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Abstract 

This study investigates the information content of articles from the crowd-sourced investment 

advice platform Seeking Alpha (SA), its timeliness, and its relevance for more sophisticated 

investors. Textual analysis is employed to extract positive sentiment, negative sentiment, and 

directional sentiment contents of economic events in coding SA documents. Immediate market 

returns and 90-day drift returns follow the directional sentiment of SA articles, incremental to the 

information in the most recent earnings surprise and earning announcement return. This 

information is new to the stock and options market, suggesting it is timely for both retail and 

more sophisticated investors. Option volatility spread and volatility skew changes follow 

publication of SA articles. In addition, SA information seems incremental to common risk 

factors. A hedged portfolio strategy buying the most positive SA sentiment firms and selling the 

most negative earns positive monthly returns after controlling for size, market-to-book, and 

momentum. 
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1. Introduction 

With the universality of the internet, more channels of communication and information 

dissemination have emerged. This era of investor democratization also raises new questions 

about social media as a source of value relevant firm information for capital market participants. 

Some consider social media as more of an information dissemination facilitator (Blankespoor et 

al. [2014], Jung et al. [2018]) while others claim it can be the source for new information (Tang 

[2018], Huang et al. [2020]). We investigate one such type of social media that caters to the 

investment community – Seeking Alpha. Seeking Alpha was created in 2004, and as the name 

suggests, was designed as a forum where the investment community would be able to post their 

stock recommendations and alpha-generating ideas. It has evolved into a multi-functional 

platform offering a multitude of tools for the user, including reading investment advice articles, 

viewing earnings call transcripts, monitoring stocks and bonds, and discussing investment 

strategies. 

 Earlier research on Seeking Alpha has found that Seeking Alpha has informational value 

for returns (Chen et al. [2014], Campbell et al. [2019], Drake et al. [2023]). However, their 

analyses focus on either the average Loughran and McDonald [2011] word sentiment revealed 

by all Seeking Alpha articles about a firm in a period or the number of articles. We slightly differ 

in our methodology and study Seeking Alpha information on an article-by-article basis. We 

consider article sentiment also important to explore, as an article scoring mimics how human 

readers would consume Seeking Alpha information.  

We explore the research question whether Seeking Alpha article sentiment provides 

directional information for returns that is incremental to other publicly available sources of 

information. To categorize article sentiment, we use Natural Language Processing (NLP) textual 
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analysis to code phrases that contain positive and negative business information. These phrases 

cover more than 50 business events types, such as product announcements, mergers and 

acquisitions and workforce. We then assign a net score, READER SENTIMENT, based on the 

difference between the positive and negative mentions. Using Fama-MacBeth regressions, we 

test the relationship between the rank of READER SENTIMENT, SASCORE, and excess returns 

controlling for size, market-to-book, and momentum. We find that the SASCORE of Seeking 

Alpha articles positively correlates with immediate [-1, +1] stock market returns, after 

controlling for the information released in the prior earnings announcement and earnings 

surprise. We also document incremental explanatory power of SASCORE for [+2, +90] drift 

returns after controlling for earnings news and earnings surprise. In reference to the contradicting 

evidence of Chen et al. [2014] and Campbell et al. [2019] who find significant correlation and no 

correlation, respectively, between Seeking Alpha sentiment and [+3, +60] returns, our results 

support Chen et al. [2014]. There is a persistent correlation between Seeking Alpha sentiment 

and returns without reversal. Seeking Alpha sentiment seems to be informative for future stock 

returns.   

We further investigate characteristics of Seeking Alpha information. Informed trading 

(Amin and Lee [1997], Roll et al. [2010], Pan and Poteshman [2006], Hu [2014], Kacperczyk 

and Pagnotta [2019], Lei et al. [2020]) and price discovery (Chakravarty et al. [2004]) also 

happens in the options market. We explore if Seeking Alpha sentiment is also value relevant for 

options market measures. The measures we use are the options volatility spread and skew. A 

more positive volatility spread has been shown to correlate with good news (Cremers and 

Weinbaum [2010], Jin et al. [2012], Han and Li [2021], Atilgan [2014], Lei et al. [2020], 

Hayunga and Lung [2014], Lin and Lu [2015]) while a higher volatility skew is an indicator of 
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bad news (Xing et al. [2010], Hayunga and Lung [2014], Lin and Lu [2015]). Changes in options 

market volatility spread and volatility skew correlate positively and negatively, respectively, 

with the net NLP tone SASCORE in Seeking Alpha articles, incremental to the earnings news and 

earnings surprise. Together, the stock and options market results suggest Seeking Alpha 

information rates highly on the timeliness factor. Seeking Alpha publication leads changes in 

both the stock and options markets. In additional analyses, we document that a hedged Seeking 

Alpha portfolio strategy that buys the most positive Seeking Alpha SASCORE firms and sells the 

most negative Seeking Alpha SASCORE firms generates approximately 50 basis points return per 

month after controlling for risk factors including size, market-to-book, and momentum. 

 The first contribution this study makes to the literature is that to the best of our 

knowledge, this is the first paper that looks at the options market consequences of Seeking 

Alpha. In addition to prior studies focusing on stock market reactions (Chen et al. [2014], Farrell 

et al. [2022], Campbell et al. [2019], Drake et al. [2023], Gomez et al. [2022]), we find responses 

to Seeking Alpha sentiment in the options market where experienced capital market participants 

trade such as investment banks (Lowry et al. [2019]), those who receive early information from 

analysts (Lin and Lu [2015]), and those who seek higher levels of leverage (Pan and Poteshman 

[2006]). The option volatility spread and skew changes in the direction of Seeking Alpha 

sentiment after publication of article, suggesting Seeking Alpha information is value-relevant for 

options trading. Extant research has mostly focused on gains to retail investors from Seeking 

Alpha (Farrell et al. [2022]; Gomez et al. [2022]). We show that Seeking Alpha sentiment leads 

both the stock and options markets, where informed trading and price discovery exist 

(Chakravarty et al. [2004]), Amin and Lee [1997], Roll et al. [2010], Pan and Poteshman [2006], 

Hu [2014], Kacperczyk and Pagnotta [2019], Lei et al. [2020]. Therefore, Seeking Alpha 
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sentiment seems to reflect information before most of the market reacts. It is also timely for more 

sophisticated investors. 

