institutional ownership are more likely to tweet, and especially to tweet 

financial information. This can be interpreted as firms with more retail investors being more likely 

to tweet in an attempt to reach out to the retail investor-base that is more likely to respond to 
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Twitter.  This can particularly be seen in light of Solomon, Soltes and Sosyura (2014) who provide 

evidence that media coverage of firms increases their stock returns and particularly attracts 

unsophisticated investors’ attention.  Furthermore, Barber and Odean (2008) find that individual 

investors are more likely to buy attention-grabbing stocks – this may explain, in part, the 

prevalence of Twitter use among firms with greater individual (retail) ownership. 

After making the decision to operate a Twitter account, firms further make the decision to 

tweet (or to tweet financial information) on a given day. To identify determinants of daily tweeting, 

I set up a panel logistic regression with firm fixed effects where the dependent variable takes the 

value of 1 if a firm tweets on a given day.12 In a second model, a financial tweeting day takes the 

value of 1 if a firm tweets financial information on a given day. Table 2-5 shows the results of the 

logistic regressions both before and after Reg-SocMedia. 

As Table 2-5 shows, firms are more likely to tweet during earnings announcements season, 

consistent with firms’ desire to manage and increase information production especially following 

Reg-SocMedia. Furthermore, tweeting is more likely to be financial in that period – especially 

during the week prior to earnings release. Moreover, firms are more likely to tweet and to tweet 

financial information if they had tweeted on the previous day or if industry peers are tweeting. 

This is especially the case following the SEC regulation. I interpret this as evidence of tweeting 

autocorrelation, and of industry information production clustering in the post SEC regulation era. 

 

 

                                                           
12 A tweeting day is defined from the close of markets on the previous trading day to the close of markets on the 

current trading day. 
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2.4. Market reaction to tweeting 

At this point, I investigate market reaction to corporate tweeting. The goal of this analysis 

is to determine whether tweeting is associated with higher returns and/or trading volume on 

tweeting days and whether there is a significant difference in market reaction before and after Reg-

SocMedia. I will focus on market reaction to the more important financial tweets in the one year 

period centred on Reg-SocMedia. Financial tweeting is considered more important than general, 

or “generic” tweeting, because it is immune to the “noise” problem that is often encountered with 

social media since financial tweets strictly contain financially relevant information. This makes it 

possible to test the central hypothesis of this paper: whether corporate tweeting is informative or 

hype on the more important financial tweeting days.13 

2.4.1. Returns on tweeting days 

To investigate the relationship between tweeting and returns, I conduct the following panel 

regression: 

 

(1) 𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 = 𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦 𝑖𝑡 +  𝛽𝑖 ∑ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖
𝑛
𝑖=2 +  𝜀𝑖𝑡 

Where Control= [Return i,t-1, Market return t, Market return t-1, Financial tweeting day i,t-1, VIXt, 

Week before earnings i,t, Earnings day i,t, Week after earnings i,t, Day of the week t] 

Return is defined as the 24 hour close-to-close return. 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦 is a 

dummy variable that takes the value of 1 if a firm tweets financial information on a given day.14  

𝑅𝑒𝑡𝑢𝑟𝑛𝑖,𝑡−1 is the firm’s previous day’s return.  𝑀𝑎𝑟𝑘𝑒𝑡 𝑟𝑒𝑡𝑢𝑟𝑛𝑡 and 𝑀𝑎𝑟𝑘𝑒𝑡 𝑟𝑒𝑡𝑢𝑟𝑛𝑡−1 are the 

                                                           
13 Market reaction to general tweets is documented in the Internet Appendix Tables IA.2 and IA.3. 
14 Also defined as a 24-hour tweeting period that corresponds to the definition of 24-hour returns. 
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value-weighted market return on the current and previous trading day respectively.  

𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦 𝑖,𝑡−1 is a dummy that takes the value of 1 if a firm tweeted on the 

previous day. 𝑉𝐼𝑋t is the market volatility index. 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑑𝑎𝑦 is a dummy variable that takes 

the value of 1 on a firm’s quarterly earnings announcement day. 𝑊𝑒𝑒𝑘 𝑏𝑒𝑓𝑜𝑟𝑒 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠, and 

𝑊𝑒𝑒𝑘 𝑎𝑓𝑡𝑒𝑟 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 are dummy variables that take the value of 1 during the week before and 

the week after earnings announcements respectively. Day of the week fixed effects are included 

as well as firm fixed effects to account for the cross-sectional variation between firms. Standard 

errors are clustered by firms and days as suggested by Petersen (2009). The clustering of standard 

errors is carried out in all subsequent analyses. 

The results of model 1 are reported in Table 2-6. The first column, Before SEC regulation, 

shows that tweeting is not associated with a significant change in returns in the period prior to 

Reg-SocMedia. The second column, After SEC regulation, shows that financial tweeting 

corresponds to a 19.5 basis points increase in return on financial tweeting days. 

To isolate the effect of Reg-SocMedia, I examine the following model: 

(2)     𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 = 𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝐷𝑎𝑦 𝑖𝑡 + 𝛽2 ∗ 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝐷𝑎𝑦𝑖𝑡 ∗

                              𝑎𝑓𝑡𝑒𝑟 𝑆𝐸𝐶 + 𝛽𝑖 ∑ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖
𝑛
𝑖=3 +  𝜀𝑖𝑡 

 

The difference between this model (model 2) and the previous model (model 1) is that this 

model is used against the full sample of tweets, both before and after the SEC regulation, with a 

dummy ‘after SEC’ that takes the value of 1 after Reg-SocMedia. This dummy is interacted with 

the Financial tweeting day variable, allowing to isolate the effect of Reg-SocMedia on returns on 

financial tweeting days. The analysis depicted in the last column of Table 2-6 shows that the 

coefficient on the Financial tweeting day * after SEC term is a statistically significant 23 basis 
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points.  This analysis provides evidence confirming the role of Reg-SocMedia in that returns on 

financial tweeting days are dependent on the regulation as seen in Table 2-6. 

It is possible that the result that financial tweeting is associated with high returns after Reg-

SocMedia is driven by earnings announcements. It may be that financial tweeting coincides with 

earnings announcements, and that the earnings announcements are making financial tweeting days 

appear artificially more positive. While I already control for earnings period in the previous model, 

I wish to address this possibility more directly. I replicate the analysis above having removed 

earnings announcement days, the week before earnings announcements, and the week after 

earnings announcements from the sample. This analysis is presented in Panel B of Table 2-6. The 

analysis shows that financial tweeting days correspond to positive and significant returns of 16 

basis points after Reg-SocMedia, and correspond to insignificant returns prior to it.  Furthermore, 

the difference between the pre and post SEC regulation is higher when excluding earnings season: 

amounting to nearly 28 basis points rather than 23 when including earnings season. This finding 

supports the main hypothesis as it shows that financial tweeting matters on a daily basis as it does 

during earnings season after the SEC regulation. Solomon (2012) shows that news media plays a 

larger role outside of earnings season than it does during earnings season. Solomon explains that 

this is the case because the earnings announcements period is already a time when investor 

attention is high and when information is abundant. However, outside of the earnings period, 

information is less available. This may explain, in part, why the effect of the SEC regulation, which 

effectively made Twitter an official source of public information, is actually stronger outside of 

the earnings season. 
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2.4.2. Number of Twitter followers 

If investors are paying attention to Twitter, then the market response to tweets should be 

different depending on how many people actually receive the tweets. One direct measure of 

investor attention to Twitter is the number of followers of the firm’s Twitter account. Presumably, 

the greater the number of followers, the greater the number of investors who are able to act on the 

information, the greater the market response. 

To test this, I construct a measure of Twitter following, scaled followers, which is defined 

as the number of followers of the Twitter account scaled by firm size. I find that firms with greater 

than the mean/median number of followers exhibit a greater response to tweeting than firms below 

the mean/median. This test in particular validates the notion that markets respond to tweeting via 

the Twitter followers. These results are shown in Table 2-7. 

2.4.3. Tweeting and trading volume 

The second part of this paper’s hypothesis is that trading volume should respond to 

tweeting.  I examine this by looking at trading volume on financial tweeting days before and after 

Reg-SocMedia. To do so, I run two models that are similar to models 1 and 2, but where the 

dependent variable is trading volume rather than returns: 

(3) 𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒𝑖𝑡  =  𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦 𝑖𝑡 +  𝛽𝑖 ∑ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖
𝑛
𝑖=2 + 𝜀𝑖𝑡 

(4) 𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒𝑖𝑡 =  𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦 𝑖𝑡 +  𝛽2 ∗
             𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦𝑖𝑡 ∗ 𝑎𝑓𝑡𝑒𝑟 𝑆𝐸𝐶 + 𝛽𝑖 ∑ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖

𝑛
𝑖=3 + 𝜀𝑖𝑡  

 

 



24 

 

Trading volume is defined as the natural logarithm of the number of shares traded on a 

given day.15 The control vector is defined as in model 1 with the addition of another control 

variable: lagged trading volume. The results of this analysis are reported in Table 2-8. 

Interestingly, trading volume is high on financial tweeting days both before and after the SEC 

regulation with no statistical significance to the difference. This is the case with the inclusion and 

exclusion of earnings season as reported in Panel B of Table 2-8, thus, lending support to the 

hypothesis that tweeting following the SEC regulation is informative in that it corresponds to a 

significant change in returns and trading volume. Prior to the SEC regulation, tweeting was largely 

hype – corresponding to a large increase in trading volume with no clear fundamental signal that 

affects returns. This finding provides support to the central hypothesis of the paper. 

2.4.4. Event study 

If the hypothesis that financial tweets after Reg-SocMedia are informative and are not 

hype, it is necessary that tweeting firms do not experience return reversals on days following 

financial tweets.  Presumably, if financial tweeting after the SEC regulation is hype, then markets 

will respond by undoing or reversing the returns on subsequent trading days. I analyze this scenario 

in two ways: firstly by examining the return behavior using an event study setup, and then more 

rigorously in section 4.6 using a VAR framework. 

Figure 2-3 shows a plot of cumulative abnormal returns (CAR) as a function of financial 

tweeting days for the interval [-5, +5] days relative to financial tweets. The figures are based on 

the Fama-French three-factor model-adjusted returns. Figure 3.i shows the pre-SEC regulation 

period and Figure 3.ii shows the post-SEC regulation period. Prior to the SEC regulation, market 

                                                           
15 When alternative measures of trading volume such as turnover, or log(turnover) are used, the results remain 

similar. 
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reaction to financial tweeting is primarily noise on days following the tweet. After Reg-SocMedia, 

there is a clear positive abnormal return on financial tweeting days. Most importantly, this positive 

return is not reversed on the five subsequent trading days. I interpret this to be evidence in support 

of the hypothesis that financial tweeting after the SEC regulation is informative and is not merely 

hype. Had it been hype, I would expect the positive returns to be reversed during the trading week. 

Figure 2-4 examines trading volume around financial tweets. Trading volume spikes on 

financial tweeting days both before and after the SEC regulation. This result is consistent with the 

analysis in section 4.1 and with the main hypothesis. 

2.4.5. Intraday evidence 

In this section, I examine market reaction to tweeting within a short time interval of 15 

minutes following the tweet. I conduct this analysis following Jung, Naughton, Tahoun and Wang 

(2015) with minor modifications. I make use of the Trade and Quote (TAQ) database, and for each 

company listed on the NYSE, AMEX and NASDAQ, aggregate the trades on the TAQ Trading 

File to construct two minutely measures of trading volume: number of shares traded and dollar 

value of trades. Following Ben-David, Franzoni, Landier and Moussawi (2013), I drop corrected 

trades and trades with conditions O, B, Z, T, L, G, W, J, or K, representing bunched trades, trades 

outside of trading hours, and otherwise irregular trades. 

Since there is no available market proxy for trading volume, I construct a market proxy as 

the natural logarithm of trading volume across the whole market excluding financial firms and 

firms in regulated industries. I further exclude earnings period since it has an abnormally high 

trading volume. The market trading volume proxy is constructed for a 15-minute interval and is 
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updated on a minutely basis. After preparing the intraday dataset, I merge it with the tweeting 

database.  

I label each trading minute for each firm with a 0 or a 1 depending on whether it is a 

financial tweeting minute, then I run the following model: 

(5)              𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑉𝑜𝑙𝑢𝑚𝑒𝑖𝑡 =      𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑚𝑖𝑛𝑢𝑡𝑒 𝑖𝑡 +

                                                                   𝛽2 ∗ 𝑀𝑎𝑟𝑘𝑒𝑡 𝑡𝑟𝑎𝑑𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡 + 𝜀𝑖𝑡 
 

This model also includes firm, trading day, and trading minute fixed effects; standard errors 

are clustered by firm, trading day, and trading minute. The objective of including these fixed 

effects is to ensure that the model takes into account the heterogeneity in firms’ trading volumes, 

as well as in daily and minutely trading volume fluctuations. The results of this model using two 

different proxies for trading volume are depicted in Table 2-9 (Panels A and B). The table shows 

that after Reg-SocMedia, financial tweets correspond to a significant increase in trading volume 

in the 15-minute interval following the tweet. Prior to Reg-SocMedia, however, there is no 

statistically significant increase in trading volume following the tweet. This supports the main 

hypothesis of this paper, that tweeting is informative, but only after the SEC regulation.   

This result is especially interesting in light of Engelberg (2008); Engelberg finds that “soft” 

information takes longer to be processes whereas “hard” information, such as accounting numbers, 

are easier and quicker for markets to absorb. The findings of this paper, especially at the intraday 

level, show that Twitter appears to be a source of “hard” information that is readily absorbed in 

markets. It may be the brevity of the tweets that makes it so. 
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2.4.6. Panel VAR estimates 

As an additional step to test the results dictated by the panel regressions and the event 

study, I conduct a VAR analysis similar to Tetlock (2007). The VAR model accounts for 

contemporaneous and lagged relations between tweeting days and returns. Unlike the standard 

OLS analysis, the VAR accounts for the complex dynamic relationships between the variables by 

directly accounting for the lags of the variables. 

In this Panel VAR analysis, I define the endogenous variables to be financial tweeting days 

and returns. The exogenous variables are: market return, lagged market return, VIX, earnings 

announcements day, the week before earnings announcements, and the week after earnings 

announcements. For the sake of presentation, I lump the exogenous variables into the vector Exogt. 

I also define the lag operator L of a variable xt, using the notation: L5(xt) = [xt-1 xt-2 xt-3 xt-4 xt-5] to 

represent five lags of the variable. I also define L50(xt) to denote the inclusion of the 

contemporaneous term as follows: L50(xt)  = [xt xt-1 xt-2 xt-3 xt-4 xt-5]. 

The panel VAR equation is defined as follows:  

(6)     𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 =  𝛽1 ∗ 𝐿50(𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦) 𝑖𝑡 + 𝛽2 ∗ 𝐿5(𝑅𝑒𝑡𝑢𝑟𝑛) 𝑖𝑡 + 𝛽3 ∗ 𝐸𝑥𝑜𝑔𝑖𝑡 + 𝜀𝑖𝑡          
 

The focus of this analysis is the coefficients of the vector β1. This vector describes the 

dependence of returns on contemporaneous and previous financial tweeting. A summary of the 

results of the analysis showing the values of β1 for five lags in the period following Reg-SocMedia 

is shown in panel A of Table 2-10. 

  The table shows a consistent result: statistically and economically significant returns are 

associated with financial tweeting days, but not with the lags of financial tweeting days. In 

particular, financial tweeting days are associated with a 17 basis points increase in returns. This 
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shows that when the system is subjected to a “tweeting shock”, or an unexpected tweet, the market 

reaction is manifested on the day of the tweet. More importantly, the table does not show return 

reversals within the trading week. 

The results of the VAR analysis are consistent with both the regression analysis conducted 

in Table 2-6 and with the event study of Figure 2-3. In particular, the result that financial tweeting 

days matter on the day of the tweet, and not on subsequent days is echoed in Figure 2-3, ii, where 

we see that the cumulative return achieves its highest gain on the financial tweeting day, but 

experiences only minor changes on subsequent days. 

 

2.5. Tweeting and corporate press releases 

Prior to the advent of Twitter, firms had relied on issuing corporate press releases to 

newswires to communicate important information. This information is often picked up by the 

media and disseminated widely. While firms continue to issue press releases, tweeting emerges as 

an additional method to communicate firm news. There are two fundamental differences between 

tweeting and newswire press releases. First, firms are required to report any material information 

to markets according to Reg-FD and they do so using press releases. Tweeting remains a voluntary 

form of disclosure. Second, newswire press releases have to be picked up by the media first before 

reaching investors, whereas tweeting instantly reaches investors. Because of these two factors, and 

because of the 140-character limit on tweets, Twitter is not yet a substitute for corporate press 

releases.16 

                                                           
16 Twitter is currently (2016) increasing its character limit, which means that it may have the potential to become 

a substitute for corporate press releases. 
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However, companies often combine press releases with tweeting to emphasize important 

information. The goal of this section is to examine the incremental value of tweeting when firms 

issue corporate press releases, that is, to examine the difference in market response when a press 

release is issued alone and when a press release is accompanied with a financial tweet. To conduct 

this analysis I use Factiva to collect corporate press releases issued on Dow Jones Newswires, the 

Associated Press, PR Newswires and Reuters. I then merge the press releases with the Twitter 

dataset to estimate the following panel regression: 

(7) 

 

 The control vector includes all market and firm controls described in section 2.4.1. The 

results of this model are shown in Table 2-11. The table shows that days with corporate press 

releases alone correspond to a 16 basis points increase in returns, whereas days with corporate 

press releases that are combined with tweets correspond to a 45 basis points increase in returns. 

Both results are statistically significant at the 1% level. This result is consistent with the notion 

that corporate tweeting has an incremental effect when combined with press releases. 

 

2.6. Robustness tests 

2.6.1. Do previous returns predict tweeting? 

It is possible that tweeting is merely driven by the performance of the firm – that firms 

tweet to respond to their poor performance, or to highlight their good performance on the previous 

trading day. To ensure that this is not the case, I conduct a panel VAR analysis, similar to the one 

𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 = 𝛼1 +  𝛽1 ∗ 𝑇𝑤𝑒𝑒𝑡 & 𝑝𝑟𝑒𝑠𝑠 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑖𝑡 +  𝛽2 ∗ 𝑃𝑟𝑒𝑠𝑠 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑜𝑛𝑙𝑦 𝑖𝑡  

              + 𝛽𝑖 ∑ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖
𝑛
𝑖=3 +  𝜀𝑖𝑡                                        
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performed in section 2.4.6, but where the variable of interest, is (financial) Tweeting day. This 

analysis is presented in Panel B of Table 2-10 using the model: 

(8) 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦𝑖𝑡  = 𝛽1 ∗ 𝐿5(𝑅𝑒𝑡𝑢𝑟𝑛) 𝑖𝑡 + 𝛽2 ∗ 𝐿5(𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑑𝑎𝑦) 𝑖𝑡 +  𝛽3 ∗ 𝐸𝑥𝑜𝑔𝑖𝑡  + 𝜀𝑖𝑡   

 The coefficient of interest is the vector 𝛽1 which describes the dependence of financial 

tweeting days on lagged returns. Panel B of Table 2-10 reports the values of 𝛽1 for five lags. The 

table shows that there is no statistical significance to any of the lagged return parameters. I interpret 

this to be consistent with the notion that previous returns do not predict tweeting.  

2.6.2. Changes in tweeting frequency or tone 

One competing hypothesis that may explain the increase in returns on financial tweeting 

days after the SEC regulation is that firms changed “the type” of tweets they tweet. In particular, 

they may have changed the frequency of financial tweeting, or it may be that the tone of financial 

tweets has changed: possibly becoming less negative. I test these possibilities in the last column 

of Table 2-2. First, I use a t-test to examine the difference between the percentages of financial 

tweeting days before and after Reg-SocMedia. I find that before the regulation, 2.76% of days 

were financial tweeting days, compared to 2.72% after the regulation. This suggests that overall, 

the tweeting frequency of financial tweets remains unaltered after the regulation. In fact, while the 

frequency of all tweeting has gone up, the frequency of the more relevant financial tweeting has 

slightly decreased. 

As for the tone of the tweets, Table 2-2 shows that the percentage of tweets with negative 

tone is not statistically different before and after Reg-SocMedia. This again dispels the competing 

hypothesis that the result is driven by a change in tone. 
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2.6.3. New tweeting firms after the SEC regulation 

Another scenario that may refute the findings of this paper is that firms that have begun 

tweeting after the SEC regulation, are responsible for the difference observed in the pre and post 

periods. It is, at least theoretically, possible that firms that began tweeting after Reg-SocMedia 

behave systematically differently from firms that were tweeting before Reg-SocMedia. To test this 

possibility, I repeat the analysis of Table 2-6, examining the returns on financial tweeting days 

having removed firms that initiated a Twitter account after the SEC regulation. I find that the 

results are not affected. In fact, the results, reported in the Internet Appendix Table IA.4, are 

economically more significant when excluding firms that began tweeting after Reg-SocMedia. 

Furthermore, I conduct an additional test where I remove firms that have begun tweeting 

financial information after Reg-SocMedia. That is, firms that changed their tweeting behaviour to 

focus on financial tweets in light of the SEC regulation. This analysis is shown in the Internet 

Appendix Table IA.5 and is also consistent with the main hypothesis. 

2.7. Conclusion 

This paper shows that corporate use of Twitter following the SEC social media regulation 

of April 2, 2013 is informative and is not merely hype. Prior to the regulation, corporate tweeting 

appears to have been mostly hype in that prices do not respond to firms’ own tweeting.  After the 

SEC regulation, corporate financial tweets correspond to an increase in trading volume and a 19.5 

basis points increase in returns – an effect that is not reverted on subsequent days. Panel analysis, 

event studies, vector autoregressive analysis, as well as intraday evidence all confirm this finding.  