This study’s second contribution is that it provides insight into individual investors’ 

information but disentangles it from their trading activities. It adds to the debate whether 

individual investors have unique information about firms (Ivković et al. [2009], Ivković and 

Weisbenner [2005], Boehmer et al. [2021]), or have limited information and exist mostly to 

provide liquidity to their counterparts such as institutions (Lakonishok et al. [2006], Bauer et al. 

[2009], Barber et al. [2008], Barber and Odean [2000], Kaniel et al. [2008], Seasholes and Zhu 

[2010], Grinblatt and Keloharju [2000]). In accordance with Barber and Odean [2000], we show 

that individual investors’ trading does not equate to their information. The aggregate knowledge 

from a social media platform, of which more than half originate from individual writers 

(Campbell et al. [2019])1 is informative for both the stock and options markets. A hedged 

portfolio strategy buying the best Seeking Alpha-rated firms and selling the worst Seeking 

Alpha-rated firms also earns a significant 50 basis point per month return. It may be the frequent 

trading of individuals or their overconfidence (Barber and Odean [2000], Dorn and Huberman 

[2005]) that renders their trading unprofitable. 

 The remainder of the paper is organized as follows; Section 2 gives a brief overview of 

the Seeking Alpha platform, then outlines what has already been studied in the literature about 

Seeking Alpha and how this paper extends it. Section 3 describes the data and the textual 

analysis methodology used. Section 4 explains the methodology and results including the price 

informativeness of Seeking Alpha articles for the stock and options market, relevance of Seeking 

 
1 Campbell et al. [2019] tabulate that of all the articles published on Seeking Alpha between 2004 and July 2015, 
56% of the author aliases are individuals, 16% are companies, and the rest are anonymous. 



6 
 

Alpha around the earnings announcement, and Seeking Alpha sentiment used as a hedged 

portfolio strategy. Finally, Section 5 provides a concluding discussion. 

 

2. Literature Review and Background 

2.1 Institutional Background 

Owing to the rise of computers and the internet, investors are able to search and obtain 

more varied firm information. They need not rely on firm narratives that are either scheduled, 

such as earnings announcements, or voluntary disclosures, such as management forecasts. With 

the proliferation of computers, social media has emerged as an information source for capital 

market participants. Recent studies on social media have found it to contain information that is 

value-relevant for investors. Jame et al. [2016] have shown that crowd-sourced earnings 

forecasts from the online platform Estimize have incremental information content over 

traditional analyst forecasts from the IBES database for predicting next-period EPS. Tang [2018] 

finds that product information on Twitter correlates with firm sales. Tweets posted on Twitter in 

a short window before the earnings announcements have relevance for the earning surprise and 

earnings announcement return (Bartov et al. [2018]). Blankespoor et al. [2014] document that 

Twitter also helps disseminate firm information that has been published, thereby lowering bid 

ask spreads and decreasing information asymmetry. Al Guindy [2021] finds that firms that have 

a Twitter presence enjoy lower costs of capital, corroborating the argument that Twitter may 

lower information asymmetry. Research has also shown that employee reviews on firms from the 

site, Glassdoor.com, can reveal additional information about sales, operating income, earnings 

surprises (Hales et al. [2018]), as well as earnings announcement returns and return on assets 

(Huang et al. [2020]).  
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While there are many social media channels for information dissemination and search, 

this paper focuses on information from Seeking Alpha, which is a crowd-sourced investment 

advice online platform. As the name suggests, Seeking Alpha started as a forum in 2004 for users 

to post their stock “alpha” ideas, but has gradually evolved into a multi-functional site. On the 

site, users are able to browse investment advice articles, read earnings conference call transcripts, 

publish their interpretations of public reports and announcements, and monitor a plethora of 

investment products. Seeking alpha differs from other social media types in several ways. First, 

Seeking Alpha information pieces are longer in length. Although the community may use 

Seeking Alpha for other purposes such as to view earnings conference call transcripts, we focus 

on the repository of contributor-generated Seeking Alpha articles. The articles may be of varying 

degrees of writer sophistication. Some are similar to analyst reports, some seem to be written by 

experts and contain technical language of the industry, and others read like major news outlet 

reports. Two examples of Seeking Alpha articles are included in Appendix 3. The Methodology 

section describes the content of the two articles in detail and uses them show how sentiment is 

calculated. Seeking Alpha articles are similar in length to news in traditional media such as the 

Wall Street Journal. This is in contrast to Twitter which has a limit of 280 characters2 and 

Estimize which consists of a monetary estimate of earnings. Glassdoor.com allows more 

discretion for contributors when they post employer reviews, but a quick survey through the site 

shows most reviews are less than 200 words in length. Moreover, prior research has focused on 

reviews of firm business outlook (Hales et al. [2018], Huang et al. [2020]), which is a Likert 

scale item. 

 
2 https://developer.twitter.com/en/docs/counting-characters 
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Seeking Alpha is also different from other types of social media as it specializes in 

providing investment advice and all published articles are screened by an editorial board. 

Glassdoor.com and Estimize are also business social media. However, they provide employer 

reviews and earnings forecasts, respectively. Twitter is general interest social media, posts on the 

platform include a variety of topics in addition to business including sports, entertainment, and 

politics. To the best of our knowledge, Seeking Alpha is the only platform that uses an editorial 

board to review articles before publication. In their own words, this is to screen articles for 

“clarity, consistency and impact”3. Estimize also uses a screening tool, but it does not seem to 

check for content. Instead, it is more targeted towards filtering away earning estimates that are 

not in a realistic range4. Having an editorial board does not ensure articles contain accurate 

information or that articles are free from falsification. Clarke et al. [2020] find that the editorial 

board does not always distinguish between articles authored by individuals who were being 

compensated by companies for rating them favorably and articles with no conflict of interest. 

However, the presence of an editorial board is an additional check on the relevance of firm 

information, compared to other social media without these checks.   

 

2.2 Price Informativeness of Seeking Alpha 

As Seeking Alpha is different than other social media, the first question we ask is 

whether the firm information in Seeking Alpha articles is value-relevant to capital market 

participants. Seeking Alpha does not require any qualifications for individuals to become a 

Seeking Alpha article contributor. This is different than fund managers (Chevalier and Ellison 

[2002], Kacperczyk et al. [2014], Jagannathan et al. [2010]) and star analysts (Stickel [1992], 

 
3 https://about.seekingalpha.com/editorial-principles 
4 https://www.estimize.com/faq 
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Clement [1999]) who also provide investment advice but have more requirements and tests for 

qualification into the profession. Seeking Alpha may have many individual investors serving as 

contributors. According to Barber and Odean [2000] and Grinblatt and Keloharju [2000], 

individual investors, on average, underperform compared to institutional investors in equity 

markets. Bauer et al. [2009] also show that individual investors generate losses on average in the 

options market. Therefore, if Seeking Alpha articles are mostly authored by individual investors 

with no other qualifications, the advice in them may contain limited information content. 

In addition, it is not clear what motivates individuals and investment organizations to 

write Seeking Alpha articles. If the information was highly relevant to the firm and required 

substantial costs in its acquisition, in the model of Grossman and Stiglitz [1980] the acquirer 

should trade on the information directly rather than disclose it publicly. Seeking Alpha does not 

seem to offer substantial monetary compensation to render the disclosure decision highly 

profitable. As an example, in an article in 20145, Seeking Alpha discloses it pays contributors 

$270,000 in total per month, and 2,454 contributors have been active in the last six months. As a 

conservative estimate6, each contributor would be paid approximately $340 per month, which 

does not seem to be a substantial amount. An argument in favor of the decision to disclose on 

Seeking Alpha could be that the writer may have already taken advantage of market timing to 

trade and discloses the information shortly after, which has been observed in the market for 

another type of disclosure – shareholder activism (Norli et al. [2015], Collin-Dufresne and Fos 

[2015]). Moreover, the writer may need to publicize the information to receive even greater gains 

as in the case of short sellers (Ljunqvist and Qian [2016]). 

 
5 https://seekingalpha.com/article/2134803-how-much-does-seeking-alpha-pay-its-contributors 
6 We assume each contributor posts at least in two of the six months, which would imply approximately 800 active 
contributors per month. 
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Finally, one may be concerned about the speed at which Seeking Alpha reflects firm 

information. If Seeking Alpha’s primary role is to widely distribute news that has already been 

published elsewhere, i.e., stale news, then price discovery effects may be limited. In prior 

research on traditional media, the role of media in creating as opposed to just disseminating 

information is contingent on the degree of staleness, i.e., the lack of new information presented 

in the article (Bushee et al. [2010], Blankespoor et al. [2018], Guest [2021], Drake et al. [2014]). 

Guest [2021] shows the higher the degree of editorial content, in other words the deviation from 

repetition of already known analyst forecasts, returns, and earnings numbers, the higher the 

market response. It is an empirical question whether Seeking Alpha articles offer new and 

differentiated information, one that we aim to quantify using textual analysis. There is also 

mixed evidence about whether social media can be the source for new information (Tang [2018], 

Huang et al. [2020]) or primarily serves as a dissemination tool (Blankespoor et al. [2014], Jung 

et al. [2018]).  

 Literature on Seeking Alpha articles have also found them to be relevant for returns, but 

use either sentiment averaged over all articles for a firm in a specified period or the number of 

articles published. Chen et al. [2014] find that the more negative the sentiment in Seeking Alpha 

articles about a firm the more negative the returns in the next 60 days and the earnings surprise. 

The negative sentiment measure is calculated as the number of negative words in all articles 

about a firm in a particular period divided by the total number of words in all articles about a 

firm in a particular period. They do not study the role of positive words in Seeking Alpha 

articles. Campbell et al. [2019] show that more positive (negative) Seeking Alpha article 

sentiment is correlated with more positive (negative) day [0, +1] firm returns. They use a similar 

methodology to Chen et al. [2014] in calculating sentiment. Specifically, positive (negative) 
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sentiment is calculated as the fraction of positive (negative) words in all articles for a firm on a 

single day. Drake et al. [2023] document that the publication of at least one Seeking Alpha 

article in the week before sell-side analyst reports subsumes some of the market reaction of the 

analyst reports, suggesting some analyst information is pre-empted in Seeking Alpha articles. 

They do not examine the sentiment of the Seeking Alpha articles except to test if they agree or 

disagree with the sell-side analyst report.  

We consider it also important to examine the net positive minus negative sentiment on an 

article basis. An article-by-article evaluation of the firm may more closely emulate how Seeking 

Alpha articles are used by the investment community in reality7. Moreover, it is not a given that 

those who trade on Seeking Alpha information will read all articles about a firm in a day. This 

seems to be the underlying assumption in Chen et al. [2014] and Campbell et al. [2019] since the 

score for a firm is averaged over all articles published about a firm in a day. As an example of 

the number of articles published, four articles were submitted on Tesla for April 25, 2017 and 

another four articles were published on April 26, 2017. We investigate the relationship that 

Seeking Alpha article sentiment has with both immediate and drift returns, calculated as [-1,+1] 

of publication date and [+2, +90] of publication date, respectively. In Campbell et al. [2019], 

drift returns are not correlated with positive minus negative Seeking Alpha sentiment, in contrast 

to Chen et al. [2014] who find that drift returns are correlated with negative Seeking Alpha 

sentiment. One explanation may be that Loughran and McDonald [2011] word lists are less 

 
7 Article by article consumption seems to be the type of consumption envisioned by the Seeking Alpha 
management team, as the fee structure is also based on free access up to a certain amount of articles, and paid 
subscriptions after the article limit: https://seekingalpha.com/article/4396836-important-update-for-seeking-
alpha-users 
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precise at capturing the positive words (Loughran and Mcdonald [2016]), which Campbell et al. 

[2019] use in addition to negative words. 

In this study, we use a textual analysis methodology based on NLP that includes 

recognition of business events to explore the relationship between Seeking Alpha article 

sentiment and immediate and drift returns. It is an empirical question whether Seeking Alpha 

article sentiment has a relationship with immediate and drift returns. Therefore, we state our first 

hypothesis in the null form: This forms the basis of our first research question:    

H1a: Seeking Alpha article sentiment does not correlate with immediate [-1, +1] firm returns. 

H1b: Seeking Alpha article sentiment does not correlate with drift [+2, +90] firm returns. 

 

2.3 Seeking Alpha Information in the Options Market 

Prior research has focused on Seeking Alpha’s relevance for retail traders and investors 

(Farrell et al. [2022], Gomez et al. [2022]). Farrell et al. [2022] find more retail trading in the 

hours immediately after article publication and retail order imbalances in the direction of the 

article information. Article information is expressed by either article Loughran and McDonald 

[2011] tone or disclosure of position in the stock discussed. Gomez et al. [2022] document that 

the publication of Seeking Alpha articles helps reduce information asymmetry, proxied by spikes 

in bid-ask spreads immediately after the earnings announcement.  