More importantly, the results are not driven by earnings announcements period, by tweet 

tonality, by firms that began tweeting after the SEC regulation, or by firms that changed their 
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tweeting behaviour following the regulation. Interestingly, while the general volume of tweeting 

increased following the SEC regulation, the volume of the more important financial tweets slightly 

decreased. Another key finding following the SEC regulation is that newswire corporate press 

releases that are accompanied with financial tweets correspond to higher returns (approximately 

three times more) than corporate press releases alone. Once again, this suggests that corporate 

tweets are informative to markets, and that firms use social media to communicate fundamental 

information to investors. 

Furthermore, this paper shows that when firms tweet negative information, they are most 

likely to do so outside of market hours, or on Friday afternoons when investor attention is lowest. 

They are least likely to tweet negative information during earnings season. This suggests that firms 

strategically time their negative tweets relative to investor attention. Moreover, firms that tweet 

negative information are more likely to be subject to the most stringent short-sale constraints, 

where investors are least able to act on this information. 

Methodologically, this paper contributes to the emerging literature on social media and 

textual analysis. By using a dictionary approach to textually classify important corporate tweets, 

as financial, rather than general, this paper directly addresses the “noise” problem associated with 

social media – the problem which Loughran and McDonald (2016) identify as a challenge facing 

researchers in the emerging field of textual analysis and social media. 
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Figure 2-1.  Market reaction to the Netflix post. Each graph shows the market reaction to the Netflix 

social media post where day 0 is the event date (July 3, 2012). Days [-5, +5] represent the five trading days 

around the event. Figure i (top figure) shows the cumulative return in percentage points. The lower figure 

(ii) shows trading volume (in units of 1 Million shares) 
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Figure 2-2. Number of tweeting firms/financial tweeting firms over time. This figure depicts the total 

number of tweeting firms throughout the sample period. The solid column shows the total number of 

tweeting firms during each six-month period. The patterned column shows the number of firms that tweet 

financial information within each six-month period ending at the date shown. 
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Figure 2-3. Returns on financial tweeting days. Each graph shows the cumulative abnormal return in 

percentage points relative to the Fama and French 3-factor model. Day 0 is the financial tweeting day. Days 

[-5, +5] represent the five trading days around the financial tweet. The solid line shows the average return, 

while the dotted lines represent the 95% confidence intervals. The top figure (i) shows returns for the six 

months prior to the SEC social media regulation, while the bottom figure (ii) shows returns for the six 

months following the SEC social media regulation. Both graphs represent the full population of all financial 

tweeting firms listed on NYSE, AMEX, and NASDAQ. 
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Figure 2-4. Trading volume on financial tweeting days. Each graph shows the trading volume defined 

as the natural logarithm of the number of shares traded, where day 0 is the financial tweeting day. Days [-

5, +5] represent the five trading days around the financial tweet.  The solid line shows the average trading 

volume, while the dotted lines represent the 95% confidence intervals. The top figure (i) shows trading 

volume for the six months prior to the SEC social media regulation, while the bottom figure (ii) shows 

trading volume for the six months following the SEC social media regulation. Both graphs represent the 

full population of all financial tweeting firms listed on NYSE, AMEX, and NASDAQ. 
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Table 2-1 

Firm characteristics by Twitter use 
 

 

This table shows the mean firm characteristics of companies that use Twitter in comparison with companies that do 

not use Twitter before and after the SEC social media regulation. The non-tweeting column represents the mean for 

companies that do not use Twitter while the Tweeting column represents the mean for companies that use Twitter. 

The Difference column is calculated using a t-test between the two groups.  The Diff-in-diff column shows the 

difference in the difference between tweeting and non-tweeting firms after and before the SEC social media regulation. 

The variables are calculated as of June 30 of each year. The pre-SEC sample period is 2007-2012, the post-SEC 

regulation year is 2013. Beta is the CAPM beta, B/M represents the book to market ratio of equity. Size is the natural 

logarithm of the market value of equity.  Leverage is the leverage ratio of the firm. ROE is the return on equity. 

Institution represents the percentage of shares held by institutional investors. Analysts is the number of analysts 

following the firm. Dispersion is the standard deviation of analyst forecasts scaled by the absolute value of the mean 

of forecasts. CEO Age reports the age of the CEO. ***, **, * denote statistical significance at the 1% 5% and 10% 

levels respectively. Standard errors are reported in parentheses. 

 

 

 Before SEC regulation After SEC regulation 

 

Diff-in-Diff 

 Non-tweeting Tweeting Difference Non-tweeting Tweeting Difference 

 

Beta 

 

1.396 

 

1.357 

 

-0.039*** 

 

1.337 

 

1.321 

 

-0.015 

 

0.024 

   (0.015)   (0.03) (0.04) 

 

B/M 0.546 0.623 0.076*** 0.799 0.565 -0.234*** -0.311*** 

   (0.02)   (0.04) (0.05) 

 

Size 19.603 20.421 0.817*** 19.279 20.364 1.108*** 0.268*** 

   (0.033)   (0.08) (0.09) 

 

Leverage 0.164 0.170 0.0059 0.166 0.170 0.0032 -0.0028 

   (0.004)   (0.009) (0.01) 

 

ROE 0.138 -0.117 -0.255 -0.013 0.110 0.124 0.378 

   (0.25)   (0.11) (0.62) 

 

Payout 0.097 0.127 0.0296*** 0.107 0.129 0.022** -0.0079 

   (0.004)   (0.009) (0.01) 

 

Institution 59.033 68.11 9.076*** 55.660 65.714 10.054*** 0.978 

   (0.53)   (1.21) (1.35) 

 

Analysts 7.157 9.942 2.785*** 7.117 10.720 3.603*** 0.818** 

   (0.12)   (0.34) (0.32) 

 

Dispersion 0.258 0.197 -0.0613 0.313 0.178 -0.135* -0.073 

   (0.032)   (0.05) (0.08) 

 

CEO Age 55.57 55.39 -0.178 57.26 56.39 -0.874** -0.700 

   (0.17)   (0.44) (0.47) 
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Table 2-2 

Tweeting descriptive statistics 
 

This table reports descriptive statistics for corporate tweets during the six months before and after the SEC social 

media regulation of April 2, 2013, as well as the difference between the two periods. The percentage of tweeting days 

per firm reports the tweeting probability for the average firm on a given trading day. The percentage of days of tweets 

with negative tone shows the percentage of tweeting days containing tweets that are negative in tone according to the 

Loughran and McDonald (2011) classification.  The number of unique tweeting firms reports the firm counts within 

the period. The difference column reports the difference using a t-test of the After SEC – Before SEC periods. Panel 

A reports the results for all tweeting days while Panel B reports the results for financial tweeting days. ***, **, * 

denote statistical significance at the 1%, 5% and 10% levels respectively. 

 
 

  

 Before SEC 

regulation 
 

After SEC 

regulation 

 

Difference 

 

Panel A: All Tweeting 

 

   

          Percentage of tweeting days per firm 

 

          Percentage days of tweets with negative tone 

 

50.39% 

 

23.09% 

55.80% 

 

25.14% 

5.41%*** 

 

2.05%*** 

 

          Number of unique tweeting firms 

 

1359 1468 

 

109 

 

Panel B: Financial Tweeting 

 

   

         Percentage of financial tweeting days per firm 2.76% 2.72% -0.04% 

 

           Percentage days of tweets with negative tone 

 

          Number of firms tweeting financial information 

7.60% 

 

475 

7.16% 

 

529 

-0.43% 

 

54 
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Table 2-3 

Determinants of tweeting negative information 
 

This table depicts the predictability of corporate tweeting of negative information. The dependent variable of a logistic 

regression takes the value of 1 on days when firms tweet negative financial information. Outside market hours takes 

the value of 1 if the tweet takes place outside of market hours. Earnings day is the day of the firm’s earnings 

announcement, Week before earnings is the week prior to the firm’s earnings announcement. Week after earnings is 

the week after the firm’s earnings announcement. Friday afternoon is a dummy variable taking the value of 1 if the 

tweet takes place on Friday afternoons. Institution represents the proportion of shares held by institutional investors 

(and is used as a proxy of short-sale constraints). Negative tweets are identified using the Loughran and McDonald 

(2011) sentiment classification. The sample covers all financial tweets in the dataset. ***, **, * denote statistical 

significance at the 1% 5% and 10% levels respectively. Standard errors are reported in parentheses. 

 
 

Negative tweeting 
 

 
  

  

Outside market hours 0.259*** 

 

 

(0.08) 

Earnings day 

 

 

Week before earnings 

 

 

Week after earnings 

 

 

Friday afternoon 

 

 

Institution 

 

-0.704*** 

(0.11) 

 

-0.364*** 

(0.13) 

 

-0.298*** 

(0.09) 

 

0.311* 

(0.17) 

 

-0.002** 

(0.001) 

  

R2 0.011 

N 13168 
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Table 2-4 

Determinants of firms’ decision to use Twitter and to tweet financial information 
 

This table depicts the predictability of firms operating a Twitter account. The dependent variable of a logistic 

regression takes the value of 1 for firms that operate a corporate Twitter account, and 0 otherwise in a given year. The 

column ‘Use of Twitter’ depicts firms that operate an official corporate Twitter account. The column ‘Financial use 

of Twitter’ represents firms that specifically tweet financial information about their firm: the ‘Unconditional’ column 

is the model for firms that tweet financial information relative to the full population of all firms listed on the NYSE, 

AMEX, and NASDAQ, whereas the ‘Conditional on firm already using Twitter’ estimates the model relative to firms 

that already tweet. The independent variables are previous year’s parameters: Beta, which is the CAPM beta; B/M 

represents the book to market ratio of equity; Size is the natural logarithm of the market value of equity; Leverage is 

the leverage ratio of the firm; ROE is the return on equity; Institution is the percentage of shares held by institutional 

investors; Analysts is the number of analysts following the firm. Dispersion is the standard deviation of analyst 

forecasts scaled by the absolute value of the mean of forecasts. Year and industry fixed effects are also included. ***, 

**, * denote statistical significance at the 1% 5% and 10% levels respectively. Standard errors are reported in parentheses. 

 Use of Twitter Financial use of Twitter 
 

 

 

 

Unconditional 

Conditional on firm 

already using Twitter 
   

 

Beta 0.156*** -0.028 -0.175*** 

 (0.03) (0.05) (0.06) 

    

B/M -0.092** 0.069 0.129* 

 (0.04) (0.06) (0.08) 

    

Size 0.262*** 0.303*** 0.286*** 

 (0.02) (0.03) (0.04) 

    

Leverage -0.295*** -0.607*** -0.612*** 

 (0.11) (0.169) (0.21) 

    

ROE -0.005 -0.007 -0.005 

 (0.006) (0.006) (0.007) 

    

Payout 0.109 0.195 0.093 

 (0.10) (0.124) (0.15) 

    

Institution -0.005*** -0.006*** -0.009*** 

 (0.001) (0.002) (0.002) 

    

Analysts 0.037*** 0.011* -0.001 

 (0.005) (0.006) (0.007) 

    

Dispersion -0.022 -0.003 0.055 

 (0.02) (0.02) (0.04) 
 
 

Year fixed effects 

 

Industry fixed effects 

 

 
 

Included 

 

Included 

 
 

Included 

 

Included 

 
 

Included 

 

Included 

Pseudo R2 0.367 0.196 0.153 

N 15298 11873 3983 
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Table 2-5 

Determinants of firms’ decision to tweet on a given day 
 

 

This table documents the predictability of corporate tweets on a given trading day. The dependent variable indicates 

a corporate tweet (financial tweet). Estimates are from a panel logistic regression with firm fixed effects. Lagged 

return is the return on the previous trading day in basis points. Market return is the value-weighted market return in 

basis points. Lagged market return is the previous day’s value-weighted market return. VIX t-1 is the previous day’s 

volatility index. Earnings day is the day of the firm’s earnings announcement, Week before earnings is the week prior 

to the firm’s earnings announcement. Week after earnings is the week after the firm’s earnings announcement. 

Tweeting on previous day is a binary variable that takes the value of 1 if a firm tweeted (financial tweeted) on the 

previous day. Industry tweeting represents the proportion of firms within the same industry that tweet on a given day. 

The sample covers all tweeting (financial tweeting) days for the one year period centred on the SEC social media 

regulation of April 2, 2013, and includes 1359 and 1468 tweeting firms. ***, **, * denote statistical significance at 

the 1% 5%, and 10% levels respectively. Standard errors are reported in parentheses. 

                                        

 
All Tweeting 

 

Financial Tweeting 

Before SEC 

regulation 

After SEC 

regulation 

Before SEC 

regulation 

After SEC 

regulation 
 

 

    

Return t-1 0.132 0.558* 2.306** 1.827* 

 (0.30) (0.30) (1.13) (1.06) 

     

Market return t-1 -3.329*** -1.201 -1.284 8.220** 

 (1.14) (1.01) (4.32) (4.14) 

     

VIXt-1 -0.029*** 

(0.004) 

-0.007 

(0.004) 

-0.014 

(0.01) 

-0.064*** 

(0.02) 

 

Earnings Day 

 

 

Week Before Earnings 

 

 

Week After Earnings 

 

 

Tweeting on previous day 

 

 

Industry tweeting 

 

 

Pseudo R2 

 

0.500*** 

(0.06) 

 

0.097*** 

(0.03) 

 

0.125*** 

(0.03) 

 

0.519*** 

(0.02) 

 

4.402*** 

(0.18) 

 

0.027 

 

0.354*** 

(0.06) 

 

0.042 

(0.03) 

 

0.098*** 

(0.03) 

 

0.541*** 

(0.02) 

 

3.195*** 

(0.18) 
 

0.018 

 

3.404*** 

(0.09) 

 

0.837*** 

(0.09) 

 

1.640*** 

(0.07) 

 

0.175* 

(0.10) 

 

3.156 

(2.97) 

 

0.129 
 

 

3.304*** 

(0.09) 

 

0.781*** 

(0.09) 

 

1.683*** 

(0.07) 
 
 

0.304*** 

(0.09) 
 

10.196*** 

(2.13) 

 

          0.143 

N        152078                        170693    152078         170693 
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Table 2-6 

Returns on financial tweeting days 
 

 

This table documents the results of the panel regression of returns (in basis points) on financial tweeting and market 

characteristics. Panel A shows the result for the full sample, and Panel B excludes earnings announcements period. 

The first two columns show the return before and after the SEC social media regulation of April 2, 2013 on financial 

tweeting days. The sample covers one year centred on the regulation date. Financial tweeting day is a dummy that 

takes the value of 1 if a firm tweets financial information on a given day and 0 otherwise. Control variables used but 

not shown in the table are: Lagged return is the return on the previous trading day in basis points; Market return is 

the value-weighted market return; Lagged market return is the previous day’s value-weighted market return; Lagged 

financial tweeting day is a dummy that takes the value of 1 if the firm tweeted financial information on the previous 

day; VIX is the volatility index; Earnings day is the day of the firm’s earnings announcement; Week before earnings 

is the week prior to the firm’s earnings announcement. Week after earnings is the week after the firm’s earnings 

announcement. Day of the week and firm fixed effects are included. The ‘Effect of SEC regulation’ column shows the 

coefficient on the (Financial tweeting day * after SEC) term, representing the effect of the SEC regulation on returns 

on financial tweeting days. Standard errors, in parentheses, are clustered by firm and day. ***, **, * denote statistical 

significance at the 1% 5%, and 10% levels respectively. 

 

Panel A: Full sample 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

-2.956 

 

19.47** 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(9.42) 
 

----- 

 
Included 

Included 
 

(8.43) 
 

----- 

 
Included 

Included 

 
23.08* 

(12.77) 
 

Included 

Included 
 

R2 0.093 0.120 0.103 

N 152075 170692 322769 
 

Panel B: Sample excluding earnings period 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

-10.15 

 

15.85* 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(7.79) 
 

----- 

 
Included 

Included 
 

(8.30) 
 

----- 

 
Included 

Included 

 
27.73*** 

(10.65) 
 

Included 

Included 
 

R2 0.101 0.137 0.115 

N 127376 141826 269207 

 

 

 



 

46 

 

Table 2-7 

Twitter followers and market response 
 

 

This table documents the effect of the number of followers of the company’s official Twitter account on stock returns. 

Panel A depicts the market response on financial tweeting days for firms above and below the mean number of 

followers. Panel B shows the results using median rather than mean. The scaled number of followers is the number of 

the Twitter account followers scaled by firm size. Financial tweeting day is a dummy that takes the value of 1 if a 

firm tweets financial information on a given day and 0 otherwise. Control variables used but not shown in the table 

are: Lagged return is the return on the previous trading day in basis points; Market return is the value-weighted market 

return; Lagged market return is the previous day’s value-weighted market return; Lagged financial tweeting day is a 

dummy that takes the value of 1 if the firm tweeted financial information on the previous day; VIX is the volatility 

index; Earnings day is the day of the firm’s earnings announcement; Week before earnings is the week prior to the 

firm’s earnings announcement. Week after earnings is the week after the firm’s earnings announcement. Day of the 

week and firm fixed effects are included. Standard errors, in parentheses, are clustered by firm and day. The sample 

covers all financial tweeting days during the six months after the SEC regulation of April 2, 2013. ***, **, * denote 

statistical significance at the 1% 5%, and 10% levels respectively. 

 

 
Panel A: Market response to tweeting for firms above and below the mean number of followers 

  

 

 Above mean scaled 

number of followers 
 

Below mean scaled 

number of followers  

 

Financial tweeting day 

 

58.779*** 

 

9.638 

 
 

Controls 

Fixed effects 

(21.62) 

 
Included 

Included 

(9.50) 
 

Included 

Included 

 

R2 0.120 0.120 

N 170692 170692 
 

Panel B: Market response to tweeting for firms above and below the median number of followers 

  

 

 Above median scaled 

number of followers 
 

Below median scaled 

number of followers  

 

Financial tweeting day 

 

29.314** 

 

6.145 

 
 

Controls 

Fixed effects 

(12.31) 

 
Included 

Included 

(14.26) 
 

Included 

Included 

 

R2 0.120 0.120 

N 170692 170692 
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Table 2-8 

Trading volume on financial tweeting days 
 

This table documents the results of the panel regression of trading volume on financial tweeting and market 

characteristics.  Panel A shows the result for the full sample, and Panel B excludes earnings announcements period. 

Trading volume is the dependent variable expressed as the natural logarithm of traded shares. The first two columns 

show the trading volume before and after the SEC social media regulation of April 2, 2013 on financial tweeting days. 

The sample covers one year centred on the regulation date. Financial tweeting day is a dummy that takes the value of 

1 if a firm tweets financial information on a given day and 0 otherwise. Control variables used but not shown in the 

table are: Lagged return is the return on the previous trading day in basis points; Market return is the value-weighted 

market return; Lagged market return is the previous day’s value-weighted market return; Lagged financial tweeting 

day is a dummy that takes the value of 1 if the firm tweeted financial information on the previous day; Lagged trading 

volume is the natural logarithm of the number of shares traded on the previous trading day; VIX is the volatility index; 

Earnings day is the day of the firm’s earnings announcement; Week before earnings is the week prior to the firm’s 

earnings announcement. Week after earnings is the week after the firm’s earnings announcement. Day of the week 

and firm fixed effects are included. The ‘Effect of SEC regulation’ column shows the coefficient on the Financial 

tweeting day * after SEC term, representing the effect of the SEC regulation on trading volume on financial tweeting 

days. Standard errors, in parentheses, are clustered by firm and day. ***, **, * denote statistical significance at the 

1% 5%, and 10% levels respectively. 

 

Panel A: Full sample 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

0.217*** 

 

0.206*** 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(0.02) 
 

----- 

 
Included 

Included 
 

(0.02) 
 

----- 

 
Included 

Included 

 
-0.016 

(0.03) 
 

Included 

Included 
 

R2 0.901 0.901 0.897 

N 151114 170022 321138 
 

Panel B: Sample excluding earnings period 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

0.121*** 

 

0.100*** 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(0.03) 

 

----- 

 
Included 

Included 
 

(0.02) 

 

----- 

 
Included 

Included 

 
-0.03 

(0.04) 
 

Included 

Included 
 

R2 0.901 0.901 0.896 

N 126592 141250 267847 
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Table 2-9 

Intraday market response to tweeting 
 

This table documents the results of the regression of trading volume on financial tweeting and market trading volume 

proxy. The model records the response within a 15-minute window from the financial tweet. Financial tweet is a 

binary variable that takes the value of 1 when a firm tweets a financial tweet in a given minute. Market trading volume 

is a 15-minute market proxy of trading volume. Fixed effects include firm fixed effects, day fixed effects, and trading 

minute fixed effects. Standard errors, depicted in parentheses, are clustered by firm, trading day, and trading minute. 

The sample covers the one year period centred on the SEC social media regulation of April 2, 2013. ***, **, * denote 

statistical significance at the 1% 5%, and 10% levels respectively. Panel A shows the results using the natural 

logarithm of the number of shares traded as the dependent variable while Panel B uses the natural logarithm of the 

dollar value of trades as the dependent variable. 
 