We ask if Seeking Alpha could also be useful for more sophisticated investors and more 

timely reflection of information. Although one does not know the identity of the article writers 

on this anonymous platform, prior research has shown that many users seem to be experienced 

capital market participants and still derive value from Seeking Alpha. Levy et al. [2023] explore 

a different function of Seeking Alpha – the ability to create a watchlist to monitor stock patterns. 
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They tabulate the profiles of users that create watchlists and find 14% are executives, 24% are 

full-time investors, and 42% are finance professionals. Drake et al. [2023] also document that the 

market reacts less to sell-side analyst information if a Seeking Alpha has been published before 

it. They take that as evidence Seeking Alpha reflects some information at an earlier date than 

sophisticated analysts, although the timeliness of Seeking Alpha disappears for firms with low 

retail trading. 

In the options market, there is documented presence of price discovery (Chakravarty et 

al. [2004]) and informed trading (Amin and Lee [1997], Roll et al. [2010], Pan and Poteshman 

[2006], Hu [2014], Kacperczyk and Pagnotta [2019], Lei et al. [2020]). The level of 

informational activity in the options markets may be attributed to the leverage offered (Black 

[1975], Ge et al. [2016]) or short-sell constraints diverting bad news to the options markets 

(Diamond and Verrecchia [1987], Johnson and So [2012], Xing et al. [2010]). Prior literature has 

shown that options market measures is a forerunner of stock returns (Amin and Lee [1997], 

Cremers and Weinbaum [2010], Xing et al. [2010], Jin et al. [2014], Ge et al. [2016], Hu [2014], 

Lin and Lu [2015], Han and Li [2021], Bollerslev et al. [2009], Atilgan [2014], Lei et al. [2020]). 

Particularly, the options market seems to have predictive ability before corporate news events 

including earning announcements (Roll et al. [2010], Jin et al. [2012], Atilgan [2014], Lei et al. 

[2020]), mergers and acquisitions (Lowry et al. [2019]), analyst forecasts (Hayunga and Lung 

[2014], Lin and Lu [2015]), and other unscheduled events (Jin et al. [2012]).  

To test the timeliness of Seeking Alpha, we explore whether there is an option market 

response around the publication of Seeking Alpha articles. If Seeking Alpha articles are timely, 

their publication should coincide with options market measures in the direction of the revealed 

sentiment. If Seeking Alpha articles are also shown to be timely in the stock return tests, the 
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analysis then shows that Seeking Alpha information is not stale. It is decision relevant as it 

precedes movements in both the stock and options markets. Recent research has shown that the 

option implied volatility contains information relevant for future returns (Cremers and 

Weinbaum [2010], Xing et al. [2010], Jin et al. [2012], Atilgan [2014], Hayunga and Lung 

[2014], Lin and Lu [2015], Kacperczyk and Pagnotta [2019], Lei et al. [2020], Han and Li 

[2021]). As such, the two options market indicators we consider are the option volatility spread 

and the option volatility skew, both are calculated using implied volatility.  

Prior research has found the option volatility spread to contain information (Cremers and 

Weinbaum [2010], Jin et al. [2012], Han and Li [2021], Atilgan [2014], Lei et al. [2020], 

Hayunga and Lung [2014], Lin and Lu [2015]). Cremers and Weinbaum [2010] show that the 

volatility spread predicts future returns. The volatility spread’s directional predictive ability for 

earnings announcement returns (Jin et al. [2012], Atilgan [2014]; Lei et al. [2020]), 

macroeconomic conditions (Han and Li [2021]), analyst forecasts (Hayunga and Lung [2014], 

Lin and Lu [2015]), and unscheduled event returns which include a sample of client and product 

news, management changes, and litigation (Jin et al. [2012]). Distinct from the research that 

focus on volatility spread’s explanatory power before events, Jin et al. [2012] also find volatility 

spread to correlate with stock returns after the unscheduled events sample, suggesting option 

traders have superior ability to process information when the news is unanticipated.  

 The second options market measure we use is the option volatility skew. Bates [1991] 

first documented the relatively expensiveness of out-of-the-money (OTM) puts before the 1987 

stock market crash and connected it to option traders’ negative perceptions of the market. Xing et 

al. [2010] extend the volatility skew measure to individual stocks and find the implied volatility 

of OTM puts relative to at-the-money (ATM) calls is correlated with stock underperformance. 
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Bollen and Whaley [2004] find this difference in implied volatilities to be informationally 

driven. With the arrival of positive news, prices and implied volatilities of calls increase relative 

to puts; with the arrival of negative news, prices and implied volatilities of puts increase relative 

to calls. Jin et al. [2012] observe volatility skew predicts returns of both scheduled and 

unscheduled announcements. Volatility skew also predicts analyst news and returns around 

analyst news days (Hayunga and Lung [2014], Lin and Lu [2015]). 

 Whether option volatility spread and skew correlate with sentiment in Seeking Alpha 

articles depends on whether there is new information in these publications. The timing of 

information arrival is also important. Options market responses would only be observed in the 

case where traders have not yet fully incorporated such information. We state our hypotheses in 

the null form: 

H2a: Seeking Alpha article sentiment does not correlate with changes in option volatility spread. 

H2b: Seeking Alpha article sentiment does not correlate with changes in option volatility skew. 

 

3. Data and Methodology 

3.1 Methodology 

 Using textual analysis (Loughran and McDonald [2011], Li [2008]), we code sentences in 

the article in two steps. In the first coding step, the natural language processing (NLP) algorithm 

scans the entire article on a sentence basis looking for parts of the sentence to code for positive 

and negative business events. In this step, the coded parts are longer on average than the second 

step, as business events require more words or phrases to be described accurately. The NLP 

algorithm has about 3,000 rules that it recognizes and categorizes as positive and negative 

business events. These rules also recognize and differentiate parts-of-speech such as noun, 
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adjective, verb, adverb, etc., in a sentence. The 3,000 rules are classified into more than 50 

different events, such as product announcements, mergers and acquisitions and workforce.  