 
Panel A: Trading volume defined as the natural logarithm of the number of shares traded 

  

 

 Before SEC regulation After SEC regulation 
 

 

Financial tweet  

 

0.125 

 

0.243*** 

 

 

Market trading volume 
 

 

Fixed effects 

(0.09) 
 

1.098*** 

(0.05) 

 
Included 

 

(0.05) 
 

1.053*** 

(0.03) 

 

Included 

R2 0.742 0.728 

N 50,762,318 53,137,075 
 

Panel B: Trading volume defined as the natural logarithm of the dollar value of trades 

   

 Before SEC regulation After SEC regulation 

 

Financial tweet  

 

0.129 

 

0.264*** 

 

 

Market trading volume 
 

 

Fixed effects 

(0.11) 

 

1.088*** 

(0.06) 

 

Included 
 

(0.06) 

 

1.050*** 

(0.03) 

 

Included 

R2 0.782 0.766 

N 50,762,318 53,137,075 
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Table 2-10 

Vector autoregression of returns and tweeting 
 
 

This table reports estimates from panel vector autoregressions: yit = ∑ 𝛽𝑖 ∗ 𝑦𝑖𝑡−1
5
𝑖=1 + 𝛽6𝐸𝑥𝑜𝑔𝑖𝑡 + εit. The coefficients 

are obtained using system GMM estimations. The dependent variables are returns and tweeting days for Panels A and 

B respectively with 5 lags. Panel A shows the effect on returns due to a tweeting shock and Panel B shows the effect 

of return shocks on tweeting. Exogenous variables used (but not listed) are: Market return is the value-weighted 

market return; Lagged market return is the previous day’s value-weighted market return; VIX is the volatility index; 

Earnings day is the day of earnings announcement; Week before earnings and Week after earnings are the week before 

and after earnings announcement. The sample covers all financial tweeting days for the six month period following 

the SEC social media regulation. ***, **, * denote statistical significance at the 1%, 5% and 10% levels respectively. 

Standard errors are reported in parentheses. 

Panel A: Return as a function of tweeting shocks 

 Dep. variable: Returns (basis points) 
 

 

Tweeting Day t 

 

17.038*** 

(5.66) 
  

Tweeting Dayt-1 -8.816 

(5.65) 
  

Tweeting Dayt-2 4.154 

 (5.66) 
  

Tweeting Dayt-3 5.677 

 
 

Tweeting Dayt-4 

 
 

Tweeting Dayt-5 

(5.66) 
 

-0.708 

(5.66) 
 

-6.037 

(5.61) 
  

AICC 6.247 

N 170758 
 

Panel B: Tweeting as a function of return shocks (Return is defined in units of 1) 

 Dep. variable: Tweeting 
 

 

Returnt-1 

 

0.016 

(0.01) 
  

Returnt-2 -0.002 

 (0.01) 
  

Returnt-3 0.003 

 
 

Returnt-4 

 
 

Returnt-5 

(0.01) 
 

0.012 

(0.01) 
 

0.004 

(0.01) 
  

AICC -12.169 

N 170758 
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Table 2-11 

Newswire corporate press releases and tweets 
 

This table documents the results of the panel regression of returns on newswire corporate press releases and financial 

tweeting days and market characteristics following the SEC social media regulation of April 2, 2013. The sample 

covers the six-month period following the regulation. The dependent variable is return defined in basis points. Tweets 

& corporate press release is a binary variable that takes the value of 1 when a firm issues a corporate press release 

and a financial tweet on the same day, and takes the value of 0 otherwise. Corporate press release only is a binary 

variable that takes the value of 1 when a firm issues a press release without a financial tweet.  Control variables used 

but not shown in the table are: Lagged return is the return on the previous trading day in basis points; Market return 

is the value-weighted market return; Lagged market return is the previous day’s value-weighted market return; Lagged 

financial tweeting day is a dummy that takes the value of 1 if the firm tweeted financial information on the previous 

day; VIX is the volatility index; Earnings day is the day of the firm’s earnings announcement; Week before earnings 

is the week prior to the firm’s earnings announcement. Week after earnings is the week after the firm’s earnings 

announcement. Day of the week and firm fixed effects are included. Standard errors, in parentheses, are clustered by 

firm and day. ***, **, * denote statistical significance at the 1% 5%, and 10% levels respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Trading Day 
 

 
  

 

Tweet & corporate press release 

 

44.639*** 

 (15.82) 

  

Corporate press release only 16.053*** 

 (3.39) 

  

Controls Included 

Fixed effects Included 

  

R2 0.121 

N 170692 
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Chapter 3 

 

 

Corporate Twitter Use and Cost of Capital 

 

 

 

ABSTRACT 

 

This paper investigates whether firms that disclose information on social media have a lower cost 

of equity capital. Using a hand-collected dataset comprising the full universe of all firms listed on 

the NYSE, AMEX and NASDAQ, I show that firms that use Twitter have a lower cost of equity 

capital. Furthermore, firms that face the greatest information asymmetries; namely, smaller 

companies, companies with few analyst followings, and companies with the least institutional 

holdings, benefit particularly from tweeting financial information about their firm. 

 

 

 

 

 

 

JEL classification: D82, G14, G30 

Keywords: Social Media; Twitter; Information Asymmetry; Cost of Capital; Disclosure; Textual  

       Analysis
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3.1.Introduction 

This paper investigates whether Twitter can help firms achieve a lower cost of equity 

capital.  Using the full universe of all firms listed on NYSE, AMEX and the NASDAQ, and a 

unique data set of firms’ tweets since the inception of Twitter, I determine whether firms that use 

Twitter benefit from a reduced cost of equity capital. I further examine whether the firms’ use of 

Twitter to communicate financial information, in particular, can help lower the cost of equity 

capital – especially for firms that face the greatest information asymmetries. This is consistent with 

Diamond and Verrechia (1991) that firms can reduce their cost of capital by disclosing more 

information, and that firms that face the greatest information asymmetry (smaller firms, firms with 

the fewest analyst followings, and firms with the least institutional) particularly benefit from 

additional disclosure. 

Since the inception of Twitter in 2006, many firms have used it to engage with their 

customers, achieve greater visibility and investor recognition, and communicate financial 

information to investors.  This trend is on the rise as more firms turn to social media as a method 

of disseminating information. In effect, turning to social media allows firms to take into account 

the heterogeneity of investors’ preferences in the channels through which they search for and 

gather information.  Twitter is particularly pertinent to this study because investors resort most 

often to Twitter; Twitter has become the medium of choice for investor relations professionals (Q4 

Web Systems, 2012) 

In April of 2013, the Securities and Exchange Commission (SEC) announced that 

companies can use their social media sites as outlets to disclose information to investors provided 

that investors are made aware.  The SEC also stated that Regulation FD applies to firms’ social 

media outlets as it did to firms’ websites (SEC, 2013). In 2008, the SEC had issued a statement 
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allowing firms to use their websites to communicate information to investors (SEC, 2008). 

According to the Financial Times, “[the April 2013] decision could prompt a sea change in how 

companies communicate with investors and comes as regulators more broadly grapple with 

adapting decades-old regulations to new and evolving technologies.” (Scannell, 2013). 

Although this is a new regulatory change, many firms have already been using Twitter to 

disseminate information to investors. The question now is whether this has been an effective 

strategy to improve firms’ information environments and lower their cost of equity capital, and if 

other firms should follow suit.  One of the first studies to examine this question is Blankespoor, 

Miller, and White (2014).  Their study found, using a handful of technology companies, that firms’ 

use of Twitter to disseminate information to investors can improve stock liquidity and lower 

information asymmetry. This paper investigates, for the full population of companies, whether 

Twitter can lower information asymmetries to the extent that it creates a measurable impact on the 

cost of equity capital. 

About Twitter 

Launched in March of 2006, Twitter is a social media site that allows account holders to 

produce status updates, known as tweets.  Because it was initially intended for use on mobile 

devices, the maximum size of a tweet is 140 characters17. Thus, Twitter is intended to be a medium 

of exchanging short status updates only. An account can be created easily on 

http://www.twitter.com.  Once a user creates an account, she can publish status updates or tweets 

which are received by followers of the account.  Followers of an account can be friends of the user, 

colleagues, clients, or even members of the public.  A user can also follow other users on Twitter, 

                                                           
17 Recently, Twitter has announced that it might increase the character limit from 140 characters, but this does 

not affect the sample used in this paper. 
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in which case she receives their status updates as well.  It is estimated that there are currently over 

500 million registered accounts on Twitter (Holt, 2013). 

The main building block of Twitter is the individual tweets.  When a user tweets, her tweet 

is received by all followers of her Twitter account.  Twitter can be used by individuals or by entities 

(companies, etc.). An example of a company’s Twitter account for Micron Technology Inc. is 

shown in Appendix B. 

Increasingly, Twitter is used by businesses to communicate brief announcements quickly 

and effectively to clients and investors.  Many companies are turning to Twitter to release their 

financial information such as dividends and share repurchase news, corporate announcements, as 

well as earnings reports. Because of the physical limitation on the message size, oftentimes, tweets 

contain links to larger articles or corporate announcements on the company’s official website.  An 

example of a tweet containing a link is also shown in Appendix B. 

3.2.  Literature Review and Hypothesis Development 

This paper relates to a number of areas in the literature, particularly the literature on 

information asymmetry, cost of capital, and the emerging literature on social media. Particularly, 

this paper relates most closely to the literature on information asymmetry and firm visibility.  

Sprung by Merton (1987), the firm visibility literature investigates whether greater firm visibility 

(including firm-initiated efforts) can affect stock returns, firms’ information environment, and the 

cost of capital.  In particular, “Merton suggests that an increase in the size of a firm’s investor base 

(i.e. the number of investors that are aware of the firm’s existence) will reduce its cost of capital” 

(Bushee and Miller, 2012).  Merton’s work gave rise to a large body of literature testing his 

conclusions in different ways.  Broadly speaking, this paper falls under this category. 



 

55 

 

One benefit that firms gain when using Twitter is that the cost of gathering and processing 

information for investors may be expected to decrease.  Grossman and Stiglitz (1980) showed that 

investors face a cost in gathering and processing information about a firm; Twitter may be useful 

in decreasing this cost. Diamond and Verrecchia (1991) show that firms can lessen information 

asymmetry with markets and lower their cost of capital by increasing disclosure. This lends support 

to the hypothesis that Twitter, a mechanism to lower information asymmetry, can be expected to 

lower firms’ cost of capital. 

Returning to the notion of investor recognition, Lehavy and Sloan (2008) demonstrate that 

investor recognition, in the Merton (1987) sense, affects firms’ valuation, and does so more 

significantly than fundamentals.  Furthermore, Brennan and Tamorowski (2000) show that 

investor relations activities originating from the firm can lower a firm’s cost of capital.   

Other researchers confirm that firms can lower their cost of capital when they lower 

information asymmetries between the firm and investors.  Barry and Brown (1984 and 1985) and 

Brown (1979) explain that greater information dissemination will lower earnings’ estimation risk, 

and consequently, the cost of capital. 

When information asymmetries between investors increase, more trades will be 

information-based.  Easley and O’Hara (2004) show that firms that have stocks with more private 

information and less public information incur a higher cost of equity capital.  Furthermore, Easley 

and O’Hara (2004) assert that firms can lower their cost of capital by lowering informational 

asymmetries between different investors.   In their own words Easley and O’Hara state: "… firms 

can influence their cost of capital by affecting the precision and quantity of information available 

to investors.”  (Easley and O’Hara, 2004). 
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Whether a firm is subject to greater or lower informational asymmetries may not always 

be the choice of the firm.  For example, certain industries are placed under more severe information 

asymmetries than others, and so are smaller firms with less active stocks, as well as firms that are 

not followed by many analysts or that have little institutional ownership.  Aslan, Easley, Hvidkjae 

and O’Hara (2011) report:  “smaller firms, firms with fewer common shareholders, firms with less 

turnover and firms with fewer analysts are more likely to have higher information risk”.  

Furthermore, firms with greater institutional holdings are subject to lesser information 

asymmetries (Yan and Zhang, 2009).  

 While more analyst following, and greater institutional ownership can help a firm 

overcome information asymmetries, many analysts tend to follow large firms that are listed on 

major stock exchanges (O’Brien and Bhushan, 1990; Lang and Lundholm, 1996). Similarly, 

institutional investors often ignore firms with low visibility (Bushee and Miller, 2012).  To 

overcome information asymmetries, some firms rely on the media to receive press coverage and 

greater investor recognition (Bushee and Miller, 2012). The difficulty with this is that the press is 

also biased towards covering large, well-known firms that already have a high level of investor 

recognition (Miller 2006) – leaving smaller firms and firms that face the highest information 

asymmetries unnoticed.  To alleviate this, many firms provide general and financial information 

through their websites (Ashbaugh, Johnstone, Warfield, 1999; Ettredge, Richardson, Scholz, 

2002). However, websites also assume that investors are already looking for information about the 

firm. 

Twitter emerges as a mechanism for those firms to overcome some of these difficulties. 

Compared to a corporate website, Twitter has the advantage of having greater proliferation as a 

mechanism to “push” information rather than websites, which would be considered a “pull” 
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mechanism (Blankespoor, Miller and White, 2014).  Blankespoor, Miller and White (2014), quote 

Scott Mozarsky, Executive Vice President and Chief Commercial Officer of PR Newswire saying, 

“Disclosure requirements today are best met through a balanced approach that includes news 

releases, corporate websites and social networks” (Motley, 2011). 

In recent years, investors have begun to rely on newer methods of gathering financial 

information.  Increasingly, investors are searching for financial information through Google. Da, 

Engelberg, Gao (2001) show that SVI (Search Volume Index), which is a measure of the search 

frequency on Google, can be used as a direct measure of revealed investor attention. The authors 

show that an increase in SVI corresponds to an increase in the stock price of a given firm.  Drake, 

Roulstone and Thornock (2012) show that investors’ search for financial information on Google 

increases during the period leading to earnings announcements, peaks during earnings 

announcements and remains high for a period following the announcements.  Search Volume 

Index is an example of a new and innovative measure of investor attention; this paper aims to 

contribute to this literature by examining Twitter as an emerging medium for information 

exchange. 

It is also notable that regulators are also turning to the Internet as a channel to communicate 

financial information – most notably, the SEC uses the EDGAR database as a repository of firms’ 

financial information and investors search for financial information on EDGAR (Loughran and 

McDonald, 2017).  The SEC’s recent statement about firms’ use of social media to communicate 

with investors indicates that social media has the potential become a medium of choice for many 

firms going forward. 

While the literature linking information asymmetry and social media is still in its infancy, 

Blankespoor, Miller and White (2014) show, using a sample of 141 technology firms, that firms’ 
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use of Twitter to disseminate information to investors – specifically links to press releases “is 

associated with lower abnormal bid-ask spreads and greater abnormal depths, consistent with a 

reduction in information asymmetry,” (Blankespoor, Miller and White, 2014). 

The evidence thus far indicates that Twitter can lower a firm’s information asymmetry to 

the extent that it can lower its cost of capital. This leads to the main testable hypothesis of this 

paper: A firm’s cost of equity capital, ceteris paribus, decreases with a firm’s use of Twitter. 

3.3.   Cost of Equity Capital 

3.3.1. Estimating the cost of equity 

To compute the cost of equity capital, I use the Implied Cost of Equity (ICOE) 

methodology, which is based on a residual income model.  This methodology determines the 

implied discount rate of the stock given all future cashflows for the firm and the current stock 

price.  Necessarily, this methodology requires a terminal value for the firm.  The inputs for this 

model are the book value of equity, the forecasted return on equity, the forecasted dividend per 

share, as well as a terminal value for the firm. The implied cost of equity methodology was reported 

by Guay, Kothari, and Shu (2006) as the best method of the ones they surveyed. 

Of the available implied cost of equity models, I use the one by Gebhardt, Lee and 

Swaminathan (2001). Their methodology “received the most acclaim in academic research” (Chen, 

Kacperczyk and Ortiz-Molina, 2011). In addition to Chen, Kacperczyk and Ortiz-Molina (2011), 

many researchers have used this methodology such as Lee, Ng, and Swaminathan (2007); Pastor, 

Sinha and Swaminathan (2008); and Hann, Ogneva and Ozgas (2013). 

Following Gebhardt, Lee and Swaminathan (2001), I calculate the cost of equity for the 

firm as the implied discount rate for its future cashflows.  I use a two-stage approach; in the first 
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stage, I obtain an estimate of the firm’s residual income based on analyst forecasts; I do so for the 

next two calendar years (1).  In the second stage, I employ a terminal value in which the firm’s 

forecasted ROE converges to that of its industry (2).  The convergence takes place over the course 

of ten years starting from year three, and does so in a linear fashion.  The two stages are shown in 

equations 1 and 2:  

 

Where TV (terminal value) is:  

 

Where, 

re: is the cost of equity capital 

Pt: is the current stock price  

FROEt+1: the Forecasted Return on Equity forecast for the next period (t+1) 

FROEt+2: the return on equity forecast two periods in the future (t+2) 

Bt: The book value of the firm divided by the number of outstanding shares 

Bt+i: equals Bt+i-1 + FEPSt+i – FDPSt+i (FDPSt+i is the dividend/share forecasted for year t+i)  

3.3.2. Control Variables 

The following variables have been described in the extant literature as influential factors 

on the cost of equity capital (Gebhardt, Lee and Swaminathan, 2001; Chen, Kacperczyk, Ortiz-

Molina, 2011; and Hann, Ogneva, Ozbas, 2013): 

(1) 

 

𝑃𝑡 = 𝐵𝑡 +  
𝐹𝑅𝑂𝐸𝑡+1 − 𝑟𝑒

(1 +  𝑟𝑒)
𝐵𝑡 +  

𝐹𝑅𝑂𝐸𝑡+2 − 𝑟𝑒

(1 +  𝑟𝑒)2
𝐵𝑡+1 + 𝑇𝑉 

(2) ∑
𝐹𝑅𝑂𝐸𝑡+𝑖 − 𝑟𝑒

(1 +  𝑟𝑒)𝑖
𝐵𝑡+1−1 + 

𝑇−1

𝑖=3

𝐹𝑅𝑂𝐸𝑡+𝑇 − 𝑟𝑒

𝑟𝑒 (1 +  𝑟𝑒)𝑇−1
𝐵𝑡+𝑇−1 
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Beta, Book to market ratio, Leverage, Ln (Size), Analyst Following, Dispersion of Analyst 

Forecasts, Long Term Growth, Institutional Investments, Industry effect, Year fixed effect. 

Beta 

According to the Capital Asset Pricing Model (CAPM), the beta of a stock is the only factor 

affecting the stock return – and consequently the cost of capital. To determine the beta of the stock, 

I use the standard methodology of regressing a stock’s excess return (defined as the difference 

between a stock’s return and the risk free interest rate which is the one month Treasury bill rate) 

on the excess return of the value-weighted portfolio of returns obtained from the Center for 

Research in Security Prices (CRSP).  I use the previous 60 months’ returns for the regression and 

require that a firm has at least 24 months of returns data. 

Book to market ratio 

The book to market ratio has been shown to affect equity returns as in Fama and French 

(1992).  A low book to market ratio may be an indicator that the firm has high growth opportunities 

(Helwege et al., 2007). I follow the extant literature in calculating the Book to market ratio as: 

[Book Value of shareholder’s equity + Deferred taxes + Investment tax credit (if applicable) – 

Book value of preferred stock] / (The market value of equity) 

Leverage 

The expected return on equity rises as the level of debt (leverage) increases since the 

riskiness of the firm rises with more debt (Modigliani and Miller, 1958).   I define leverage as the 

ratio of firm debt divided to the firm’s total assets. 
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Ln (Size) 

Larger firms generally exhibit fewer information asymmetries than smaller firms (Aslan, 

Easly, and O’Hara, 2011).  Because they are economically more significant, larger firms receive 

greater media attention and greater followings in capital markets – including investors and 

financial intermediaries (Gode and Mohanram, 2003).  I define the size of the firm as the natural 

logarithm of the market value of the firms’ equity as done by Gode and Mohanram (2003) and 

others. 

Analyst Following 

Analysts perform a monitoring function of the firm and thus help lower information 

asymmetries between the firm and investors.  A greater number of analysts following the firm 

increases the level of monitoring of the firm.  In particular, “companies benefit from having many 

analysts because analysts increase the precision of information and this lowers the company’s cost 

of capital” (Easley, O’Hara, 2004). 

I obtain the number of analysts from I/B/E/S and define it as the number of unique 1-year 

EPS forecasts of the firm’s stock. 

Dispersion of Analyst Forecasts 

Disagreement in analyst forecasts captures the firm’s cashflow risk; “stocks with higher 

dispersion in analysts’ earnings forecasts earn significantly lower future returns than otherwise 

similar stocks.” (Diether, Malloy and Scherbina, 2002). 

I calculate the dispersion of analyst forecasts as the mean forecast of all analyst forecasts 

for a given firm scaled by the standard deviation of forecasts. This methodology of calculating the 
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dispersion of analyst forecasts is consistent with the extant literature as in Diether, Malloy and 

Scherbina (2002). 

Long Term Growth 

The long term growth forecast of a firm is likely to influence its cost of capital according 

to Gebhardt, Lee and Swaminathan (2001).  I obtain the long-term growth forecast for each firm 

from I/B/E/S. 

Institutional Ownership 

Institutions can perform the task of monitoring firms and thus alleviate information 

asymmetries.  A greater institutional ownership is expected to correlate with lower information 

asymmetries (Bushee, 1998; Yan and Zhang, 2009).  I obtain institutional ownership information 

from the Thomson Financial 13F database. 

Industry effect 

Different industries exhibit different risks and different returns on equity.  Previous studies 

on cost of equity capital confirm this observation (Gebhardt, Lee and Swaminathan, 2001; Fama 

and French, 1997).  I use the Fama-French 48 industry classifications to classify each firm in the 

data set as a member of a specific industry using the SIC code.  The industry classifications are 

available on Kenneth French’s website. 

Year fixed effect 

Changing macroeconomic conditions affect stock prices and cashflow expectations; as 

such, they may affect the cost of capital. To account for the year effect, I use year dummies for my 

sample period to account for yearly variations. 
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3.4.Data and Summary Statistics 

The data for this study comes from a variety of sources.  For the cost of equity calculations, 

and for the control variables, I use CRSP, Compustat, I/B/E/S and 13F institutional ownership 

filings.  I use the full sample of firms listed on NYSE, AMEX and NASDAQ for which it is 

possible to compute the cost of equity capital for the years 2007-2013, including firms that were 

listed at any point during that period. I exclude financial firms and firms in regulated industries; 

that is, firms with Standard Industrial Classification (SIC) codes (4900-4999) and (6000-6999). 