In Appendix 2, we provide some examples of the types of positive and negative business 

events that are coded from Seeking Alpha articles in the sample. In the first example, there is a 

rule under the mergers and acquisitions event type that captures parts of a sentence with the 

adjective “potential” and the noun “acquisition”. The word “potential” determines the polarity of 

the business event and prevents a similar acquisition phrase with a different adjective such as 

“forced” being included as a positive business event. Another advantage of NLP is that there can 

be additional modifiers between keywords in the rules. This allows more varied combinations of 

words in a sentence to be captured with the correct event type and sentiment. In the mergers and 

acquisition example, there is a company name, Alibaba, in between “potential” and 

“acquisition”. However, in the NLP schema, the adjective “potential” is still referring to the 

“acquisition” and neither “spin-off” in the earlier part of the sentence nor “likelihood” in the 

latter part. Therefore, the NLP algorithm can recognize the completion of the rule and increase 

the count for positive merger and acquisition event. Similarly, in the third example, there are 

many words between the verb “secure” and noun “contract”. Since the NLP algorithm recognizes 

“long-term”, “fuel-cell”, and “supply” are adjective modifiers of “contract”, it increases the 

counter for positive contract event.  

The second example illustrates NLP’s ability over a word-based approach to capture 

polarity more precisely. The keywords in this rule are the noun “default” and the adjective 

“rising”. The rule also includes a few more synonyms of “rising” such as “increasing”, but the 

content is the same. The adjective must mean an increase in the “default”. In the case of a word-

based approach, “default” is a negative-sentiment word (Loughran and McDonald [2011]). In 
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some cases, it may be preceded by another word such as “reduced”, and “reduced defaults” 

should change the polarity of the mention from negative to positive. NLP makes these types of 

refined classifications possible. In the rule mentioned above, the NLP algorithm checks for a 

modifier signifying increases before the noun “default”, and only when it finds an adjective 

related to “increase” will it increase the counter for negative default event. 

In the second coding step, the algorithm scans the entire article again to capture any 

words and phrases that may represent general sentiment. The NLP algorithm also has sets of 

rules that categorize financial results, earnings guidance, and words from the Loughran and 

McDonald [2011] word lists. Examples of sentiment mentions not associated with business 

events could be “earnings increased”, or “impair” (Loughran and McDonald [2011]). These 

mentions are coded separately for positive and negative sentiment, and referred to as general 

sentiment. 

For each article, a Seeking Alpha document score coded using NLP that approximates a 

human reader’s sentiment, READER SENTIMENT is created. It is calculated as the standardized 

net sentiment of the document. We subtract the positive mentions from the negative mentions 

and standardize by the total mentions (positive and negative mentions). The positive mentions 

are calculated as an aggregate of positive business event mentions and positive general sentiment 

mentions, where business event mentions are weighted more heavily than positive general 

sentiment mentions. The negative mentions are aggregated similarly using negative business 

event and general sentiment mentions. READER SENTIMENT takes on values between -1 and +1 

where a positive article would have a score (0,1) and a negative article would have a score [-1,0]: 

𝑓(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙 , 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐸𝑣𝑒𝑛𝑡) − 𝑓(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙, 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐸𝑣𝑒𝑛𝑡)

𝑓(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙 , 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐸𝑣𝑒𝑛𝑡) + 𝑓(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙, 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐸𝑣𝑒𝑛𝑡)
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where 𝑓(𝑥) is a weighting scheme that assigns more weight to event sentiment mentions than 

general sentiment mentions.  

 In Appendix 3, we include two examples of how NLP extracts the sentiment from 

Seeking Alpha articles. The first example was published on August 16, 2013, and describes the 

toy manufacturer Mattel’s market position compared to its competitors. The writer acknowledges 

that the market for dolls has been in a slump. However, the author predicts that the downward 

trend will reverse soon. Moreover, within this industry, the author considers Mattel the industry 

leader. Mattel not only learned from the successes of competitor, MGA Entertainment’s, and 

launched its own line of unconventional dolls, it is also the manufacturer of the top three doll 

category brands by market share at the time of writing. MGA Entertainment owns the top fourth 

and top fifth brands. This article seems to praise the positives of Mattel more than criticizing the 

negatives, which is closely captured by the READER SENTIMENT score of 0.6875. In contrast, 

the Loughran and McDonald [2011] word list tone rates the article as -0.091, a net negative 

score. The second example was published on August 20, 2015, and offers a short analysis on a 

firm that was watched closely by the investment community at the time, Shake Shack. When the 

article was published, Shake Shack was just about half a year past its IPO date. The article 

negatively assesses Shake Shack’s growth plans. The author thinks Shake Shack is over-

ambitious with its plans to increase locations and expand internationally. Shake Shack operates 

on a franchise-model, and it will not be able to manage its growth and maintain quality control. 

The author is also not optimistic because of insider selling shortly after IPO. This article received 

a READER SENTIMENT score of -0.3158. In this case, it is corroborated by the Loughran and 

McDonald [2011] tone of -0.333. This is in accordance with Loughran and McDonald [2011, 

2016] that excerpts with negative sentiment are often easier for deriving meaning than excerpts 
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with positive sentiment when using word lists. The English language convention of including a 

negative word in front of a positive word to denote negation makes counting positive words (in 

addition to negative words) noisier than (just) counting negative words (Loughran and 

McDonald [2016]). 

 The Seeking Alpha sentiment measure we create, READER SENTIMENT, and the data 

expand on earlier findings about the type and precision of information extracted from the 

Seeking Alpha articles. Chen et al. [2014] report on only negative sentiment extracted from 

articles following the Loughran and McDonald [2011] word list. Firstly, READER SENTIMENT 

is calculated using both positive and negative mentions in Seeking Alpha articles. This 

methodology informs on the question of whether positive sentiment information may also be 

value relevant for firms, in addition to negative sentiment information. Secondly, READER 

SENTIMENT captures mentions in the Loughran and McDonald [2011] word list but also goes 

beyond it with thousands of rules that measure positive and negative business events as well as 

economic-context sentiment. We employ NLP to capture more precisely the business events and 

economic context discussed in Seeking Alpha articles. Thirdly, we are interested in the 

persistence of Seeking Alpha information. In consideration of possible news sentiment reversals 

(Tetlock [2007]), we extend the measurement period for the effect of Seeking Alpha articles to 3 

months from the 2-week interval (Drake et al. [2023]; Farrell et al. [2022]).  

 

3.2 Data 

We compile all Seeking Alpha articles written from the establishment of the site, i.e., 

2004, through October 1, 2018. In total, 350,095 articles are included covering 5,635 companies. 