Table 3-1 presents a summary of the final sample, showing the firm years broken down by 

industry according to the Fama-French 48 industry classification.  

Furthermore, a detailed summary of all the variables in this paper, their description, and 

sources are shown in Appendix A for Chapter 3.  

The Twitter dataset is constructed as follows: initially, I obtain a list of all firms listed on 

the NYSE, AMEX, and NASDAQ from 2007-2013. I then visited the website of each company in 

the dataset to search for an official corporate Twitter account. The corporate Twitter account is 

often listed on the IR section of the companies’ websites, but is also occasionally listed on the 

main page. If a Twitter account is found, the name of the account is recorded. If no Twitter account 

is found, the search is augmented by the use of Google or Twitter itself.  If a match is found, it is 

verified to ensure that it is the company’s official account. If the steps above yield no result, I 

conclude that the firm does not operate a Twitter account. If a company operates multiple Twitter 

accounts, the official or the Investor Relations account is recorded as the account of interest. 
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After collecting the names of the official Twitter accounts, the next step is to collect the 

actual tweets for each account. This is accomplished via the use of computer programs that I wrote 

using the Python and Java programming languages. These programs make use of the Twitter API, 

freely available at https://dev.twitter.com. Using these programs, I collect the history of tweets for 

each of the accounts in the sample-set since the inception of Twitter18. The programs I wrote 

allowed me to acquire the text of the tweets, the date and time of the tweet, and the inception date 

of the account19. 

Table 3-1 also reports the breakdown of firms that use Twitter by industry. The breakdown 

per industry shows a wide variation in firms’ use of Twitter. At one end of the spectrum, computer 

firms, electronic equipment and restaurants/hotels have some of the largest adoption rates of 

Twitter use – which is intuitive given their type of business and their technical aptitude (in the case 

of the computer industry). At the other end of the spectrum, industries such as textile and steel 

work exhibit the least adoption of Twitter; this is also consistent with intuition given their types of 

business.  

Figure 3-1 shows the percentage of firms that use Twitter in each year in the sample-set.  

Most notably, there is a greater adoption of Twitter over the years. The percentage of firms that 

use Twitter as of 2013 is over 60% of firms in the sample.  

Once the Twitter data set was aggregated at the firm-year level, I merged it with the cost 

of equity data and control variables.  Table 3-2 summarizes the cost of equity capital information 

for the sample of firms. The average cost of equity capital throughout the sample is 9.67%. Cost 

                                                           
18 The Twitter API stores up to 3200 tweets per account. For most accounts in the dataset, this covered the full 

history of the account, but there were some accounts with incomplete history – going back 3200 tweets. 
19 The Twitter API imposes a bandwidth limit that limits the amount of information downloaded in each 15-

minute interval. I got around this problem by building in “waiting times” in the code that downloads the tweets.  

https://dev.twitter.com/
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of equity capital, as well as control variables are winsorized at the top and bottom 1%. Other 

control variables’ statistics are also reported in Table 3-2. Control variables used include firm size, 

book to market ratio, CAPM beta, leverage, long term growth, percentage of shares held by 

institutional holders, number of analysts following the firm, and dispersion of analyst forecasts. 

 

3.5.   Empirical Results 

3.5.1. Twitter use and cost of capital 

I begin by analyzing the relationship between a firm’s use of Twitter (useTwitter); which 

takes on the value of 0 or 1 for a given firm year, and the company’s cost of equity capital for that 

year. I do so while accounting for the control variables known to affect the cost of equity capital 

as well as industry and year fixed effects in the panel setting. The baseline model is as follows: 

 

 

Table 3-3 shows the main results of the model above. Four separate models are estimated 

representing variations of the base model above. In each of these models, the use of Twitter has a 

negative coefficient; showing that the use of Twitter is associated with a lower cost of equity 

capital. This result is statistically significant in all the cases. The magnitude of the cost of equity 

reduction ranges between 14 and 55 basis points. 

 

 

 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 = 𝛼 +  𝛽1𝑢𝑠𝑒𝑇𝑤𝑖𝑡𝑡𝑒𝑟 +  𝛽𝑛+1 [𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡] + 𝜀𝑖,𝑡 
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3.5.2. Use of Twitter to communicate financial information 

In the previous section, I examined the full population of firms and determined that Twitter 

use is associated with a lower cost of equity capital. In this section, I turn my attention to the 

question of whether tweeting financial information in particular, can be beneficial to companies. 

That is, whether tweeting information such as dividend news, earnings announcements, or another 

financial news can carry additional information to investors and can translate into further reduction 

in firms’ cost of equity capital. 

At the same time, it is also likely that companies that face less information asymmetry, 

such as larger companies, companies that are covered extensively by analysts and companies that 

have a high percentage of institutional ownership may not necessarily benefit from this. 

Conversely, it is intuitive and consistent with the information literature that companies that face 

the greatest information asymmetries (smaller companies, companies with the least analyst 

followings, and companies with the least institutional holdings) are more likely to benefit from 

tweeting financial information, precisely because they lack alternative sources of coverage, and 

thus Twitter can emerge as a substitute informational source. 

To begin this analysis, I determine, for each firm-year, whether a company is tweeting 

financial information. For this purpose, I utilize textual analysis techniques to examine the content 

of the tweets. Specifically, I make use of Natural Language Processing to determine whether a 

given tweet contains financial information (rather than general announcements).  

To determine whether a tweet contains financial information, I examine whether the tweet 

contains financial keywords, such as ‘dividends’, ‘earnings’, ‘shares’, and ‘EPS’. One of the 

insights of Loughran and McDonald (2011) is that analyzing textual content is context-dependent 
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in that analyzing financial language is very different from analyzing “regular” language. 

Extrapolating this observation to Twitter necessitates additional adaptation of the textual analysis 

techniques. In particular, because Twitter imposes a maximum character count of 140 characters 

per tweet, many tweets contain abbreviations, or short-hand forms rendering the use of full-word 

analysis ineffective at times. To deal with this difficulty, I expand the list of financial words to 

include abbreviations that are likely to be used in financial tweets. Such abbreviations include Q1 

(representing Quarter 1) or 10-k (representing the financial statement). However, one difficulty 

that emerges is the possibility of classifying a non-financial word financial. For example, the 

abbreviation div might indicate “dividend” or it might indicate something else.  The situation is 

further complicated when considering that even some of the full words, such as “share” and “stock” 

can have a financial or a non-financial meaning as explained in Loughran and McDonald (2011). 

Because words can be misclassified, and because abbreviations can also be misclassified, I require 

that a tweet must contain at least three financial keywords or abbreviations. This conservative 

approach ensures that a tweet is only classified as financial when it almost certainly is. The full 

list of financial keywords is shown in Appendix C for chapter 3. 

I classify a company as a company that uses Twitter to tweet financial information if, in a 

given year, it produces four or more financial tweets. The last column of Table 3-1 shows the 

breakdown of firms that use Twitter to communicate financial information in different industries. 

Like the use of Twitter, firms exhibit considerable heterogeneity in the likelihood to use Twitter 

to communicate financial information. 

Since I expect that tweeting financial information will not necessarily help every firm, but 

will likely only help firms that are more likely to suffer from the greatest information asymmetry, 

I divide the sample into 4 quartiles based on each of the following variables: market value of 



 

68 

 

equity, number of analysts following the firm, and percentage of institutional holdings. The 

rationale is that a firm that falls in the lowest quartile of any of these variables is likely to suffer 

the greatest information asymmetries, and thus, Twitter is more likely to function as a substitute 

for other vehicles of information. 

For each of the lowest quartiles, I conduct a regression analysis to examine whether 

tweeting financial information is associated with a lower cost of equity capital as follows: 

 

The results of this analysis are shown in Table 3-4. For each of the three models, the 

coefficient on the cost of equity is negative; indicating that tweeting financial information is 

associated with a lower cost of equity capital. This result is statistically significant in each of the 

three models and carries an economic significance between 48 and 76 basis point reduction in the 

cost of equity. 

To elaborate on the previous test, I conduct an additional empirical test that looks at the 

relationship between the number of financial tweets and the cost of equity capital. That is, unlike 

the previous model, where a firm was classified as one that tweets financial information or one 

that does not, the following model looks at the number of financial tweets rather than merely their 

presence. 

Following the same methodology as the previous model, I divide the sample into quartiles 

based on firm size, number of analysts following and the percentage of institutional investors and 

conduct the following regression analysis:  

 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 = 𝛼 +  𝛽1𝑢𝑠𝑒 𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑇𝑤𝑖𝑡𝑡𝑒𝑟 +  𝛽𝑛+1 [𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡] + 𝜀𝑖𝑡    
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Table 3-5 shows the results of this analysis. The table shows that the number of financial 

tweets is associated with a reduction of the cost of equity. The magnitude of this reduction ranges 

between 3 and 10 basis points for each tweet containing financial information.  The results are all 

statistically significant at the 1% level. 

3.6.  Robustness Tests 

3.6.1. Instrumental Variable 

It is possible that the interpretation that Twitter can lower the cost of equity, is susceptible 

to endogeneity. Namely, the result may be driven by reverse causality or by a missing variable. 

For example, it is possible that companies that have a lower cost of equity capital are more likely 

to use Twitter because they have good news to share. To address this possibility, I use an 

instrumental variable approach. The instrument desired ought to be highly correlated with the 

company’s decision to use Twitter but unrelated to the company’s cost of equity capital. The 

instrument I choose is the prevalence of Twitter use within the company’s industry, namely the 

percentage of companies in the company’s industry that use Twitter. This instrument intuitively 

satisfies the requirement that it is highly correlated with the company’s use of Twitter since, if a 

firm is in an industry where most of its peers use Twitter, then it is likely to follow suit, and vice 

versa.  That is, if most companies in a given company’s industry do not use Twitter, then the 

company is also less likely to use Twitter due to the lack of competitive pressure. Thus, I conclude 

that this instrument meets the first requirement of an instrumental variable: that is highly correlated 

with the company’s use of Twitter. The correlation coefficient between a firm’s use of Twitter in 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 = 𝛼 +  𝛽1𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑠 +  𝛽𝑛+1 [𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡] + 𝜀𝑖𝑡 
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a given year and the prevalence of Twitter in the firm’s industry is 0.55, showing that it is highly 

correlated. 

The second requirement of the instrumental variable is that it be unrelated to the dependent 

variable. In this case, the instrument should be unrelated to the firm’s cost of equity capital. This 

makes intuitive sense because other companies’ use of Twitter should not affect a given company’s 

cost of equity capital. I thus conclude that this instrument satisfies the second requirement.  This 

instrument is based, in spirit, on the instrument used by Gurun and Butler (2012) who use an 

industry’s average advertising expenditure as an instrument for a given company’s advertising 

expenditure. 

The instrument itself is constructed as follows: first, for each firm year, an industry average 

is calculated as the number of companies in the firm’s industry for a given year that use Twitter 

divided by the number of companies in the industry. This gives a percentage of the Twitter use 

prevalence within a given industry in a given year. The firm itself is excluded from the calculation 

of the average so that the average represents the true industry average excluding the firm in 

question20.  

Table 3-6 depicts the output of the two stages least square regression of the instrumental 

variable. The F-value and the R2 values confirm the soundness of the IV used and show that it is 

efficient. The instrument variable approach confirms the initial finding, that Twitter can help lower 

companies’ cost of equity capital. The result is both statistically and economically significant 

showing that the cost of equity is reduced by over 1%. 

                                                           
20 To ensure that the instrument captures an industry wide effect, industry years for which there are fewer than 

eight observations are excluded; this only affects a small fraction of firms in the sample. 
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3.6.2. Propensity Score Matching 

In addition to the IV approach used above, an additional useful robustness test is Propensity 

Score Matching (PSM). The objective of the propensity score match is to account for the fact that 

firms’ choice to use Twitter or the choice to communicate financial information on Twitter is not 

random, but can be a function of a firm’s observable characteristics. For example, larger companies 

may, on average, select to use Twitter more so than smaller companies.  According to Roberts and 

Whited (2013), “(matching) can mitigate asymptotic biases arising from endogeneity or self-

selection. As such, matching can provide a useful robustness test for regression based analysis.” 

Following the extant literature, such as Bharath and Dittmar (2010), and Conyon, Core, 

and Guay (2011), the propensity score match is implemented as follows: first, a logistic regression 

is run to estimate a firm’s propensity (likelihood) to use Twitter as a function of firm observable 

characteristics. The characteristics used are the control variables used in the base-case regression 

models as well as industry21 and year fixed effects. This part of the model estimates a firm’s 

probability or propensity to use Twitter (or to communicate financial information on Twitter). 

The second part of the model matches firms that use Twitter with other firms that do not 

use Twitter but are very similar in their characteristics except for the choice to use Twitter. In this 

way, it is possible to compare two firms that are equally likely (have similar propensity) to use 

Twitter, but whereby one firm uses Twitter and one does not.  As such, it is possible to isolate the 

effect of Twitter having taken into account different firms’ propensity or likelihood to use Twitter. 

                                                           
21 To improve the matching of firms, the Fama French (FF 17) industry classification is used rather than the 

Fama French (FF 48) industry classification. When the FF48 classification is used, many firms are unmatched, and 

thus FF17 was chosen for the industry fixed effects to alleviate this problem. 
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The results of the Propensity Score Match are depicted in Tables 3-7 and 3-8. Panel A of 

each of these tables shows the first stage logistic regression, the sample means for the treated and 

the control group as well as the p-value of the difference. Panel B shows the Average Treatment 

Effect (ATE) due to the use of Twitter or to the financial use of Twitter.  The panel shows that a 

firm’s cost of equity is approximately 23 basis points lower when using Twitter, and 41 basis 

points lower when tweeting financial information. 

The results of the Propensity Score Match confirm the two findings of this paper: that 

companies can achieve a lower cost of equity capital through the use of corporate Twitter accounts, 

and that tweeting financial information can be especially helpful in lowering the cost of equity 

capital. 

 

 

3.7. Conclusion 

This paper makes use of a novel data set comprising the full record of the tweeting activities 

of all companies listed on NYSE, AMEX and NASDAQ since the inception of Twitter. The main 

finding of this paper is two-fold: the use of Twitter to communicate information is associated with 

a lower cost of equity capital. Secondly, companies, especially ones that suffer the greatest 

information asymmetries, benefit from tweeting financial information. The results of this paper 

are robust to endogeneity and self-selection concerns.  

This paper contributes to the literature on information asymmetry and investor recognition 

by illustrating a new, and emerging mechanism of lowering information asymmetry and cost of 

capital in the form of social media. Given the SEC’s recent statement allowing companies to use 

their social media sites to communicate financial information, more firms should begin to operate 
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Twitter accounts and to communicate financial information through their social media sites.  Social 

media has the capacity to play a prominent role in financial markets, and this paper attempts to 

explore this new role from a cost of capital perspective. 
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Figure 3-1. Percentage of tweeting firms/financial tweeting firms over time. This figure depicts the 

percentage of tweeting firms throughout the sample period. The solid column shows the percentage of 

tweeting firms each year. The patterned column shows the percentage of firms that tweet financial 

information. 
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Table 3-1 

Sample descriptive statistics 

 

 

 

 

 

 

Industry 
Firm 

years 

Use 

Twitter 

         

Financial 

use 

 Industry 
# of 

firms 

Use 

Twitter 

          

Financial 

use 

Agriculture 26 13 0  Coal 40 11 1 

Food Products 183 54 6  Petroleum and 

Natural Gas 

438 57 25 

Candy & Soda 18 11 5  Communication 227 106 12 

Beer & Liquor 44 13 2  Personal Services 185 56 7 

Tobacco Products 21 5 4  Business Services 1304 630 108 

Recreation 53 28 1  Computers 458 204 40 

Entertainment 129 48 4  Electronic 

Equipment 

616 219 48 

Printing and Publishing 54 27 4  Measuring and 

Control Equipment 

234 82 14 

Consumer Goods 173 66 12  Business Supplies 115 33 5 

Apparel 158 60 2  Shipping Containers 45 13 1 

Healthcare 217 51 0  Transportation 382 101 12 

Medical Equipment 345 74 18  Wholesale 333 101 23 

Pharmaceutical Products 334 88 17  Retail 691 331 7 

Chemicals 247 70 21  Restaurants, Hotels, 

Motels 

204 105 1 

Rubber and Plastic Products 50 16 2  Real Estate     29       12 3 

Textiles 15 1 0      

Total 8678 2996   479  

Construction Materials 132 32 1       

Construction 138 27 5      

Steel Works Etc 138 14 5      

Fabricated Products 22 7 3      

Machinery 372 99 30      

Electrical Equipment 146 43 4      

Automobiles and Trucks 147 30 3      

Aircraft 92 22 11       

Shipbuilding, Railroad 

Equipment 

35 2 1       

 Defense 30 22 3    

Precious Metals 19 6 4     

Non-Metallic and Industrial 

Metal Mining 

39 6 4     

This table shows the breakdown of firm years in the sample by industry and Twitter use. The number of companies in 

a given industry is reported in the first column, the number of companies in that industry that use Twitter is reported 

next, and finally the number of companies that use Twitter to communicate financial information. 
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Table 3-2 

Summary of continuous variables 

 
This table presents the descriptive statistics for the cost of equity capital and the continuous variables used 

in the analysis. The summary statistics include the mean value for each variable, standard deviation, first, 

second and third quartiles.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Mean Std. 

deviation 

Q1 Q2 Q3 

 

Cost of equity 

 

9.67 

 

2.87 

 

7.74 

 

9.46 

 

11.34 

 

Size (ln mve) 

 

21.10 

 

1.61 

 

19.96 

 

20.98 

 

22.08 

      

B/M 0.54 0.36 0.29 0.45 0.70 

      

Beta 1.31 0.67 0.85 1.21 1.65 

      

Leverage 0.17 0.17 0.002 0.14 0.28 

      

Long term 

growth 

15.13 7.81 10.25 14.00 18.35 

      

Institution 78.13 20.74 68.37 83.25 94.10 

      

Analysts 10.69 7.22 5 9 15 

      

Dispersion 0.11 0.24 0.02 0.04 0.09 
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Table 3-3 

Cost of Equity and Twitter use 

 

This table reports the results of the regression:   
The OLS regression also includes year and industry fixed effects. The regressors are defined in Appendix 

A. The main variable of interest, Use Twitter, takes on a value of 1 if a firm uses Twitter during the year 

prior to the cost of equity estimation, and takes on a value of 0 otherwise. Models 1, 2, 3, 4 are the same 

baseline model but use different controls. Heteroskedasticity robust standard errors are reported in 

parenthesis.  ***, **, * indicate statistical significance of 1%, 5% and 10% respectively. 

 

 

 

 

 

Cost of Equity  

Model (1) 

 

Model (2) 

 

Model (3) 

 

Model (4) 

 

Use Twitter -0.551*** 

(0.07) 

-0.158*** 

(0.06) 

-0.146** 

(0.06) 

-0.271*** 

(0.07) 
 

Size  

 

-0.044*** 

(0.02) 

-0.069*** 

(0.02) 

0.084*** 

(0.03) 
 

B/M  

 

3.888*** 

(0.08) 

3.799*** 

(0.08) 

3.581*** 

(0.09) 
 

Beta  0.552*** 

(0.04) 

0.497*** 

(0.04) 

0.393*** 

(0.04) 
 

Leverage 

 

  1.790*** 

(0.17) 

1.827*** 

(0.18) 
 

Long term growth    0.010** 

(0.005) 
 

Institutional ownership    -0.005*** 

(0.001) 
 

Analysts    -0.015*** 

(0.01) 
 

Dispersion    -0.541*** 

(0.13) 
 

Constant Included Included Included Included 

Industry fixed effects Included Included Included Not included 

Year fixed effects Included Included Included Included 
R2 0.26 0.50 0.51 0.31 

N 8678 8676 8640 8324 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦 = 𝛼 + 𝛽1𝑈𝑠𝑒 𝑇𝑤𝑖𝑡𝑡𝑒𝑟 +  𝛽𝑛+1 [𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡] + 𝜀𝑖,𝑡    
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Table 3-4 

Financial use of Twitter and cost of equity 

 
This table reports the results of the regression:   

The OLS regression also includes the year and industry fixed effects. The regressors are beta, analyst 

following, B/M, natural logarithm of the market value of equity, leverage, percentage of institutional 

holdings, long term growth, and dispersion of analyst forecasts. The main variable of interest, Tweet 

financial information takes the value of 1 if a firm uses Twitter to communicate financial information to 

investors. Model 1 includes companies in the lowest quartile of firm size. Model 2 included companies in 

the lowest quartile of analyst followings. Model 3 includes firms in the lowest quartile of institutional 

holdings.  Heteroskedasticity robust standard errors are reported in parenthesis.  ***, **, * indicate 

statistical significance of 1%, 5% and 10% respectively. 

 

Cost of Equity  

Model (1) 

 

Model (2) 

 

Model (3) 

 

Tweet financial information -0.762*** 

(0.28) 

-0.659** 

(0.31) 

-0.479* 

(0.25) 
 

Size -0.100 

(0.12) 

 

-0.178*** 

(0.06) 

 -0.126** 

(0.05) 

B/M 3.052*** 

(0.16) 

3.377*** 

(0.16) 

3.906*** 

(0.19) 
 

Beta 0.392*** 

(0.07) 

0.492*** 

(0.07) 

0.552*** 

(0.09) 
 

Leverage 

 

2.755*** 

(0.32) 

2.265*** 

(0.32) 

1.609*** 

(0.36) 
 

Long term growth 0.015** 

(0.01) 

0.020*** 

(0.01) 

0.027*** 

(0.01) 
 

Institutional ownership -0.011*** 

(0.003) 

-0.006** 

(0.002) 

-0.016*** 

(0.004) 
 

Analysts -0.009 

(0.02) 

-0.027 

(0.05) 

0.006 

(0.01) 
 

Dispersion -0.758*** 

(0.16) 

-0.666*** 

(0.19) 

-0.933*** 

(0.18) 
 

Constant Included Included Included 

Industry fixed effects Included Included Included 

Year fixed effects Included Included Included 
R2 0.53 0.53 0.54 

N 1809 2050 1736 

 

 

 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦 = 𝛼 + 𝛽1𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑇𝑤𝑒𝑡𝑠 +  𝛽𝑛+1 [𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡] + 𝜀𝑖,𝑡    



 

82 

 

Table 3-5 

Number of financial tweets and cost of equity 

 
This table reports the results of the regression:   

The OLS regression also includes the year and industry fixed effects. The regressors are beta, analyst 

following, B/M, natural logarithm of the market value of equity, leverage, percentage of institutional 

holdings, long term growth, and dispersion of analyst forecasts. The main variable of interest, Number of 

financial tweets, is the count of the number of financial tweets produced by a firm in a given firm year. 

Model 1 includes companies in the lowest quartile of firm size. Model 2 included companies in the lowest 

quartile of analyst followings. Model 3 includes firms in the lowest quartile of institutional holdings.  

Heteroskedasticity robust standard errors are reported in parenthesis.  ***, **, * indicate statistical 

significance of 1%, 5% and 10% respectively. 

 

Cost of Equity  

Model (1) 

 

Model (2) 

 

Model (3) 

 

Number of financial tweets -0.098*** 

(0.02) 

-0.054*** 

(0.02) 

-0.034*** 

(0.01) 
 

Size -0.094 

(0.12) 

 

-0.176*** 

(0.06) 

 -0.126** 

(0.05) 

B/M 3.047*** 

(0.16) 

3.372*** 

(0.16) 

3.907*** 

(0.19) 
 

Beta 0.388*** 

(0.07) 

0.491*** 

(0.07) 

0.554*** 

(0.08) 
 

Leverage 

 

2.733*** 

(0.32) 

2.255*** 

(0.32) 

1.599*** 

(0.36) 
 

Long term growth 0.015** 

(0.01) 

0.021*** 

(0.01) 

0.027*** 

(0.01) 
 

Institutional ownership -0.011*** 

(0.003) 

-0.006** 

(0.002) 

-0.016*** 

(0.004) 
 

Analysts -0.009 

(0.02) 

-0.027 

(0.05) 

0.006 

(0.01) 
 

Dispersion -0.762*** 

(0.16) 

-0.642*** 

(0.19) 

-0.928*** 

(0.18) 
 

Constant Included Included Included 

Industry fixed effects Included Included Included 

Year fixed effects Included Included Included 
R2 0.53 0.53 0.54 

N 1809 2050 1736 

 

 

 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑞𝑢𝑖𝑡𝑦 = 𝛼 + 𝛽1𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑇𝑤𝑒𝑡𝑠 +  𝛽𝑛+1 [𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡] + 𝜀𝑖,𝑡    
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Table 3-6 

IV Twitter use and cost of equity 

 
This table shows the first and second stage of the 2SLS regression where the instrument variable, 

‘prevalence of Twitter use in the industry’ in decimal points is used as an instrument for the main variable 

of interest ‘Use Twitter’. The first column shows the first stage and the second column shows the second 

stage. Parameters are defined in Appendix A. Heteroskedasticity robust standard errors are reported in 

parenthesis.  ***, **, * indicate statistical significance of 1%, 5% and 10% respectively. 

  

IV: First stage 

(Twitter prevalence) 

 

IV: second stage (cost of 

equity 2SLS) 

 

Use Twitter 0.443*** 

(0.05) 

-1.238* 

(0.64) 
 

Size 0.046*** 

(0.005) 

 

 0.025 

(0.04) 

B/M -0.031** 

(0.01) 

3.855*** 

(0.09) 
 

Beta 0.014** 

(0.01) 

0.532*** 

(0.04) 
 

Leverage 

 

-0.064** 

(0.03) 

1.769*** 

(0.18) 
 

Long term growth -0.0004 

(0.001) 

0.004 

(0.004) 
 

Institutional ownership -0.0001 

(0.0002) 

-0.006*** 

(0.001) 
 

Analysts 0.005*** 

(0.001) 

-0.003 

(0.01) 
 

Dispersion 0.062*** 

(0.02) 

-0.846*** 

(0.12) 
 

Constant Included Included 

Industry fixed effects Included Included 

Year fixed effects Included Included 
R2 0.36 0.49 

N 7855 7855 
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Table 3-7 

Propensity Score Matching for Twitter Use 

 
This table shows the effect on the cost of equity due to the use of Twitter using the Propensity Score Match 

(PSM). The Propensity score match uses a logistic regression in the first stage to estimate firms’ propensity 

to use Twitter as a function of observable firm characteristics (first column). The firm characteristics used 

are: size (market value of equity), beta, leverage, book to market, percentage of institutional investments, 

number of analyst followings, dispersion of analyst forecast, and year and industry fixed effects. Panel A 

shows the first stage regression, the treatment and control sample means and the P-value of the difference 

in means. Panel B shows the Average Treatment Effect (ATE) on the cost of equity capital. 

Heteroskedasticity robust standard errors are reported in parenthesis.  ***, **, * indicate a statistical 

significance of 1%, 5% and 10% respectively. 

Panel A: Propensity Score Matching for Twitter use 

 Use Twitter = 1 Treatment 

Sample Mean 

Control Sample 

Mean 

P(Difference) 

Size 0.303*** 

 

21.501 20.887 

 

0.000 

B/M -0.210** 

 

0.512 0.556 0.000 

Beta 0.210*** 

 

1.266 

 

1.333 0.000 

 

Leverage 

 

-0.767*** 

 

0.164 0.174 0.005 

Long term growth -0.00004 

 

14.573 15.431 0.000 

Institutional ownership -0.004** 

 

79.003 77.673 0.005 

Analysts 0.039*** 

 

13.182 9.381 0.000 

Dispersion 0.327*** 

 

0.093 0.115 0.0001 

Constant Included    

Industry fixed effects Included    

Year fixed effects Included    
Treated 2996    

Untreated 5680    

 

Panel B: Average Treatment Effect (ATE) on Cost of Equity for Twitter use (in percentage) 

 

Use of Twitter 
 

Average Treatment Effect                  -0.226*  

(0.13) 
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Table 3-8 

Propensity Score Matching for financial use of Twitter 

 
This table shows the effect on the cost of equity due to financial use of Twitter using the Propensity Score 

Match (PSM). The Propensity score match uses a logistic regression in the first stage to estimate firms’ 

propensity to tweet financial information as a function of observable firm characteristics (first column). 

The firm characteristics used are: size (market value of equity), beta, leverage, book to market, percentage 

of institutional investments, number of analyst followings, dispersion of analyst forecast, and year and 

industry fixed effects. Panel A shows the first stage regression, the treatment and control sample means and 

the P-value of the difference in means. Panel B shows the Average Treatment Effect (ATE) on the cost of 

equity capital. Heteroskedasticity robust standard errors are reported in parenthesis.  ***, **, * indicate a 

statistical significance of 1%, 5% and 10% respectively. 

Panel A: Propensity Score Matching for Twitter use 

 Financial tweeting 

= 1 

Treatment 

Sample Mean 

Control Sample 

Mean 

P(Difference) 

Size 0.545*** 

 

22.046 20.884 

 

0.000 

B/M -0.034 

 

0.497 0.600 0.000 

Beta -0.032 

 

1.218 

 

1.307 0.003 

 

Leverage 

 

-1.195*** 

 

0.164 0.181 0.049 

Long term growth -0.017** 

 

13.297 14.530 0.001 

Institutional ownership -0.009*** 

 

77.610 76.889 0.488 

Analysts -0.016 

 

14.273 10.435 0.000 

Dispersion 0.651*** 

 

0.094 0.115 0.084 

Constant Included    

Industry fixed effects Included    

Year fixed effects Included    

Treated 479    

Untreated 4652    

 

Panel B: Average Treatment Effect (ATE) on Cost of Equity for Twitter use (in percentage) 

 

Financial use of Twitter 

 

Average Treatment Effect                  -0.409*  

(0.24) 
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Chapter 4 

 

Giving Content to Investors’ Tweets: Financial Tweeting and Daily Stock 

Returns  

 

 

 

 

 

ABSTRACT 

 

This paper shows that the opinions of investors, as depicted on Twitter, correspond to daily stock 

returns and trading volume. A greater number of tweets (discussions) about a firm corresponds to 

greater returns and greater trading volume for a firm on a given day. Furthermore, the direction of 

returns corresponds to the aggregate sentiment of all tweets. Firms with less institutional 

ownership, and thus more retail ownership, are tweeted about more, suggesting that tweeting 

largely originates from the retail investor-base. Finally, firms with greater dispersion of analyst 

forecasts are tweeted about more, in what appears to be an attempt to resolve the difference of 

opinion. 

  

 

 

 

JEL classification: G10, G12, G14 

Keywords: Social Media; Textual Analysis; Wisdom of the crowd 
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4.1. Introduction 

The relationship between social media and stock returns has become a topic of discussion 

in recent years. For example, tweets about the pharmaceutical industry by former US presidential 

candidate, Hillary Clinton, sent the industry stocks down on two separate events22. Furthermore, 

tweets by Senator Bernie Sanders also affected stock performance. Perhaps most prominently, 

tweets by US President Donald Trump affected the stock performance of such companies as 

Boeing, Lockheed Martin and Toyota (Bullock and Samson, 2017). The importance of tweets from 

the US President has become so well-established to the point that a mobile application has been 

developed to send notifications to investors who own stocks in a company when the President 

tweets about it (Turner, 2017).  As Rachel Mayer, co-founder of Trigger Finance (the company 

that provides this service) puts it, “Tweets really do matter.” 

While tweeting from prominent figures can affect stock performance, the goal of this paper 

is to aggregate all Twitter mentions of every stock listed on the major US exchanges to determine 

whether this aggregate wisdom of the crowd corresponds to daily stock performance and trading 

volume. In particular, I investigate the relationship between tweeting volume and sentiment, and 

stock returns and trading volume. 

This setting is a compelling one to study for a number for reasons. First, the goal of this 

paper is to establish a systematic link between the aggregation of all opinions about a stock, as 

depicted on Twitter, and stock performance. The full aggregation of all opinions on Twitter can be 

interpreted as a measure of wisdom of the crowd or total investor sentiment. Second, unlike 

                                                           
22 See http://www.cnbc.com/2016/08/24/biotech-gains-amid-buyout-chatter-upbeat-clinical-trial-results.html and 

http://money.cnn.com/2015/09/21/investing/hillary-clinton-biotech-price-gouging/ for details. 

http://www.cnbc.com/2016/08/24/biotech-gains-amid-buyout-chatter-upbeat-clinical-trial-results.html
http://money.cnn.com/2015/09/21/investing/hillary-clinton-biotech-price-gouging/
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studying tweeting that originates from firms or from particular individuals, the number of tweets 

that is possible to analyze in this setting is very large (millions of tweets) compared to that from 

an individual firm or individual person. Having access to a large body of daily tweets about each 

firm allows for a comprehensive study. Third, most tweeting originating from firms is positive in 

tone – as expected by theories of selective disclosure in Verrecchia (1983) and Jung and Kwon 

(1988), and as demonstrated in Chapter 2 of this work. Tweeting from individual investors, on the 

other hand, exhibits more variance in tone since it carries the opinions of the crowd and not those 

of the firm. 

The major finding of this paper is that on a daily basis, higher tweeting volume about a 

firm corresponds to higher stock returns for the firm tweeted about. Secondly, negative tweeting 

sentiment corresponds to lower returns whereas positive tweeting sentiment corresponds to higher 

returns.  Other findings of this paper are that firms with less institutional ownership, and thus 

greater retail ownership, are tweeted about more frequently than other firms. This is consistent 

with the notion that tweeting about firms originates from the retail investor-base. Furthermore, 

tweeting volume about firms is higher where the dispersion of analyst forecasts is greater. This 

suggests that social media provides an outlet where investors can discuss various views about a 

stock in the absence of analysts’ consensus. 

The “Buzz index” 

In April 2016, Sprott Asset Management, headquartered in Toronto, launched the “BUZZ” 

(sentiment) Social Media Insights ETF (NYSE: BUZ)23. This ETF, distributed by ALPS Portfolio 

Solutions, aggregates the sentiment of all the mentions of all stocks listed in the US based on their 

                                                           
23 See http://www.businesswire.com/news/home/20160419005303/en/Investing% E2%80%9C 

Social%E2%80%9D-Sprott-BUZZ-Social-Media-Insights 

http://www.businesswire.com/news/home/20160419005303/en/Investing%25%20E2%80%9C%20Social%E2%80%9D
http://www.businesswire.com/news/home/20160419005303/en/Investing%25%20E2%80%9C%20Social%E2%80%9D
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social media mentions. Based on proprietary textual analysis, Big Data, and Artificial Intelligence 

(AI) algorithms, the index selects 75 stocks with the most positive sentiment to include in the ETF. 

The ETF itself is reconstructed monthly.  Jamie Wise, the created of the BUZZ ETF says: “We 

discovered that the overall level of buzz or sentiment around stocks was in fact predictive, and 

could lead to a process where you could select stocks ranked based on that level of sentiment and 

ultimately come up with a portfolio of securities that could outperform the market.24” 

Tweets about stocks 

Individuals on Twitter tweet for various purposes. Necessarily, a mechanism has to be in 

place to allow for individuals to tweet about specific topics. Furthermore, that same mechanism 

should facilitate the searchability for specific topics on Twitter. Since its inception, Twitter used 

the hashtag “#” symbol to signify that a tweet is about a specific topic. For example #StanleyCup 

mentioned in a tweet signifies that the tweet is about the Stanley Cup in particular. The use of 

hashtags allows for the clustering of tweets around specific topics.  

Because of the rise of Twitter discussions about the stock market, Twitter introduced the 

“cashtag” symbol ($) in 2012. The cashtag is used in lieu of the hashtag to signify that a tweet is 

about the stock of a specific firm25. For example, $AAPL stated in a tweet, indicates that a specific 

tweet is about the stock of Apple Inc. The use of the cashtag makes it possible to identify those 

tweets that specifically discuss the stock of a firm and is thus how I identify tweets that pertain to 

the stocks of specific firms. 

                                                           
24 See http://www.etf.com/sections/etf-industry-perspective/sprott-new-etf-captures-investor-buzz 
25 See http://money.cnn.com/2012/07/31/technology/twitter-cashtag/ for details about the introduction of the 

cashtag. 
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Literature review 

This paper relates a number of strands in the literature. First, it relates to the literature that 

examines the role of the media in financial markets. Second, it relates to the literature on textual 

analysis. Finally, this paper relates to the emerging literature on the use of the Internet by investors, 

and particularly social media, to communicate financial information. 

The financial economics literature established the role of the media in financial markets. 

For example, Tetlock (2007) illustrates that stock markets respond to the content of a popular Wall 

Street Journal article on a daily basis. In particular, Tetlock shows that stock returns correspond to 

the sentiment (tone) of the article. Tetlock, Saar-Tsechansky, and Macskassy (2008) further 

illustrate the role of media sentiment in that they show that the language content of the media can 

be used to predict stock returns and accounting earnings. Engelberg and Parsons (2011) illustrate 

the causal impact of media in financial markets by showing that news about firms published in 

local media outlets are related to trading in the same areas. 

The literature on textual analysis is an emerging strand of literature in finance and is often 

combined with studies examining the role of the media. Tetlcok (2007) and Tetlock, Saar-

Tsechansky, and Macskassy (2008) conduct textual analysis on media content to determine the 

sentiment of the content. Particularly, these two studies use the Harvard-IV-4 psychosocial 

dictionary for this purpose. More recently, Loughran and MacDonald (2011) introduced a second 

dictionary to extract textual sentiment that pertains specifically to financial language. The 

application of textual analysis to social media is an emerging area of interest in the literature. As 

Loughran and MacDonald (2016) comment “Hopefully, [textual analysis] methods can be 

developed that are better able to capture the information in this [social media] very noisy yet rich 

source of data.” 
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Due to advances in technology, the landscape of how investors gather and process 

information has evolved. For example, investors began using Google to search for and gather 

financial information about stocks as shown in Da, Engelberg, and Gao (2011) and Drake, 

Roulstone and Thornock (2012). Blankespoor, Miller and White (2014), show that firms that use 

Twitter to communicate information achieve a lower bid-ask spread, consistent with a reduction 

in information asymmetry. Jung, Naughton, Tahoun and Wang (2015) show that firms’ tweets 

about earnings announcements can improve their information environments. Chen, De, Hu and 

Hwang (2014) show that collective opinion, or wisdom of the crowd, of opinions transmitted on 

Seeking Alpha, a popular investment crowd-sourcing platform, can predict stock returns. Bartov, 

Faurel, and Mohanram (2016) show that opinions on Twitter just before earnings announcements 

predict quarterly earnings. Chen, Hwang and Liu (2016) examine tweeting of CEOs showing that 

such tweeting can increase customer base, and improve stock liquidity, but that some of these 

effects are subsequently reversed. Chawla, Da, Xu and Ye (2015) use data from TD Ameritrade to 

show that the diffusion of news, particularly trading news, on social media is associated with lower 

bid-ask spreads on news days. 

 

4.2. Data and summary statistics 

4.2.1. Twitter data collection 

To collect the tweets used in this project. I set up two computers that are constantly 

collecting financial tweets about all firms listed on the three major US exchanges, NYSE, AMEX, 

and NASDAQ. These computers use programs written in the Python programming language and 
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make use of the Twitter Application Program Interface (API)26. The collection of data takes place 

daily and captures all the financial tweets on a daily basis. I identify financial tweets as those that 

contain the “cashtag” $ symbol, and the stock ticker. In my Python program, I provide the tickers 

of all stocks listed on the NYSE, AMEX and NASDAQ. Twitter makes these tweets searchable 

and collectable for a period of approximately seven days27, after which they are irretrievable. For 

this reason, it is necessary to collect the tweets on a daily basis28. After collecting the tweets, I 

store them in a database to prepare them for further analysis. 

Table 4-1 describes summary statistics about the sample of tweets collected about all firms 

in the sample. A total of 2,555,473 tweets covering 1,993 firms in the period between December 

24th 2016 and April 7th, 2017. The tweets originate from 204,501 unique Twitter users. In total, the 

sample sets comprises 137,115 firm days. For a detailed description of all variables used and their 

sources, please see Appendix A for chapter 4 

Interestingly, tweeters tweet financial information using numerous methods. As Table 4-2 

illustrates, the most common method used to tweet financial information is the Twitter Web Client, 

which is not surprising. However, a substantial volume of tweeting originates from the 

iPhone/iPad. In addition, tweeters also tweet financial information using Twitter for Android 

(which is the Twitter platform for Android mobile devices). While it is well-known that advanced 

in technology are allowing broader access to financial information, it is also the case that new 

technologies, such as mobile devices, are allowing market participants to generate financial 

                                                           
26 See https://dev.twitter.com for the Twitter API details 
27 A description of the availability of tweets for search is available at: https://dev.twitter.com/rest/public/search  
28 Data appearing and disappearing quickly is known as “high velocity data” in which the data is only available 

for a short period, after which it is not available.  

https://dev.twitter.com/
https://dev.twitter.com/rest/public/search
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information more easily. Table 4-2 illustrates the most common methods used to tweet financial 

information. 

One of the benefits of the technological infrastructure built to collect the data for this paper, 

is that it allows for the collection of numerous details about each tweet, including information 

about the tweeter. For example, the sample includes information about the language of the tweeter. 

The vast majority of tweets (over 95%) originate from users using the English language. A small 

number of tweets also originates in Spanish, Russian, French, German, Italian, Portuguese, Dutch, 

and Japanese. Table 4-3 summarizes the top languages used by tweeters of financial information. 

It is not surprising that most of the tweeting is in the English language for two reasons: first, most 

tweeting around the globe is in the English language; secondly, the sample of firms used in this 

paper are those listed in the major American exchanges, hence it is natural that most tweeting is in 

English. Interestingly, the second most common language used is Spanish, which is the second 

largest language group in the US. The fact that Twitter has been blocked in China likely accounts 

for the absence of tweeting in Mandarin and Cantonese. 

4.2.2. Financial tweeting daily and hourly distribution 

Next, it is useful to examine the distribution of financial tweeting throughout the week. 

Figure 4-1 shows the percentage of all tweeting on each day of the week. As the figure shows, less 

tweeting takes place on the weekend. In particular, the volume of tweeting on Saturdays and 

Sundays is slightly less than half of the volume on weekdays. The volume of tweeting is higher, 

and generally somewhat similar for most of the week – with Tuesday exhibiting slightly more 

tweeting than other week days. 
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The breakdown of financial tweeting by hour of day is illustrated in Figure 4-2. As 

expected, financial tweeting is highest during market hours and is generally lower outside of 

market hours. There is also a period of elevated discussions just prior to and just after market 

hours. 

Necessarily, not every firm is tweeted about as frequently as other firms. For example, 

Apple appears to be the firm most tweeted about in this sample with 151,071 tweets. Other firms 

that are tweeted about frequently include Facebook (103,148 tweets), Tesla Motors (101,463 

tweets), Twitter Inc. (93,665 tweets) and Amazon (89,822 tweets). Table 4-4 shows firms that are 

tweeted about frequently by Twitter users. 