One article may be coded as relating to multiple companies if it is a comparison piece or industry 
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analysis. Returns data are from CRSP and could be matched to all companies. We use abnormal 

returns for the analysis. Since the goal is to investigate the incremental information of Seeking 

Alpha articles, the abnormal firm return is the residual return after considering the effects of 

common risk factors such as size, market-to-book, and momentum. To achieve this, abnormal 

return is calculated as the difference between the firm return and a matched portfolio sorted on 

size, market-to-book, and momentum, 27 portfolios are used with 3 size ranks, 3 market-to-book 

ranks, and 3 momentum ranks. Earnings surprise data and announcement returns are gathered for 

5,267 and 5,635 companies, respectively. They are collected from IBES and CRSP. Finally, we 

collect options data from OptionMetrics. 

 

4. Results 

4.1 Descriptive Statistics 

Table 1 Panel A presents descriptive statistics on firms that are mentioned in Seeking 

Alpha articles. Descriptions of all variables used in the analysis are included in Appendix 1. 

Seeking Alpha firms appear to be bigger in size (log mean = 7.766), have higher market-to-book 

(mean = 7.966), and greater analyst following (mean = 8.615) than the typical Compustat firm 

(Chen et al. [2014], Drake et al. [2023]). These firms have volatility spread and skew, 

VOLSPREAD and VOLSKEW respectively, comparable to the average firm which have traded 

options (Jin et al. [2012]). As expected, the volatility spread is negative (value = -0.011) as the 

options market incorporates more negative news overall because of the presence of short-sale 

constrained firms (Figlewski and Webb [1993]).  

Table 1 Panel B shows descriptive statistics on an article basis. The regression results use 

observations on an article basis. This is different than observations on a firm basis as there could 
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be multiple articles published about a firm on a single day8. The mean immediate return, 

IMMEDIATE RET, and drift return, DRIFT RET, of Seeking Alpha articles is not statistically 

different from zero. This is unsurprising, as the observations include both positive and negative 

articles. The average score of a Seeking Alpha article, READER SENTIMENT, is positive-toned 

(mean=0.138, median=0.158). However, once ranked on a monthly basis through the variable 

SASCORE, the mean is zero and the median is -0.056. The interpretation is that although the 

average article is more positive toned than negative toned, when ranked on a monthly basis, the 

average article is ranked between the 5th and 6th deciles9. Mean change in volatility spread, CHG 

VOLSPREAD, and mean change in volatility skew, CHG VOLSKEW, is also not statistically 

different from zero.  

We also explore the timing of Seeking Alpha articles compared to the scheduled public 

earnings announcement disclosure. The mean and median number of days between earnings 

announcement and any published Seeking Alpha article, DAY DIFF, is 42.4 and 41, respectively. 

Figure 1 shows the number of articles published by days from earnings announcement. There are 

more articles published around the earnings announcement, particularly immediately after the 

announcement. Even outside the earnings announcement period, there is still substantial Seeking 

Alpha activity. Articles are continuously published away from the earnings announcement date. 

Specifically, Publication interest appears to return to normal levels approximately 2 weeks after 

the earnings announcement date. In this context, the mean of 42.4 days between Seeking Alpha 

 
8 An article could also mention multiple firms, especially in comparison-type articles. However, single articles that 
mention more than five firms are eliminated from the sample. The assumption is that in these articles, there is not 
enough information attributable to each individual firm mentioned. 
9 SASCORE is calculated the decile rank of the Seeking Alpha article, divided by 9 and then subtracted by 0.5. 
SASCORE takes on values between -0.5 and +0.5. See Appendix 1 for detailed description. 
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article and earnings announcement seems reasonable. It is slightly shorter than halfway through 

the quarter, 45 days, owing to more articles published soon after announcements. 

In Table 1 Panel C, we sort the Seeking Alpha document sentiment, READER 

SENTIMENT, into decile ranks. The immediate return is monotonically increasing in decile 

ranks. The drift return and change in spread is also generally increasing with higher ranks. The 

results suggest the more positive the information revealed in the Seeking Alpha article, the more 

positive the immediate, drift return, and the option volatility spread. There seems to be a positive 

relationship between Seeking Alpha information and stock and option pricing. The change in 

skew corroborates this finding. The negative change in option volatility skew is higher in 

magnitude in the top half of decile ranks than the lower half, meaning as the Seeking Alpha 

information becomes more positive, the volatility skew also becomes less negative. 

 

4.2 Seeking Alpha Information and Returns 

To explore whether Seeking Alpha articles contain useful information for explaining 

returns, we compare the scaled document sentiment score, READER SENTIMENT, for each 

Seeking Alpha article to all other Seeking Alpha articles published in the month. We then 

calculate the decile rank of each Seeking Alpha article, SASCORE. From the rank of each 

Seeking Alpha article, we divide by 9 (decile ranks are from 0 to 9) and subtract by 0.5 to obtain 

the standardized rank between -0.5 and +0.510. Since we collect Seeking Alpha articles published 

from 2004 to 2018 and articles written on many firms, the data is both cross-sectional and time-

series. To produce estimates and standard errors that are corrected for cross-sectional correlation 

over different years (i.e., if all firms were rated poorly in 2005 because of instability from 

 
10 This is for ease of economic interpretation. The coefficient on the Seeking Alpha score in a regression of returns 
on Seeking Alpha score can be interpreted as the returns to a hedged portfolio.  
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Hurricane Katrina), we follow a Fama-MacBeth regressions specification. Specifically, we 

regress returns on the standardized Seeking Alpha rank for each year-month: 

𝑅[−1,+1]𝑜𝑟[+2,+90] = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 +  𝜀  

Then, the cross-sectional coefficient is averaged across months. Two types of returns are 

included in the analysis. The first is the immediate returns [-1, +1] around publication date. The 

second return is the [+2, +90] drift, which observes returns behavior in the longer period after 

publication. It is useful in identifying noise in the immediate period if reversals occur in the 90-

day period. We consider the drift return to be more informative and value relevant as it measures 

Seeking Alpha’s persistent price impact until the next quarterly update in 90 days. As mentioned 

in the Data section, we are interested in exploring Seeking Alpha’s information about firm value 

beyond the known risk factors. As such, immediate and drift returns are abnormal returns 

calculated as the difference between the firm return and a similar portfolio matched on size, 

market-to-book, and momentum. Using this method, correlation between SASCORE and returns 

suggests articles contain incremental information about returns, beyond information about size, 

market-to-book, or momentum factors.   