 

4.3. Determinants of tweeting about firms 

4.3.1. Firm characteristics that predict tweeting volume 

Given that firms are tweeted about with varying frequencies, I seek to identify the 

characteristics associated with firms that are tweeted about most frequently. For this purpose, I use 

the following regression model: 

ln(𝑇𝑜𝑡𝑎𝑙 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑉𝑜𝑙𝑢𝑚𝑒)𝑖

= 𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑟𝑚 𝐵𝑒𝑡𝑎 𝑖 + 𝛽2 ∗ 𝐵𝑜𝑜𝑘 𝑡𝑜 𝑀𝑎𝑟𝑘𝑒𝑡 𝑅𝑎𝑡𝑖𝑜𝑖 + 𝛽3 ∗ 𝐹𝑖𝑟𝑚 𝑆𝑖𝑧𝑒 𝑖

+  𝛽4 ∗ 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒 𝑖 + 𝛽5 ∗ 𝑃𝑎𝑦𝑜𝑢𝑡 𝑟𝑎𝑡𝑖𝑜 𝑖 +  𝛽6 ∗ 𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑂𝑤𝑛𝑠𝑒𝑟𝑠ℎ𝑖𝑝 𝑖

+ 𝛽7 ∗ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑠 𝐹𝑜𝑙𝑙𝑤𝑜𝑖𝑛𝑔 𝑡ℎ𝑒 𝐹𝑖𝑟𝑚 𝑖

+ 𝛽8 ∗ 𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 𝑜𝑓 𝐴𝑛𝑎𝑙𝑦𝑠 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 𝑖 + 𝛽9 ∗ 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦  𝑖 + 𝜀𝑖 
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The dependent variable is the natural logarithm of the total number of tweets about a firm 

in the full sample. Beta is the CAPM beta, the book to market ratio represents the faction of the 

firm’s book value relative to its market value. Firm size is the natural logarithm of the dollar value 

of the firm. Leverage is the proportion of debt in the firm’s capital structure. Institution ownership 

represents the proportion of shares in the firm held by institutional investors. The number of 

analysts following the firm is the number of unique analysts providing EPS estimates for the firm. 

Finally, the dispersion of analyst forecasts is the standard deviation of the analysts’ forecasts scaled 

by the mean estimate. In addition, industry fixed effects are used in the model. 

The model is depicted in Table 4-5 and shows that the volume of tweeting about a firm 

depends on many of the firm characteristics above. In particular, larger firms are tweeted about 

more so than smaller firms, which is consistent with the notion that investors are paying more 

attention to larger firms. Firms with a higher CAPM beta are tweeted about more frequently than 

firms with lower beta. This is consistent with the notion that riskier firms are tweeted about more. 

This may be due to the fact that riskier firms naturally attract more attention and thus more Twitter 

discussions. Firms with lower institutional ownership are tweeted about more than firms with 

greater institutional ownership. This result suggests that much of the tweeting of financial 

information originates from retail rather than institutional investors – hence the high volume of 

tweeting about firms with less institutional (and more retail) ownership. One somewhat surprising 

result, is that firms with greater analyst coverage are tweeted about more often than firms with less 

analyst coverage. However, where the dispersion of analyst forecasts is greatest, the volume of 

tweeting is also higher. This suggests that in the absence of analysts’ consensus, investors tweet 

more about a stock, where they may be offering opinions or presenting different views about a 

stock in the absence of analysts’ consensus. 
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Finally, different industries are tweeted about with varying frequencies. Industries that are 

subject to higher volumes of Twitter discussions include precious metals, defense, and 

pharmaceuticals. Industries that are tweeted about least frequently include textile, fabricated 

products, and wholesale. 

4.3.2. Determinants of daily tweeting volume 

After examining firm characteristics that predict the volume of investor tweeting about a 

firm, I now focus on the determinants of daily tweeting volume. In particular, the goal is to uncover 

the factors that lead a large tweeting volume on a given day. For this purpose I use the following 

model: 

ln(𝐷𝑎𝑖𝑙𝑦 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑉𝑜𝑙𝑢𝑚𝑒)𝑖𝑡

= 𝛼1 + 𝛽1 ∗ 𝐹𝑖𝑟𝑚 𝑟𝑒𝑡𝑢𝑟𝑛 𝑖𝑡−1 + 𝛽2 ∗ 𝑀𝑎𝑟𝑘 𝑟𝑒𝑡𝑢𝑟𝑛𝑖𝑡−1 + 𝛽3 ∗ 𝑉𝐼𝑋 𝑖𝑡−1

+ 𝛽4 ∗ 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑑𝑎𝑦 𝑖𝑡 + 𝛽5 ∗ 𝑊𝑒𝑒𝑘 𝑏𝑒𝑓𝑜𝑟𝑒 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑖𝑡

+ 𝛽6 ∗ 𝑊𝑒𝑒𝑘 𝑎𝑓𝑡𝑒𝑟 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠  𝑖𝑡

+ 𝛽7 ∗ 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑛 𝑡ℎ𝑒 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑑𝑎𝑦 𝑖𝑡 + 𝛽8 ∗ 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑖𝑡

+ 𝛽9 ∗ 𝐹𝑖𝑟𝑚 𝑓𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 𝑖𝑡 + 𝜀𝑖𝑡 

This model is a panel regression model where the dependent variable is the natural 

logarithm of the number of daily tweets about a firm. The independent variables are the firm’s 

return on the previous trading day, the market return on the previous trading day, the volatility 

index on the previous trading day. Other independent variables include whether a given day is the 

day when a firm announces its quarterly earnings, whether the day is in the week leading to the 

earnings announcement, or the week following the earnings announcement. The model also 

includes the firm’s tweeting volume on the previous day, as well as the tweeting volume for the 
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firm’s industry (based on the Fama-French 48 industry classification). Firm fixed effects are 

included to account for the heterogeneity in firm characteristics. Standard errors are clustered by 

firm and trading day as suggested by Peterson (2009). 

The results, documented in Table 4-6, show that tweeting volume about a firm is driven, 

in part, by its return on the previous trading day. In particular, where the return on the previous 

day is high, a firm is tweeted about more by investors. Interestingly, the coefficient on 

𝑀𝑎𝑟𝑘 𝑟𝑒𝑡𝑢𝑟𝑛𝑖𝑡−1, is not statistically significant, suggesting that tweeting volume about a firm is 

not dependent on the market’s previous day’s return, but only on the individual firm’s return. 

Similarly, tweeting volume about a firm is not dependent on the volatility index (VIX) on the 

previous day. 

The coefficient on 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑑𝑎𝑦 𝑖𝑡 is positive and significant at the 1% level. This is 

rather expected since investor attention is likely to be highest on the day of the firm’s earnings 

announcements – hence, the increase in tweeting volume.  Similarly, tweeting volume remains 

high during the week following earnings releases, as suggested by the positive and significant 

coefficient on 𝑊𝑒𝑒𝑘 𝑏𝑒𝑓𝑜𝑟𝑒 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑖𝑡. The magnitude of the coefficient on 

𝑊𝑒𝑒𝑘 𝑏𝑒𝑓𝑜𝑟𝑒 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑖𝑡 is approximately half of that on 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑑𝑎𝑦 𝑖𝑡, suggesting that 

while tweeting volume is high during the week after earnings announcements, it is higher on the 

day of the release itself.  Surprisingly, the coefficient on  𝑊𝑒𝑒𝑘 𝑎𝑓𝑡𝑒𝑟 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠  𝑖𝑡, while 

positive, is not statistically significant. This suggests that tweeting volume is not abnormally high 

during the week leading to earnings announcements. 

If tweeting volume is high on a given day, it is likely to be high on the next day, as 

suggested by the positive and significant coefficient on 𝑇𝑤𝑒𝑒𝑡𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑛 𝑡ℎ𝑒 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑑𝑎𝑦 𝑖𝑡.   
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This suggests autocorrelation of tweeting about a firm in that when investors tweet about a firm, 

they are likely to continue to tweet about it in high volumes on the next day. 

Finally, this model examines whether tweeting about a firm corresponds to tweeting 

volume about other firms in the same industry. To construct the 𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑡𝑤𝑒𝑒𝑡𝑖𝑛𝑔 variable, I 

add up all the tweeting about all firms in the same Fama-French 48 industry classification 

(excluding the firm in question). I then divide the total number of tweets by the total number of 

firms in the industry (again excluding the firm in question) resulting in the average tweeting 

volume for the industry. The coefficient on this variable is positive and significant at the 1% level 

of significance, suggesting that investors are likely to tweet about a firm on a given day if they 

tweet about other firms in the same industry. This result is plausible insofar as investors are likely 

to pay attention to a firm while paying attention to other firms in the same industry. 

 

4.4. Returns and trading volume 

Next, it is useful to analyze whether tweeting from investors corresponds to higher or lower 

returns and/or trading volume on each given day. I first begin by examining returns followed by 

an analysis of trading volume. The goal is to determine whether higher/lower tweeting volume 

corresponds to higher/lower returns and trading volume. Furthermore, I wish to identify the role 

of tweeting sentiment/tone. 

4.4.1. Textual analysis 

Naturally, not all tweets are expected to have the same effect or to be interpreted similarly. 

In particular, tweets that contain positive news are likely to correspond to higher returns whereas 
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tweets containing negative news or opinion about a firm are likely to correspond to lower/negative 

returns. Identifying the content of each single tweet is practically infeasible given that the number 

of tweets is in the millions. Instead of reading the tweets for content, I conduct textual analysis on 

each tweet to identify the tone or sentiment of the tweet. A detailed procedure of the textual 

analysis follows. 

Textual analysis, as a subfield of finance, has gained prominence over the last decade. In 

particular, Tetlock (2007) used the Harvard IV-4 Psychological Dictionary to analyze the tone of 

a popular Wall Street Article. Tetlock showed that the aggregate sentiment of the article (identified 

by the proportion of negative words contained in the article) affects stock returns for the 

subsequent trading days. 

Loughran and MacDonald (2011) demonstrated that financial language is unique in 

comparison to “normal” English language. For example, according to the Tetlock (2007) Harvard 

Dictionary, a word such as “cancer” or “debt” would be treated as a negative word. However, in 

financial language, such words are not necessarily negative. For example, a pharmaceutical 

company that is developing a drug for cancer will likely use the word ‘cancer’ extensively in its 

statements and news without any negative connotations – quite the opposite in fact. Similar, the 

word ‘debt’ is used frequently in firms’ communications without implying a negative meaning. 

For this reason, Loughran and MacDonald (2011) developed a new dictionary that is particularly 

relevant to analyzing financial language taking some of the above issues into account. 

In this paper, the tweets from investors are likely to contain financial information by virtue 

of being discussions about the stock of a firm, for this reason, I use the Loughran and MacDonald 

(2011) dictionary for the main analysis. In the robustness section, I include the Harvard IV-4 

Psychological Dictionary used in some of the earlier studies. 
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To conduct the textual analysis, I use the Python programming language and obtain a copy 

of the Loughran and MacDonald (2011) dictionary, which is available on Bill McDonald’s website 

(http://www3.nd.edu/~mcdonald/). The text of each tweet is analyzed separately using the 

program. Each tweet receives a score corresponding to the count of the number of positive and the 

number of negative words in the tweet. Tweets containing more positive than negative words are 

deemed positive, while tweets containing more negative words are deemed negative. 

In the next stage, I aggregate the tweets for each firm on each day29. I add up the number 

of positive tweets and negative tweets for each firm. If the number of positive tweets exceeds the 

number of negative tweets, I identify this as a positive firm/day; conversely, if the number of 

negative tweets exceeds the number of positive tweets, I identify this as a negative firm day. This 

analysis is carried out for each firm day in the sample. 

4.4.2. Tweeting and returns 

In this section, I examine firms’ stock returns on a given day to identify whether investors’ 

tweeting corresponds to stock returns. In Table 4-7, I conduct variations of the following model 

(at a daily frequency): 

𝑅𝑒𝑡𝑢𝑟𝑛 (𝑏𝑎𝑠𝑖𝑠 𝑝𝑜𝑖𝑛𝑡𝑠)𝑖𝑡

= 𝛼1 + 𝛽1 ∗ ln (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠) 𝑖𝑡 + 𝛽2 ∗ 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑎𝑦𝑖𝑡

+ 𝛽3 ∗ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑎𝑦 𝑖𝑡 + 𝛽4 ∗ 𝐹𝑖𝑟𝑚 𝑟𝑒𝑡𝑢𝑟𝑛 𝑖𝑡−1 +  𝛽5 ∗ 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑑𝑎𝑦 𝑖𝑡

+ 𝛽6 ∗ 𝑊𝑒𝑒𝑘 𝑏𝑒𝑓𝑜𝑟𝑒 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑖𝑡 +  𝛽7 ∗ 𝑊𝑒𝑒𝑘 𝑎𝑓𝑡𝑒𝑟 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠  𝑖𝑡

+ 𝛽8 ∗ 𝐹𝑖𝑟𝑚 𝑓𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 𝑖𝑡 + 𝛽9 ∗ 𝐷𝑎𝑦 𝑓𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 𝑖𝑡 + 𝜀𝑖𝑡 

                                                           
29 The aggregation of tweets begins at the close of markets on a given day and ends at the close of markets 

on the next day, which also corresponds to the stock returns calculated between the close of markets on one day to the 

close of markets on the next day. 
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In the first model (1) shown in Table 4-7, I regress daily returns (in basis) points on the 

natural logarithm of the number of tweets (the variable of interest). Control variables include the 

firm’s lagged return, a dummy variable that takes a value of 1 if the day is the firm’s quarterly 

earnings release. As well as dummy variables for the week before and the week after a firm’s 

quarterly earnings announcement. Furthermore, I include firm fixed effects, which account for the 

heterogeneity of firm characteristics, and day fixed effects which account for daily market 

conditions such as market returns, volatility, etc. 

In the base model (1), I do not include the sentiment of the tweeting day since I am 

interested in tweeting volume alone (I introduce them in models 2 and 3). The results show that 

the coefficient on ln (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠) 𝑖𝑡 is positive and significant at the 1% level of 

significance. This suggests that more tweets about a firm correspond to higher returns on the day. 

In models 2 and 3, I introduce a dummy variable for negative/positive tweeting sentiment. 

In particular, 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑎𝑦𝑖𝑡 takes the value of 1 if the number of positive tweets on a firm day 

exceeds the number of negative tweets. 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑎𝑦 𝑖𝑡 takes the value of 1 on a firm day where 

the number of negative tweets exceeds the number of positive tweets. 

The results depicted in columns 2 and 3 of Table 4-7 show that returns on negative tweeting 

days correspond to a 18.21 reduction in returns (in basis points), whereas positive tweeting days 

correspond to a 11.3 basis points increase in returns. Both of these figures are significant at the 1% 

level. These results suggest that the tonality of the tweets correspond to stock returns 
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4.4.3. Tweeting and trading volume 

Having looked at the relationship between investors’ tweeting and returns, I now focus on 

trading volume. As with returns, the goal is to examine the relationship between trading volume 

and tweeting volume, and also between trading volume and tweeting sentiment. To examine this 

relationship, I use variations of the following model:  

𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒 𝑖𝑡

= 𝛼1 + 𝛽1 ∗ ln (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠) 𝑖𝑡 + 𝛽2 ∗ 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑎𝑦𝑖𝑡

+ 𝛽3 ∗ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑎𝑦 𝑖𝑡 + 𝛽4 ∗ 𝐹𝑖𝑟𝑚 𝑟𝑒𝑡𝑢𝑟𝑛 𝑖𝑡−1 +  𝛽5 ∗ 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑑𝑎𝑦 𝑖𝑡

+ 𝛽6 ∗ 𝑊𝑒𝑒𝑘 𝑏𝑒𝑓𝑜𝑟𝑒 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑖𝑡 +  𝛽7 ∗ 𝑊𝑒𝑒𝑘 𝑎𝑓𝑡𝑒𝑟 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠  𝑖𝑡

+ 𝛽8 ∗ 𝐹𝑖𝑟𝑚 𝑓𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 𝑖𝑡 + 𝛽9 ∗ 𝐷𝑎𝑦 𝑓𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 𝑖𝑡 + 𝜀𝑖𝑡 

𝑇𝑟𝑎𝑑𝑖𝑛𝑔 𝑣𝑜𝑙𝑢𝑚𝑒 𝑖𝑡 is the natural logarithm of the number of shares traded for a given firm 

on a given day. The independent variables include the number of tweets, the sentiment of the 

tweets, and the firm’s return on the previous trading day. I also include dummy variables for 

whether the day is the earnings announcements day, week before earnings announcements, and 

week after earnings announcements. Firm fixed effects are included to account for the 

heterogeneity in firm characteristics. Day fixed effects are also included to account for the daily 

variations in market conditions. Standard errors are double clustered by firm and day. 

The results of this analysis are depicted in Table 4-8. Column (1) shows the relationship 

between trading volume and the number of tweets about a firm. The coefficient on 

ln (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠) 𝑖𝑡 is positive and significant at the 1% level, hence illustrating that days 

with more tweeting about a firm correspond to significantly greater trading volume. 
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In columns 2 and 3 of Table 4-8, I examine days with negative/positive tweeting sentiment. 

Interestingly, days with negative tweeting sentiment correspond to greater trading volume, while 

days with positive tweeting sentiment correspond to lower trading volume. Both of these results 

are significant at the 1% level. 

It is perhaps instructive to summarize these results, along with the return results from the 

previous section. It appears that days of increased investor tweeting activities correspond to greater 

stock returns as well as increased trading volume. Controlling for tweeting volume, the sentiment 

of the tweeting corresponds to the returns in accordance with the sign: positive tweeting 

corresponds to higher returns and negative tweeting corresponds to lower returns. Interestingly, 

trading volume has an inverse relationship with the sentiment of the tweeting: where tweeting is 

positive, trading volume is lower, and where tweeting is negative, trading volume is higher. This 

asymmetry in trading volume may suggest that investors are more likely to respond to negative 

news by trading more, while trading less on positive news. In this section, I do not claim that 

tweeting necessarily leads to the returns or the trading volume, but that it at least summarizes the 

market’s opinion of the stock on a given day. To this end, a day with negative tweeting sentiment 

represents a negative news day (whether the news originates from Twitter or from elsewhere), in 

such case Twitter functions as a summary or aggregator of investors’ opinion or sentiment. 

 

4.5. Vector Autoregression (VAR) analysis 

Thus far, the analysis has been focused on examining tweeting (both volume and 

sentiment) on a single day. In the previous sections, I showed that firm returns and trading volume 

correspond to tweeting volume as well as the sentiment of the tweeting on the same day. Naturally, 
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it is reasonable to believe that the relationship may extend beyond one day. In other words, 

tweeting sentiment on a given day may affect returns on days beyond one day. Given that tweeting 

sentiment is a daily variable, it is updated on a daily basis. A natural way to model this relationship 

is by using a vector autoregressive (VAR) framework which allows for the examination of the 

dynamics between firm returns and tweeting sentiment over multiple days. 

The VAR methodology was used by Tetlock (2007) to examine the dynamics of returns 

and sentiment of a popular daily Wall Street Journal article. In Tetlock’s setting, the sentiment is 

updated on a daily basis with each new daily article. Similarly, in the setting of this paper, tweeting 

sentiment is updated daily. Two benefits of the VAR analysis is that it allows us to determine 

whether tweeting sentiment has predictive power over returns on subsequent days. Equally 

importantly, it allows us to determine whether returns experience return reversals on the following 

days. 

In this panel VAR settings, I define two endogenous variables: returns and positive 

tweeting sentiment. The VAR model accounts for 5 lags of returns and positive tweeting sentiment. 

For this purpose, it is useful to define the lag operator (Lx) as used in Tetlock (2007). The lag 

operator of a variable represents a vector consisting of x number of lags of the variable. For 

example, L5(zt) is the vector [zt-1, zt-2, zt-3, zt-4, zt-5,]. I also use the 0 subscript to denote the 

inclusion of the contemporaneous term as follows: L50(zt)= [zt, zt-1, zt-2, zt-3, zt-4, zt-5,]. 

I run the following VAR model with the results summarized in Panel A of Table 4-9. 

𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 = 𝛽1 ∗ 𝐿50(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑎𝑦) 𝑖𝑡 + 𝛽2 ∗ 𝐿5(𝑅𝑒𝑡𝑢𝑟𝑛) 𝑖𝑡 + 𝛽3 ∗ 𝐸𝑥𝑜𝑔𝑖𝑡 + 𝜀𝑖𝑡  

In this model, returns are daily firm returns in basis points. Returns are included for the 

current day as well as 5 lags of the returns. Sentiment (in this case positive sentiment) is included 
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with 5 lags in addition to the contemporaneous term. The exogenous (control) variables, include 

the market return, the lagged market return, and the natural logarithm of the number of tweets. 

Moreover, the vector 𝐸𝑥𝑜𝑔𝑖𝑡 includes dummy variables for earnings day, week before earnings, 

and week after earnings. 

Panel B of Table 4-9 replicates the same model with the exception that it examines days 

with negative sentiment rather than days with positive sentiment as follows: 

𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 = 𝛽1 ∗ 𝐿50(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑎𝑦) 𝑖𝑡 + 𝛽2 ∗ 𝐿5(𝑅𝑒𝑡𝑢𝑟𝑛) 𝑖𝑡 + 𝛽3 ∗ 𝐸𝑥𝑜𝑔𝑖𝑡 + 𝜀𝑖𝑡        

The variables and controls are defined as in the VAR for positive days.  

Panel A shows that when the system is exposed to a “positive shock” or a positive tweeting 

day, the returns on the same day are up by 10.35 basis points. This figure is statistically significant 

at the 1% level of significance. Interestingly, firms experience small return reversals during the 

days following a positive tweeting shock (although some of these figures are not statistically 

significant, or only significant at the 10% level).  

Contrasting the result above with the result of Panel B, illustrates a major difference 

between positive and negative tweeting sentiment. In Panel B, we see that a day with a negative 

tweeting shock corresponds to a decrease of 17.12 basis points Interestingly, days following a 

negative tweeting shock continue to exhibit negative returns (although lesser in magnitude than 

the return on the day of the negative tweeting sentiment). This provides a further contrast between 

positive and negative sentiment in that negative sentiment continues to affect asset prices for days 

following the negative sentiment itself. 
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4.6. Robustness tests 

4.6.1. Use of additional dictionary to classify tweeting sentiment 

One of the key variables used in this paper is the aggregate tweeting sentiment. As the 

analysis shows, stock returns correspond to the aggregate sentiment of all tweeting about a firm. 

In the analysis above, I used the Loughran and MacDonald (2011) sentiment analysis dictionary. 

This dictionary has the advantage of being specifically prepared to classify financial language. 

As a robustness test, however, I use the Harvard IV-4 Psychological Dictionary in 

conjunction with the Loughran and MacDonald (2011) dictionary. In particular, I designate a 

positive day as one that is classified as positive according to both dictionaries. Similarly, I classify 

a negative day as one in which both dictionaries classify it as negative.  When both dictionaries 

classify tweeting sentiment as positive, the magnitude of the increase in returns is 9 basis points 

(compared to 11 basis points on days classified as positive using the LM dictionary alone). Where 

both dictionaries classify tweeting sentiment as negative, the decrease in returns is 40 basis points 

(compared to 18 when classified as negative using the LM dictionary alone).  Both figures are 

significant at the 1% level of significance. Similarly, the analysis of trading volume using both 

dictionaries to classify tweeting sentiment provides similar results to the analysis using the 

Loughran and MacDonald (2011) dictionary alone. 

4.6.2. Effect of earnings announcements period: 

One of the aims of this paper is to show that aggregate tweeting volume and sentiment 

about stocks contain stock-relevant information. The results thus far suggest that this is the case. 

One possible concern, however, is that the results may be driven by the earnings announcements 

period. More specifically, it may be that aggregate tweeting contains useful information during 
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earnings announcements period, but not outside of those periods, or in other words, that the results 

are driven by earnings announcements period.  

This possibility is already addressed in the analysis of the previous sections where dummy 

variables for earnings day, week before earnings, and week after earnings are included. To address 

this issue more directly, however, I conduct further analysis on the sample having removed 

earnings announcements period (earnings day, week before earnings, and week after earnings). 

The results of this analysis are reported in panel B in Tables 4-7 and 4-8. This robustness test 

confirms the main finding that that aggregate tweeting about firms contains useful information on 

a daily basis, and not only during earnings season. 

4.7. Conclusion 

This paper shows that aggregate investors’ daily tweeting about stocks corresponds to stock 

returns. Particularly, a greater number of discussions or tweets about a firm (originating from all 

Twitter users) corresponds to greater returns and trading volume on a given day. Furthermore, 

tweeting sentiment corresponds to the sign of returns in that positive tweeting sentiment 

corresponds to positive returns, whereas negative tweeting sentiment corresponds to negative 

returns. Interestingly, trading volume is abnormally high on days of negative tweeting sentiment, 

while abnormally low on days of positive tweeting sentiment. This suggests that investors behave 

differently on days of positive sentiment than on days of negative sentiment; in particular, they are 

more likely to trade on days of negative sentiment – hence the abnormally high trading volume. A 

second result illustrating the difference between positive and negative sentiment is that positive 

sentiment days experience mild return reversals on subsequent trading days, whereas on negative 

sentiment days, negative returns persist for days following the negative sentiment day. 
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Twitter discussions about firms appear to be clustered among firms with greater retail and 

less institutional ownership, and for firms with greater dispersion of analyst forecasts. These two 

results suggest that Twitter is providing an outlet for retail investors to discuss stocks, and that the 

volume of discussions is highest in the absence of analysts’ consensus. 
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Figure 4-1: Tweeting distribution by day of the week. This figure shows the breakdown 

of financial tweets (in percentages) by day of the week. The sample includes all financial 

tweets about all firms in the sample set. The tweets are those that strictly discuss financial 

information. 
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Figure 4-2: Tweeting distribution by hour of day. This figure shows the breakdown of 

financial tweets (in percentages) by hour of day. The sample includes all financial tweets 

about all firms in the sample set. The tweets are those that strictly discuss financial 

information. 
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Table 4-1 

Twitter sample descriptive statistics 

This table provides general descriptive statistics for the sample of tweets. The tweets include all 

financial tweets in which a Twitter user mentions a firm’s stock using the $ symbol and the stock 

ticker, indicating that the tweet strictly discusses a firm’s stock. Firms are those listed on the NYSE, 

AMEX, and NASDAQ. 
 

  
 

  

Sample period December 24th 2016- April 7, 2017 

Number of tweets 2,555,473 

Number of firms/entities covered 1,993 

Number of unique tweeters 247,652 

Number of tweets classified as positive in 

tone 

264,384 

Number of tweets classified as negative in 

tone 

351,967 
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Table 4-2 

Modes of tweeting financial information 

This table shows the most commonly used modes of communication used by Twitter users to tweet 

financial information. The Twitter system records the device/method used by the tweeting user.  
 

 

Mode % of all tweets 

 

  

Twitter website 22.82% 

Twitter for iPhone/iPad 11.11% 

IFTT (web-based service) 10.48% 

Zapier.com (web-based service) 10.38% 

Twitter for Android 5.80% 
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Table 4-3 

Financial tweeting users’ languages 

 

This table depicts the languages used by Twitter users tweeting financial information about stocks 

listed on the NYSE, AMEX, or NASDAQ. A Twitter user indicates their language when they sign 

up for a Twitter account and this data is summarized below for the dataset used in this paper. 

 

Language % of all tweets 
 

  

English 95.87% 

Spanish 1.16% 

Russian 0.71% 

French 0.41% 

German 0.33% 

Italian 0.25% 

Portuguese 0.23% 
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Table 4-4 

Number of tweets for firms with the most frequent conversations 
 
 

This table depicts the number of tweets in which a firm is mentioned in a financial tweet. A tweet is 

identified to belong to a firm when it contains the $ symbol and the firm ticker (e.g. $AAPL). This signifies 

that the tweet strictly discusses the stock of the firm. 

 

Firm Number of tweets 
 

  

Apple Inc. 151,071 

Facebook Inc. 103,148 

Tesla Inc. 101,463 

Twitter Inc. 93,665 

Amazon 89,822 
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Table 4-5 

Determinants of tweeting about a firm given firm characteristics 
 

This table depicts the predictability of the volume of tweets about a firm given lagged firm characteristics. 

The sample covers all firms listed on NYSE, AMEX, and NASDAQ. The dependent variable of a regression 

takes the value of 100*ln(total number of tweets about a firm). The independent variables lagged 

parameters: Beta, which is the CAPM beta; B/M represents the book to market ratio of equity; Size is the 

natural logarithm of the market value of equity; Leverage is the leverage ratio of the firm; Institution is the 

percentage of shares held by institutional investors; Analysts is the number of analysts following the firm. 

Dispersion is the standard deviation of analyst forecasts scaled by the absolute value of the mean of 

forecasts. Fama and French 48 industry fixed effects are also included. ***, **, * denote statistical 

significance at the 1% 5% and 10% levels respectively. Standard errors are reported in parentheses. 

 Number of tweets about 

firm  

 

  

Beta 0.093** 

 (0.04) 

  

B/M 0.042 

 (0.06) 

  

Size 0.279*** 

 (0.02) 

  

Leverage 0.339** 

 (0.14) 

  

Payout -0.102 

 (0.10) 

  

Institution -0.658*** 

 (0.13) 

  

Analysts 5.619*** 

 (0.34) 

  

Dispersion 1.393*** 

 (0.51) 

 

 

Industry fixed 

effects 

 

 

 

Included 

Adjusted R2 0.514 

N 1532 

 

 



 

118 

 

Table 4-6 

Determinants of tweeting volume about a firm on a given day 

 
 

This table documents the predictability of the number of tweets about a given firm on a trading day. The 

dependent variable is the natural logarithm of the number of tweets about a firm. Estimates are from a panel 

regression with firm fixed effects. Lagged return is the return on the previous trading day. Market return is 

the market return on the previous trading day. VIX t-1 is the previous day’s volatility index. Earnings day is 

the day of the firm’s earnings announcement, Week before earnings is the week prior to the firm’s earnings 

announcement. Week after earnings is the week after the firm’s earnings announcement. Tweeting on 

previous day is the natural logarithm of the firm’s number of tweets on the previous trading day. Industry 

tweeting represents the average number of tweets per firm in the same industry on a given day. ***, **, * 

denote statistical significance at the 1% 5%, and 10% levels respectively. Standard errors are reported in 

parentheses. 

 Number of tweets 

about firm 

  

Return (basis points) t-1 1.751***  

 (0.28)  

   

Market return t-1 -0.939  

 (3.53)  

   

VIXt-1 -0.009 

(0.06) 

 

 

Earnings Day 

 

 

Week Before Earnings 

 

 

Week After Earnings 

 

 

Tweeting on previous 

day 

 

 

Industry tweeting 

 

 

Adjusted R2 

 

1.170*** 

(0.08) 

 

0.081 

(0.05) 

 

0.526*** 

(0.06) 

 

0.243*** 

(0.04) 

 

0.012*** 

(0.004) 

 

0.644 

 

N        137115  
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Table 4-7 

Returns and tweeting about firms 
 

This table documents the results of the panel regression of returns (in basis points) on the volume and 

sentiment of tweets about a given firm. Tweeting volume is the natural logarithm of the number of tweets 

about a firm on a given day. Negative sentiment/Positive sentiment is a binary variable that takes the value 

of 1 if the firm day’s sentiment is classified as negative (Model 2), or positive (column 3). Control variables 

used (but not shown) are: Lag_return is the firm’s previous day’s return. Earnings day is the day of the 

firm’s earnings announcement; Week before earnings is the week prior to the firm’s earnings 

announcement. Week after earnings is the week after the firm’s earnings announcement. Firm and day fixed 

effects are used. Panel A shows the results for the full sample while Panel B shows the result for the sample 

excluding earnings season. Standard errors, in parentheses, are clustered by firm and day. ***, **, * denote 

statistical significance at the 1% 5%, and 10% levels respectively. 

Panel A: Full sample 

   
 
 
 

 
 

Model (3) 
 

Returns (basis points) Model (1) Model (2) 

 

Tweeting volume  

 

23.671*** 

 

26.334*** 
 

22.870*** 

 

 

Negative sentiment 

 

 

Positive sentiment 

 
 

Controls 

Day fixed effects 

Firm fixed effects 

(1.78) 
 

----- 

 

 
----- 

 

 

Included 

Included 

Included 

(1.83) 
 

-18.213*** 

(1.74) 

 
----- 

 

 

Included 

Included 

Included 

(1.79) 
 

----- 

  
 

 

11.284*** 

 (1.82) 
 
 

 

Included 

Included 

Included 
 

R2 0.105 0.106 0.105 

N 137115 137115 137115 
 

Panel B: Sample excluding earnings period 

   
 
 
 
 
 

Model (3) 
 

Returns (basis points) Model (1) Model (2) 

 

Tweeting volume  

 

23.345*** 

 

25.280*** 
 

22.817*** 

 

 

Negative sentiment 

 

 

Positive sentiment 

 
 

Controls 

Day fixed effects 

Firm fixed effects 

(1.83) 
 

----- 

 

 
----- 

 

 

Included 

Included 

Included 

(1.84) 
 

-13.061*** 

(1.68) 

 
----- 

 

 

Included 

Included 

Included 

(1.84) 
 

----- 

  
 

 

6.975*** 

 (1.88) 
 
 

 

Included 

Included 

Included 
 

R2 0.117 0.118 0.117 

N 116563 116563 116563 
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Table 4-8 

Trading volume and tweeting about firms 
 

This table documents the results of the panel regression of trading volume, defined as the natural logarithm 

of the number of shares traded, on the volume and sentiment of tweets about a given firm. Tweeting volume 

is the natural logarithm of the number of tweets about a firm on a given day. Negative sentiment/Positive 

sentiment is a binary variable that takes the value of 1 if the firm day’s sentiment is classified as negative 

(Model 2), or positive (column 3). Control variables used but not shown in the table are: Lag_return is the 

firm’s previous day’s return. Earnings day is the day of the firm’s earnings announcement; Week before 

earnings is the week prior to the firm’s earnings announcement. Week after earnings is the week after the 

firm’s earnings announcement. Firm and day fixed effects are used. Panel A shows the results for the full 

sample while Panel B shows the result for the sample excluding earnings season. Standard errors, in 

parentheses, are clustered by firm and day. ***, **, * denote statistical significance at the 1% 5%, and 10% 

levels respectively. 

Panel A: Full sample 

   
 
 
 
 

 

Model (3) 
 

Trading volume Model (1) Model (2) 

 

Tweeting volume  

 

0.215*** 

 

0.213*** 
 

0.219*** 

 

 

Negative sentiment 

 

 

Positive sentiment 

 
 

Controls 

Day fixed effects 

Firm fixed effects 

(0.01) 
 

----- 

 

 
----- 

 

 

Included 

Included 

Included 

(0.01) 
 

0.019*** 

(0.01) 

 
----- 

 

 

Included 

Included 

Included 

(0.01) 
 

----- 

  
 

 

-0.056*** 

 (0.01) 
 
 

 

Included 

Included 

Included 
 

R2 0.917 0.917 0.917 

N 136254 136254 136254 

Panel B: Sample excluding earnings period 

   
 
 
 
 

 

Model (3) 
 

Trading volume Model (1) Model (2) 

 

Tweeting volume  

 

0.196*** 

 

0.193*** 
 

0.200*** 

 

 

Negative sentiment 

 

 

Positive sentiment 

 
 

Controls 

Day fixed effects 

Firm fixed effects 

(0.01) 
 

----- 

 

 
----- 

 

 

Included 

Included 

Included 

(0.01) 
 

0.022*** 

(0.01) 

 
----- 

 

 

Included 

Included 

Included 

(0.01) 
 

----- 

  
 

 

-0.053*** 

 (0.01) 
 
 

 

Included 

Included 

Included 
 

R2 0.917 0.917 0.917 

N 115829 115829 115829 
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Table 4-9 

Vector autoregression of returns and tweeting sentiment 
 
 

This table reports estimates from panel vector autoregressions: yit = αi +∑ 𝛽𝑖 ∗ 𝑦𝑖𝑡−1
5
𝑖=1 + 𝛽6𝐸𝑥𝑜𝑔𝑖𝑡 + εit. The 

coefficients are obtained using system GMM estimations. The dependent variables are returns and tweeting days’ 

sentiment with 5 lags. Panel A shows the effect on returns due to a negative tweeting shock, and Panel B shows effect 

on returns due to a positive tweeting shock Exogenous variables used (but not listed) are: ln_tweetCount is the natural 

logarithm of the number of tweets about a firm.  Market return is the daily market return; Lagged market return is the 

previous day’s market return; VIX is the volatility index; Earnings day is the day of earnings announcement; Week 

before earnings and Week after earnings are the week before and after earnings announcement. ***, **, * denote 

statistical significance at the 1%, 5% and 10% levels respectively. Standard errors are reported in parentheses. 

Panel A: Return as a function of positive tweeting shocks 

 Dep. variable: Returns (basis points) 
 

Tweeting Day t 10.350*** 

(2.08) 
  

Tweeting Dayt-1 -3.757* 

(2.05) 
  

Tweeting Dayt-2 -2.937 

 (2.05) 
  

Tweeting Dayt-3 -3.414* 

 
 

Tweeting Dayt-4 

 
 

Tweeting Dayt-5 

(2.05) 
 

-2.574 

(2.05) 
 

-1.237 

(2.04) 
  

AICC 9.646 

N 135125 
 

Panel B: Return as a function of negative tweeting shocks 

 Dep. variable: Returns (basis points) 
 

Tweeting Day t -17.119*** 

(2.00) 
  

Tweeting Dayt-1 -4.469** 

(1.95) 
  

Tweeting Dayt-2 -6.666*** 

 (1.95) 
  

Tweeting Dayt-3 -5.248*** 

 
 

Tweeting Dayt-4 

 
 

Tweeting Dayt-5 

(1.94) 
 

-6.102*** 

(1.94) 
 

-5.114*** 

(1.92) 
  

AICC 9.752 

N 135125 
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Chapter 5 

 

Conclusions 

 

The goal of this work has been to investigate the role of social media in financial markets. 

In chapter 2, I investigate the most basic question of corporate use of social media – whether it is 

informative or is merely hype. The chapter is especially motivated by the April 2nd, 2013 SEC’s 

ruling, which allows firms to use social media as an official channel to communicate financial 

information to investors. I show that the regulation of social media appears to be effective in that 

corporate tweeting following the regulation appears to be informative – whereas before the 

regulation it was largely hype.  Informative tweeting refers to the situation in which a firm’s stock 

price responds to its own tweeting. Hype tweeting, on the other hand, refers to the situation in 

which a firm’s stock price does not respond to its own tweeting.  Furthermore, the thesis shows 

that firms are most likely to tweet negative information at times of low investor attention – such 

as Friday afternoons and outside of market hours. This finding echoes previous literature showing 

that firms communicate negative news on Fridays or outside of market hours. More importantly, 

it is consistent with the notion that firms use social media just as they use other mediums to 

communicate information to investors. 

Chapter 3 investigates whether corporate use of Twitter can lower the cost of equity capital 

for a firm. The results suggest that this is the case, and that firms that face the greatest information 

asymmetries (smaller firms, firms with less analyst coverage and institutional investors) 

particularly benefit from tweeting financial information about their firm.  
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Chapter 4 expands beyond the realm of corporate use of social media, to investigate 

investors’ use of social media. By aggregating the opinions of all investors on Twitter on a daily 

basis, it is possible to identify a link between tweeting sentiment and volume, and asset prices and 

trading volume. Particularly, tweeting volume corresponds to higher returns, and tweeting 

sentiment corresponds to the direction of returns. Furthermore, firms with less institutional 

ownership and more dispersion of analyst forecasts are tweeted about more often. This suggests 

that financial tweeting originates primarily from the retail investor base, and that, to some extent, 

it attempts to alleviate the lack of consensus about a given stock. 

In addition to examining the economic consequences of the use of social media, this thesis 

contributes to the literature dealing with textual analysis in finance. Particularly, it applies current 

textual analysis techniques to the domain of social media. Furthermore, it suggests an approach to 

classify social media content into financial and non-financial – which is an attempt to extract useful 

information from an otherwise noisy medium. 

Finally, the goal of this work has been to develop a comprehensive understanding of the 

role of social media in financial markets. By examining the use of social media by market 

participants and firms alike, it is possible to develop this multi-faceted understanding. More 

generally, this work attempts to illustrate one of the many ways in which technology affects 

financial markets, particularly to the extent that it facilitates the exchange and dissemination of 

financial information. 
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Appendix A for Chapter 2: Regression variable definitions and data sources 

Variable Definition Source 

 

 

Panel A: Dependent Variables 

 
Return  

 

Trading volume 

Daily return on company’s common share 

 

Natural logarithm of the number of shares traded, 

or, natural logarithm of the dollar value of trades 

CRSP 

 

CRSP/TAQ 

 

   
 

Panel B: Control Variables 
 

   

Beta 

 

The result of the regression of firms’ monthly 

excess return on the excess return of the CRSP 

value-weighted portfolio using a 60-month rolling 

window defined in June of each year. Excess return 

is defined as the monthly return above the one-

month treasury bill. 
 

Author’s calculation from 

CRSP returns data 

Book to market ratio The ratio of book value of equity to the market 

value of equity.  The book value is defined as: [the 

book value of shareholders’ equity + deferred taxes 

and investment tax credit – Book value of preferred 

stocks] 
 

Author’s calculation from 

COMPUSTAT data 

Leverage The ratio of the firm’s long term debt to the total 

assets of the firm 

Author’s calculation from 

COMPUSTAT data 

 

Ln (Size) The natural logarithm of the market value of the 

firm’s equity (in millions of dollars). 