Table 2 Panels A and B show that Seeking Alpha sentiment information has significant 

explanatory power for both immediate and drift returns (immediate coefficient = 0.0210767, t-

statistic = 21.04; drift coefficient = 0.0084762, t-statistic = 3.54). Since scores are scaled 

between -0.5 and +0.5, the immediate and drift return translates into an economically significant 

211 and 85 basis point return per month, respectively. Seeking Alpha is highly accessible to both 

institutional and retail investors (Farrell et al. [2022]). Therefore, we also run separate 

regressions for the period before, during, and after the 2009 Financial Crisis (measured as June 

2008 until December 2009, which may affect results because of market unpredictability in the 
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period). On the one hand, retail investors may be more likely to seek additional information, 

perhaps on Seeking Alpha, in periods of uncertainty. This would increase the value-relevance of 

Seeking Alpha. On the other hand, market uncertainty may cause articles to contain less 

information, decreasing Seeking Alpha’s value relevance. We find that although information in 

articles significantly correlates with immediate market returns during the financial crisis 

(coefficient = 0.0286955, t-statistic = 10.41), they are not significantly associated with drift 

market returns. On the other hand, both immediate and drift returns are positively correlated with 

Seeking Alpha information post-Financial Crisis (immediate coefficient = 0.016249, t-statistic = 

27.56; drift coefficient = 0.009326, t-statistic =4.46). This suggests that Seeking Alpha articles 

are not as informative about firms during the financial crisis but have recovered their 

informativeness since 2010. 

 

4.3 Seeking Alpha Information and Public Disclosures 

Having established the correlation between Seeking Alpha sentiment information and 

returns up to 90 days after issue of an article, we are more interested if Seeking Alpha provides 

any information not revealed through other publicly available sources. We extract earnings 

surprise and returns information from the public scheduled earning announcement, which is one 

of the most reliable sources of firm information (Foster [1977], May [1971, Jones and 

Litzenberger [1970]]. Then, we test if Seeking Alpha produces incremental information not 

contained in the earnings announcement. For this reason, we regress returns on Seeking Alpha 

scores and two other indicators: 

𝑅[−1,+1]𝑜𝑟[+2,+90] = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 + 𝛽2𝑆𝑈𝑅𝑃𝑅𝐼𝑆𝐸 + 𝛽3𝐸𝐴_𝑁𝐸𝑊𝑆 +  𝜀  

where SURPRISE is the rank of the most recent quarter’s earnings surprise and EA NEWS is the 

rank of the immediate [-1, +1] return around the most recent quarterly earnings announcement. 
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These two measures have been shown to predict returns behavior (Ball and Brown [1968]; Jones 

and Litzenberger [1970]; Foster et al. [1984]; Bernard and Thomas [1989]). Additionally, prior 

research has found that the information dissemination effect of traditional media (Bushee et al. 

[2010]), online media (Drake et al. [2017]), and Twitter (Blankespoor et al. [2017]) is 

particularly prevalent around the [-1, +1] day of earnings announcements. Therefore, by 

controlling the earnings announcement return, we also partly control the effects of other types of 

non-Seeking Alpha information on the return.  

Table 2 Panel C shows that the direction of the market response still tracks closely with 

directional sentiment of Seeking Alpha in the immediate period around an article publication 

(coefficient = 0.0174891, t-statistic = 22.22) after controlling for earnings surprise and 

announcement return. For the drift return, though, the relationship with Seeking Alpha sentiment 

is not consistent across all periods. Table 2 Panel D outlines the analysis. After the financial 

crisis, which consists of the majority of the sample, both earnings surprise and announcement 

return contain information that correlate with subsequent returns. Most importantly, there is 

incremental information in Seeking Alpha sentiment for explaining drift returns (coefficient = 

0.0047611, t-statistic =2.26). The interpretation of the coefficient is that after controlling for 

earnings surprise and announcement return, Seeking Alpha information retain a 48-basis point 

monthly excess return. During the financial crisis, the coefficient on SASCORE is negative and 

significant at the 10% level (coefficient = -0.0174044). The negative coefficient suggests that the 

initial response to Seeking Alpha information (coefficient when regressing on immediate returns 

= 0.0263901) experiences a partial reversal news in the subsequent 90 days. Seeking Alpha 

information was not as reliable during the financial crisis of 2009.   
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4.4 Seeking Alpha Information and Options Indicators 

The prior results have established Seeking Alpha’s ability to explain stock market 

movements. We now explore how Seeking Alpha’s information content may be reflected in 

options indicators. We regress the volatility spread or volatility skew on the ranked Seeking 

Alpha score: 

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝑃𝑅𝐸𝐴𝐷 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 +  𝜀,   

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝐾𝐸𝑊 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 +  𝜀,   

where 𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝑃𝑅𝐸𝐴𝐷 is the change in volatility spread and  𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝐾𝐸𝑊 is the change 

in volatility skew from before to after the article publication. Following Cremers and Weinbaum 

[2010], we calculate volatility spread as the weighted average of the difference in implied 

volatilities for call-put option pairs matched on exercise date and strike price. The weighting 

scheme uses the open interest of the call-put option pair with the same date and strike price over 

open interest of all call-put option pairs on the day. Following Jin et al. [2012] we calculate 

option skew as the implied volatility of OTM puts minus the implied volatility of ATM calls. 

OTM puts are determined by the option delta closest to -0.3 and between [-0.15, -0.45]. ATM 

calls are determined by the option delta closest to +0.5 and between [+0.4, +0.7]. We focus on 

the change in volatility skews and spreads from day [-10, -5] before article publication to day 

[+1, +5] after article publication. In another specification, we add controls for information in the 

earnings surprise and announcement return: 

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝑃𝑅𝐸𝐴𝐷 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 + 𝛽2𝑆𝑈𝑅𝑃𝑅𝐼𝑆𝐸 + 𝛽3𝐸𝐴_𝑁𝐸𝑊𝑆 +  𝜀  

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝐾𝐸𝑊 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 + 𝛽2𝑆𝑈𝑅𝑃𝑅𝐼𝑆𝐸 + 𝛽3𝐸𝐴_𝑁𝐸𝑊𝑆 +  𝜀  

Table 3 Panel A reports the univariate regressions and Tabel 3 Panel B reports the 

multivariate regressions. We will focus on Panel B, as Panel B is more useful for exploring the 
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incremental information of Seeking Alpha articles since it controls for other public disclosure. 

We will also draw particular attention to the post-financial crisis period. Seeking Alpha gained 

traction in the investment community post-financial crisis, evidenced by the majority of 

observations collected from the post-financial crisis period. Additionally, general market 

uncertainty during the financial crisis may elicit capital market participant behavior that is 

different from any other period.  