Author’s calculation from 

COMPUSTAT data 

 

Return on equity The annual return on equity (Net Income/Equity) COMPUSTAT 

 

Analyst following The number of analysts providing one-year EPS 

estimates for the stock 

Author’s calculation from 

I/B/E/S data 

 

Dispersion of forecasts The dispersion of analyst forecasts is the standard 

deviation of analysts’ one-year ahead forecasts 

scaled by the mean of estimates 
 

Author’s calculation from 

I/B/E/S data 

 

Institutional ownership The total percentage of the company’s shares that 

are held by institutional investors 
 

Author’s calculation from 

Thomson Reuter’s 13F 

Payout This is the ratio of the firm’s net income paid as 

dividends. Defined as common dividends/net 

income 

Author’s calculation from 

COMPUSTAT 
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Appendix A for Chapter 2 (Continued) 

 

  

Variable                              Definition                                                               

 

Industry 

 

 

 

 

CEO age 

 
 

Market return 

 

Market trading volume 

 

VIX 

 

Earnings day 

 

 

Week before earnings 

 

 

Week after earnings 
 

 

 

 

Corporate press release day 

 

The industry membership of the firm in one of the 

Fama French 48 industry classifications 

 

 

 

Age of the firm’s Chief Executive Officer 

 
 

The value-weighted daily market return 

 

The equally weighted 15-minute market trading 

volume 

 

CBOE S&P 500 Volatility Index 

 

A binary variable that takes the value of 1 on a 

firm’s earnings announcements day 
 

A binary variable that takes the value of 1 for the 

week prior to a firm’s earnings announcement day 
 

A binary variable that takes the value of 1 for the 

week following a firm’s earnings announcement  

 

A binary variable that takes the value of 1 on days 

when firms issue press releases to newswires 

 

 

Determined from CRSP 

historical SIC codes and 

Kenneth French’s website 

(to convert SIC to FF 48) 

 

COMPUSTAT Executive 

Compensation 
 

CRSP 
 

TAQ 

 

 

CBOE Indexes 

 

Author’s calculation from 

I/B/E/S 

 

Author’s calculation from 

I/B/E/S 
 

Author’s calculation from 

I/B/E/S 

 

Factiva 

 

Panel C: Twitter Variables 

 

Tweeting day A trading day on which a firm tweets one or more 

tweet 

 

Twitter API 

Financial tweeting day A trading day on which a firm tweets financial 

information  

Twitter API 

 

Tweeting on previous day 

 

 

Industry tweeting 

 

 

 

Twitter followers 

 

 

Scaled followers 

 

A binary variable that takes the value of 1 if the 

firm tweeted on the previous day 

 

A unit variable ( between 0 and 1) that represents 

the proportion of tweeting firms from a given 

industry on a given day (excluding the given firm) 

 

The number of Twitter users who are following the 

firm’s official Twitter account 

 

The number of Twitter followers scaled by firm size 

 

Twitter API/author’s 

calculation 

 

Author’s calculation 

 

 

 

Twitter API 

 

 

Author’s calculation 
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Appendix B for Chapter 2: List of financial keywords and sample financial tweets 

 

Keyword 

 

 

Declare  

Quarter 

Quarterly 

 

Repurchase  

Earning 

Earnings 

 

Acquire 

Acquires 

 

Acquisition, acquisitions  

Analyst, analysts  

Webcast, webcasts  

Payout  

Growth  

Subsidiary  

$  

News  

Market, markets  

Industry  

Qtr, q1, q2, q3,q4, qtr1, qtr2, qtr3, qtr4  

Dollar, dollars 

Result, results 

 

2006, 2007,…,2014  

Price, prices  

Stock, stocks  

Share, shares  

10-k  

10-q,10q  

Merge, merger, merges, mergers  

Fiscal  

EBIT 

EBITDA 

 

EPS  

Revenue, revenues  

Invest, investment, investments, investing  

Investor, investors  

Finance, financial, financing, financials, financier  

Dividend, dividends 

Forecast 
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Appendix B for Chapter 2 (cont.): Sample of corporate financial tweets 
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INTERNET APPENDIX  

for Chapter 2 

 

 

Additional tests 
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Figure IA.1. Monthly abnormal returns around Reg-SocMedia. This graph shows the monthly average 

abnormal returns on financial tweeting days around the SEC’s Reg-SocMedia. The solid line shows the 

average monthly abnormal returns, while the dashed-lines show the average abnormal returns for the pre 

and post regulation periods. The graph controls for earnings period and VIX and represents the full 

population of all financial tweeting firms listed on NYSE, AMEX, and NASDAQ. 
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Internet Appendix Table IA.1 

Summary of Twitter use by industry 

 

 

 

 

 

 

Industry 
# of 

firms 

Use 

Twitter 

         

Financial 

use 

 Industry 
# of 

firms 

Use 

Twitter 

          

Financial 

use 

Agriculture 8 5 3  Coal 12 4 1 

Food Products 53 28 9  Petroleum and 

Natural Gas 

132    34 20 

Candy & Soda 11 8 2  Communication 95 64 27 

Beer & Liquor 10 6 3  Personal Services 44 27 7 

Tobacco Products 5 3 3  Business Services 341 260 161 

Recreation 16 13 2  Computers 113 87 50 

Entertainment 41 23 4  Electronic Equipment 193 121 65 

Printing and Publishing 18 14 8  Measuring and 

Control Equipment 

70 43 17 

Consumer Goods 53 31 11  Business Supplies 36 17 6 

Apparel 41 29 2  Shipping Containers 9 3 2 

Healthcare 55 22 6  Transportation 70 36 15 

Medical Equipment 110 45 16  Wholesale 95 41 20 

Pharmaceutical Products 239 87 52  Retail 161 134 20 

Chemicals 70 28 17  Restaurants, Hotels, 

Motels 

50 40 5 

Rubber and Plastic 

Products 

15 5 0      

Textiles 9 2 0      

Total 2574   1409       624  

Construction Materials 48 16 5       

Construction 40 15 7      

Steel Works Etc. 42 8 5      

Fabricated Products 6 4 1      

Machinery 96 38 17      

Electrical Equipment 54 22 9      

Automobiles and Trucks 52 21 8      

Aircraft 17 9 5       

Shipbuilding, Railroad 

Equipment 

6 

 

1 1       

 Defense 9 6 4    

Precious Metals 9 4 4     

Non-Metallic and 

Industrial Metal Mining 

20 

 

5 4     

This table shows, as of June 30, 2013, for the full sample of all firms listed on NYSE, AMEX, and NASDAQ, the breakdown 

of Twitter use by industry; where industry is based on the Fama French 48 industry classifications, not including financial 

firms and firms in regulated industries. The number of companies in a given industry is reported in the first column, the 

number of companies in that industry that use Twitter is reported next, the number of companies that tweet financial 

information is reported in the last column. 
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Internet Appendix Table IA.2 

Returns on tweeting days 
 
 

This table documents the results of the panel regression of returns on tweeting and market characteristics. Panel A 

shows the results for the full sample, and Panel B excludes earnings announcements period. The first two columns 

show the return before and after the SEC social media regulation of April 2, 2013 on all tweeting days. Tweeting Day 

is a dummy that takes the value of 1 if a firm tweets any information on a given day and 0 otherwise. Control variables 

used but not shown in the table are: Lagged return is the return on the previous trading day in basis points; Market 

return is the value-weighted market return; Lagged market return is the previous day’s value-weighted market return; 

Lagged tweeting day is a dummy that takes the value of 1 if the firm tweeted on the previous day; VIX is the volatility 

index; Earnings day is the day of the firm’s earnings announcement; Week before earnings is the week prior to the 

firm’s earnings announcement. Week after earnings is the week after the firm’s earnings announcement. Day of the 

week and firm fixed effects are included. The ‘Effect of SEC regulation’ column shows the coefficient on the (Tweeting 

day * after SEC) term, representing the effect of the SEC regulation on returns on tweeting days. Standard errors, in 

parentheses, are clustered by firm and day. The sample covers all tweeting days for the one year period centred on the 

SEC regulation of April 2, 2013. ***, **, * denote statistical significance at the 1% 5%, and 10% levels respectively. 

 

Panel A: Full sample 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Tweeting day  

 

4.955*** 

 

5.476*** 
 

Included 

 

 

Tweeting day * after SEC 
 

Controls 

Fixed effects 

(1.81) 
 

----- 

 
Included 

Included 
 

(1.82) 
 

----- 

 
Included 

Included 

 
4.707 

(3.40) 
 

Included 

Included 
 

R2 0.093 0.120 0.103 

N 152075 170692 322769 
 

Panel B: Sample excluding earnings period 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Tweeting day  

 

4.62** 

 

6.373*** 
 

Included 

 

 

Tweeting day * after SEC 
 

Controls 

Fixed effects 

(1.82) 
 

----- 

 
Included 

Included 
 

(1.94) 
 

----- 

 
Included 

Included 

 
5.253 

(3.40) 
 

Included 

Included 
 

R2 0.101 0.137 0.115 

N 127376 141826 269207 
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Internet Appendix Table IA.3 

Trading volume on tweeting days 
 
 

This table documents the results of the panel regression of trading volume on tweeting and market characteristics.  

Panel A shows the result for the full sample, and Panel B excludes earnings announcements period. Trading Volume 

is the dependent variable expressed as the natural logarithm of traded shares. The first two columns show the trading 

volume before and after the SEC social media regulation of April 2, 2013 on tweeting days. Tweeting day is a dummy 

that takes the value of 1 if a firm tweets on a given day and 0 otherwise. Control variables used but not shown in the 

table are: Lagged return is the return on the previous trading day in basis points; Market return is the value-weighted 

market return; Lagged market return is the previous day’s value-weighted market return; Lagged tweeting day is a 

dummy that takes the value of 1 if the firm tweeted on the previous day; Lagged trading volume is the natural logarithm 

of the number of shares traded on the previous trading day; VIX is the volatility index; Earnings Day is the day of the 

firm’s earnings announcement; Week before earnings is the week prior to the firm’s earnings announcement. Week 

after earnings is the week after the firm’s earnings announcement. Day of the week and firm fixed effects are included. 

The ‘Effect of SEC regulation’ column shows the coefficient on the (Tweeting Day * after SEC) term, representing 

the effect of the SEC regulation on trading volume on tweeting days. Standard errors, in parentheses, are clustered by 

firm and day. The sample covers all tweeting days for the one year period centred on the SEC regulation of April 2, 

2013. ***, **, * denote statistical significance at the 1% 5%, and 10% levels respectively. 

 

Panel A: Full sample 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Tweeting day  

 

0.040*** 

 

0.025*** 
 

Included 

 

 

Tweeting day * after SEC 
 

Controls 

Fixed effects 

(0.01) 
 

----- 

 
Included 

Included 
 

(0.01) 
 

----- 

 
Included 

Included 

 
0.020 

(0.02) 
 

Included 

Included 
 

R2 0.901 0.901 0.897 

N 151114 170022 321138 
 

Panel B: Sample excluding earnings period 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Tweeting day  

 

0.045*** 

 

0.023*** 
 

Included 

 

 

Tweeting day * after SEC 
 

Controls 

Fixed effects 

(0.02) 
 

----- 

 
Included 

Included 
 

(0.01) 
 

----- 

 
Included 

Included 

 
0.044* 

(0.03) 
 

Included 

Included 
 

R2 0.886 0.881 0.871 

N 126933 141505 268443 
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Internet Appendix Table IA.4 

Returns on financial tweeting days excluding firms that joined Twitter after SEC 

regulation 
 

This table documents the results of the panel regression of returns (in basis points) on financial tweeting and market 

characteristics excluding firms that joined Twitter after the SEC social media regulation of April 2, 2013. Panel A 

shows the result for the full sample, and Panel B excludes earnings announcements period. The first two columns 

show the return before and after the SEC social media regulation of April 2, 2013 on financial tweeting days. Financial 

tweeting day is a dummy that takes the value of 1 if a firm tweets financial information on a given day and 0 otherwise. 

Control variables used but not shown in the table are: Lagged return is the return on the previous trading day in basis 

points; Market return is the value-weighted market return; Lagged market return is the previous day’s value-weighted 

market return; Lagged financial tweeting day is a dummy that takes the value of 1 if the firm tweeted financial 

information on the previous day; VIX is the volatility index; Earnings day is the day of the firm’s earnings 

announcement; Week before earnings is the week prior to the firm’s earnings announcement. Week after earnings is 

the week after the firm’s earnings announcement. Day of the week and firm fixed effects are included. The ‘Effect of 

SEC regulation’ column shows the coefficient on the (Financial tweeting day * after SEC) term, representing the 

effect of the SEC regulation on returns on financial tweeting days. Standard errors, in parentheses, are clustered by 

firm and day. The sample covers all financial tweeting days for the one year period centred on the SEC regulation of 

April 2, 2013. ***, **, * denote statistical significance at the 1% 5%, and 10% levels respectively. 

 

Panel A: Full sample 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

-2.956 

 

22.539** 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(9.42) 
 

----- 

 
Included 

Included 
 

(9.12) 
 

----- 

 
Included 

Included 

 
26.264** 

(13.14) 
 

Included 

Included 
 

R2 0.093 0.123 0.104 

N 152075 160243 312320 
 

Panel B: Sample excluding earnings period 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

-10.152 

 

18.127** 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(7.79) 
 

----- 

 
Included 

Included 
 

(8.69) 
 

----- 

 
Included 

Included 

 
29.931*** 

(10.88) 
 

Included 

Included 
 

R2 0.101 0.142 0.116 

N 127376 132782 260163 
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Internet Appendix Table IA.5 

Returns on financial tweeting days excluding firms that started tweeting financial 

information after SEC regulation 
 

This table documents the results of the panel regression of returns on financial tweeting and market characteristics 

excluding firms that began tweeting financial information after the SEC social media regulation of April 2, 2013. 

Panel A shows the result for the full sample, and Panel B excludes earnings announcements period. The first two 

columns show the return before and after the SEC regulation of April 2, 2013 on financial tweeting days. Financial 

tweeting day is a dummy that takes the value of 1 if a firm tweets financial information on a given day and 0 otherwise. 

Control variables used but not shown in the table are: Lagged return is the return on the previous trading day in basis 

points; Market return is the value-weighted market return; Lagged market return is the previous day’s value-weighted 

market return; Lagged financial tweeting day is a dummy that takes the value of 1 if the firm tweeted financial 

information on the previous day; VIX is the volatility index; Earnings day is the day of the firm’s earnings 

announcement; Week before earnings is the week prior to the firm’s earnings announcement. Week after earnings is 

the week after the firm’s earnings announcement. Day of the week and firm fixed effects are included. The ‘Effect of 

SEC regulation’ column shows the coefficient on the (Financial tweeting day * after SEC) term, representing the 

effect of the SEC regulation on returns on Financial tweeting days. Standard errors, in parentheses, are clustered by 

firm and day. The sample covers all financial tweeting days for the one year period centred on the SEC regulation of 

April 2, 2013. ***, **, * denote statistical significance at the 1% 5%, and 10% levels respectively. 

Panel A: Full sample 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

-2.733 

 

20.481* 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(9.42) 
 

----- 

 
Included 

Included 
 

(10.53) 
 

----- 

 
Included 

Included 

 
23.937* 

(14.05) 
 

Included 

Included 
 

R2 0.094 0.122 0.104 

N 142295 153068 295365 
 

Panel B: Sample excluding earnings period 

   Effect of SEC 

regulation 

(Full sample) 
 

 Before SEC regulation After SEC regulation 

 

Financial tweeting day  

 

-10.104 

 

17.564* 
 

Included 

 

 

Financial tweeting day * after SEC 
 

Controls 

Fixed effects 

(7.79) 
 

----- 

 
Included 

Included 
 

(9.55) 
 

----- 

 
Included 

Included 

 
29.397** 

(11.47) 
 

Included 

Included 
 

R2 0.101 0.140 0.116 

N 119170 127090 246264 
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Appendix A for Chapter 3: Regression variable definitions and data sources 

 

Variable Definition Source 

 

 

Panel A: Dependent Variable 

 
Cost of Equity Capital Implied cost of equity for the firm based on the 

Gebhardt, Lee and Swaminathan (2001) model 

(value estimated in June of each year) 

Author’s calculation from 

CRSP, COMPUSTAT 

and I/B/E/S data 

   
 

Panel B: Control Variables 
 

 

Beta The result of the regression of firms’ monthly 

excess return on the excess return of the CRSP 

value-weighted portfolio using a 60-month rolling 

window defined in June of each year. Excess return 

is defined as the monthly return above the one-

month treasury bill. 

Author’s calculation from 

CRSP returns data 

Book to market ratio The ratio of book value of equity to the market 

value of equity.  The book value is defined as: [the 

book value of shareholders’ equity + deferred taxes 

and investment tax credit – Book value of preferred 

stocks] 

Author’s calculation from 

COMPUSTAT data 

Leverage The ratio of the firm’s long term debt to the total 

assets of the firm 

Author’s calculation from 

COMPUSTAT data 

Ln (Size) The natural logarithm of the market value of the 

firm’s equity (in millions of dollars). 

Author’s calculation from 

COMPUSTAT data 

Ln(Age) The natural logarithm of the firm’s age; age is 

defined as the time since the firm was first covered 

in CRSP 

Author’s calculation from 

CRSP data 

Analyst Following The number of analysts providing one-year EPS 

estimates for the stock 

Author’s calculation from 

I/B/E/S data 

Dispersion of forecasts The dispersion of analyst forecasts is the standard 

deviation of analysts’ one-year ahead forecasts 

scaled by the mean of estimates 

Author’s calculation from 

I/B/E/S data 

Institutional Ownership The total percentage of the company’s shares that 

are held by institutional investors 

Author’s calculation from 

Thomson Reuter’s 13F 

Long term growth This is the consensus (mean) long-term growth 

forecast from analysts in June of each year 

Author’s calculation from 

I/B/E/S data 

Industry The industry membership of the firm in one of the 

Fama French 48 industry classifications 

Determined from CRSP 

historical SIC codes and 

Kenneth French’s website 

(to convert SIC to FF 48) 
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Appendix A  for Chapter 3 (Continued) 

 

Variable                              Definition                                                              Source 
 

Panel C: Twitter Variables 

 

Use Twitter A binary variable to determine whether a company 

uses Twitter for a given firm year. 

 

Author’s calculation 

Financial use Whether the firm uses twitter to disseminate 

financial information in a given year 

 

Author’s calculation 

Financial use count The number of tweets with financial content for a 

firm in a given year 

Author’s calculation 
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Appendix B for Chapter 3: Sample Twitter account and tweet 

 

 

 

 

 

This is the main profile, as of September 2013, of Micron Technology Inc. as, an Idaho-

based microelectronics company.  The company has 5277 followers on Twitter, has produced 718 

tweets since the inception of the account.  We can also see the location of the company: Boise, 

Idaho and a brief description about the account.  A profile picture containing the company logo or 

user picture is often included.  

The following figure shows an example of a tweet containing a link to a quarterly earnings 

announcement. 

 

 

 

 

 

 

 

 

(The appendix is continued on the next page.) 
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The tweet above is an example of a link to a quarterly earnings announcement of a firm.  

Note the link to the actual report allowing the reader to go into the details of the announcement on 

the company’s website.  
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Appendix C for Chapter 3: List of financial keywords.  

 

Keyword 

 

 

Declare  

Quarter, quarterly,   

Repurchase  

Earning  

Acquire  

Acquisition  

Analyst  

Webcast  

Payout  

Growth  

Subsidiary  

$  

News  

Market  

Industry  

Qtr, q1, q2, q3,q4, qtr1, qtr2, qtr3, qtr4  

Dollar 

Result, results 

 

2006, 2007,…,2014  

Price  

Stock  

Share  

10-k  

10-q,10q  

Merge, merger, merges  

Fiscal  

EBIT, EBITDA  

EPS  

Revenue  

Invest  

Investor  

Finance, financial, financing  

Dividend  
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Appendix A for Chapter 4: Regression variable definitions and data sources 

Variable Definition Source 

 

 

Panel A: Dependent Variables 

 
Return  

 

 

Trading volume 

Daily return on company’s common share 

calculated on a 24-hour basis 

 

Natural logarithm of the number of shares traded, 

or, natural logarithm of the dollar value of trades 

CRSP/Yahoo Finance 

 

 

CRSP/Yahoo Finance 

 

   
 

Panel B: Control Variables 
 

   

Beta 

 

The result of the regression of firms’ monthly 

excess return on the excess return of the CRSP 

value-weighted portfolio using a 60-month rolling 

window defined in June of each year. Excess return 

is defined as the monthly return above the one-

month treasury bill. 
 

Author’s calculation from 

CRSP returns data 

Book to market ratio The ratio of book value of equity to the market 

value of equity.  The book value is defined as: [the 

book value of shareholders’ equity + deferred taxes 

and investment tax credit – Book value of preferred 

stocks] 
 

Author’s calculation from 

COMPUSTAT data 

Leverage The ratio of the firm’s long term debt to the total 

assets of the firm 

Author’s calculation from 

COMPUSTAT data 

 

Ln (Size) The natural logarithm of the market value of the 

firm’s equity (in millions of dollars). 

Author’s calculation from 

COMPUSTAT data 

 

Analyst following The number of analysts providing one-year EPS 

estimates for the stock 

Author’s calculation from 

I/B/E/S data 

 

Dispersion of forecasts The dispersion of analyst forecasts is the standard 

deviation of analysts’ one-year ahead forecasts 

scaled by the mean of estimates 
 

Author’s calculation from 

I/B/E/S data 

 

Institutional ownership The total percentage of the company’s shares that 

are held by institutional investors 
 

Author’s calculation from 

Thomson Reuter’s 13F 

Payout This is the ratio of the firm’s net income paid as 

dividends. Defined as common dividends/net 

income 

Author’s calculation from 

COMPUSTAT 
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Appendix A for Chapter 4 (Continued) 

 

Variable                              Definition                                                               

 

Industry 

 

 
 

 

Market return 

 
 

 

VIX 

 

 

Earnings day 

 

 

Week before earnings 

 

 

Week after earnings 
 

 

 

The industry membership of the firm in one of the 

Fama French 48 industry classifications 

 

 

The average daily market return calculated on a 

24-hour basis 
 

 

CBOE S&P 500 Volatility Index 

 

A binary variable that takes the value of 1 on a 

firm’s earnings announcements day 
 

A binary variable that takes the value of 1 for the 

week prior to a firm’s earnings announcement day 
 

A binary variable that takes the value of 1 for the 

week following a firm’s earnings announcement  

 

 

Determined from CRSP 

historical SIC codes and 

Kenneth French’s website 

(to convert SIC to FF 48) 

Yahoo Finance 

 

 

CBOE Indexes 

 

Author’s calculation from 

Compustat 

 

Author’s calculation from 

Compustat 
 

Author’s calculation from 

Compustat 

 

 

Panel C: Twitter Variables 

 

Tweeting volume The natural logarithm of the number of tweets 

about a firm on a given day 

 

Twitter API/ author’s 

calculation 

Negative sentiment 

 

 

Positive sentiment 

A day on which the aggregate tweeting sentiment 

about a stock is negative 

  

A day on which the aggregate tweeting sentiment 

about a stock is positive 

 

Twitter API/ author’s 

calculation 

 

Twitter API/ author’s 

calculation 

 

Tweeting on previous day 

 

 

Industry tweeting 

 

 

A binary variable that takes the value of 1 if the 

firm tweeted on the previous day 

 

A unit variable that represents the proportion of 

tweeting firms from a given industry on a given day 

(excluding the given firm) 

 

Twitter API/author’s 

calculation 

 

Author’s calculation 

 

 

 

 

 