Table 3 Panel B show that the incidence of Seeking Alpha articles correlates with both 

changes in spread and changes in skew post-financial crisis. Article sentiment, SASCORE, is 

positively correlated with changes in spread (coefficient = 0.0016317, t-statistic = 3.19). The 

more positive the spread, the more the implied volatilities of calls increase on average relative to 

implied volatilities of puts. In other words, the more positive the Seeking Alpha sentiment, the 

more positive the expectations of firms reflected in the volatility spread (Cremers and Weinbaum 

[2010]). The same pattern is repeated in the volatility skew. Seeking Alpha sentiment is 

negatively correlated with the volatility skew (coefficient = -0.000850347, t-statistic = -1.73), 

which proxies for the extent options on the firm are negatively skewed. A less negative skew 

means the implied volatility of OTM puts decreases relative to the implied volatility of ATM 

calls. This can be translated into a less negative outlook on the firm (Xing et al. [2010]). The 

positive SASCORE coefficient on the regression of volatility spread and the negative SASCORE 

coefficient on the regression of volatility skew means the converse is also true. The more 

negative the SA sentiment, the more negative is the spread and the larger the negative skew – 

both indicators of negative news (Cremers and Weinbaum [2010]; Xing et al. [2010]). 

Economically, as the mean daily volatility spread and skew for sample firms are -0.011 and 

0.026, respectively, the best and worst rated Seeking Alpha firms have a difference of 15% of the 
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mean for volatility spread (0.0016317/0.011) and a difference of 3% of the mean for volatility 

skew (0.000850347/0.026).  

To summarize, Table 3 suggests that Seeking Alpha information is not only incremental 

to earnings announcement information but also timely. Article publication date coincides with 

changes in options market measures, and the directional sentiment in articles corresponds with 

the directional change in volatility spread and volatility skew. Even though the options market is 

a leading indicator of firm performance (An et al. [2014]; Cremers and Weinbaum [2010]) and 

many sophisticated traders participate in the options market (Chakravarty et al. [2004]), Seeking 

Alpha information manages to be at least as timely as options market information. 

  

4.5 Additional Analyses  

4.5.1 Seeking Alpha Portfolio Strategy 

 We also look at the viability of Seeking Alpha articles as a valuation indicator and returns 

predictor from the perspective of its success as a trading strategy. We first rank firms based on 

their monthly Seeking Alpha sentiment, READER SENTIMENT11. Then, we form twenty 

portfolios for the cross-section of firms by year-month12. In any given month, there are about 105 

firms in the top-ranked portfolio and 86 firms in the bottom-ranked portfolio (untabulated). Data 

is available for 161 year-months in total. On average, a hedged portfolio buying firms in the 

highest-ranked portfolio and selling firms in the lowest-ranked decile earns 70 basis points per 

 
11For firms with multiple Seeking Alpha articles published in the month, we take the average READER SENTIMENT 
and rank the average 
12 Since ranking is completed on a year-month basis, each rank does not have the same number of observations. 
We rank observations into 20 groups so that there are a reasonable of observations for the highest and lowest 
ranked portfolios. The highest and lowest ranked portfolios each consists of approximately 10% of the 
observations in the total sample.  
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month as raw return, significant at the 5% level (Table 5 Panel A). A similar hedged strategy13 

earns 62 basis points per month abnormal return, significant at the 5% level, after adjusting for 

the size, market-to-book, and momentum factors (Fama and French [1993]; Carhart [1997]). 

The portfolio analysis suggests information from Seeking Alpha articles contains 

additional explanatory power for returns over the size, market-to-book, and momentum factors. 

we regress monthly returns from the Seeking Alpha portfolio on the risk factors directly to 

explore if Seeking Alpha indeed provides incremental information. The expected return models 

we use are the market model, Fama and French 3 Factor (1993), and Carhart (1997)14: 

𝑅𝑆𝐴 𝐻𝑒𝑑𝑔𝑒𝑑 − 𝑅𝑓 = 𝛼 +  𝛽1(𝑅𝑚𝑘𝑡 − 𝑅𝑓) +  𝜀 

𝑅𝑆𝐴 𝐻𝑒𝑑𝑔𝑒𝑑 − 𝑅𝑓 = 𝛼 +  𝛽1(𝑅𝑚𝑘𝑡 − 𝑅𝑓) + 𝛽2𝑅𝑆𝑀𝐵 + 𝛽3𝑅𝐻𝑀𝐿 +  𝜀 

𝑅𝑆𝐴 𝐻𝑒𝑑𝑔𝑒𝑑  − 𝑅𝑓 = 𝛼 + 𝛽1(𝑅𝑚𝑘𝑡 − 𝑅𝑓) + 𝛽2𝑅𝑆𝑀𝐵 + 𝛽3𝑅𝐻𝑀𝐿 + 𝛽4𝑅𝑀𝑂𝑀 +  𝜀 

As before, we rank firms into 20 portfolios based on their monthly Seeking Alpha article 

sentiment, READER SENTIMENT. we then create a hedged portfolio buying the best-ranked 

portfolio and selling the worst-ranked portfolio. 

 The results are reported in Table 5. Seeking Alpha appears to provide information 

incremental to that captured by the risk factors (Market Model 𝛼=0.00779, t-statistic = 2.39; 

Fama French 3 𝛼= 0.00675, t-statistic =2.12; Carhart 𝛼= 0.00568, t-statistic =2.05,). The 

negative loading on HML in the Fama and French 3 Factor model and the positive loading on the 

momentum factor suggest Seeking Alpha is more likely to cover growth firms and firms that 

exhibit momentum. This links to article-writing incentives. Although writers are awarded a fixed 

 
13 In untabulated results, hedged portfolios are created only for the post-financial crisis period. The hedged return 
is still positive and highly significant. 
14 In untabulated results, we also regress the Seeking Alpha portfolio on the Fama and French 5 Factor (2015) 
model, the Fama and French 5 Factor (2015) plus momentum model, and replicate results restricting the time 
period to post-financial crisis. The alphas in the specifications are highly significant. 
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amount for publishing articles for firms on the under covered list, the fundamental payment 

structure is variable and based on the number of times an article is read15. It is plausible that high 

momentum and high growth firms are followed more closely by the capital markets, and more 

articles on these firms will be published because of their financial potential for article writers. 

From the portfolio analysis, Seeking Alpha articles seem to include unique contents of 

information not captured by the common risk factors, warranting its following by some capital 

market participants.  

 

4.5.2 Seeking Alpha and Options Market Measures Around Earnings Announcement 

Next, we examine if there is differential treatment from the options market for Seeking 

Alpha articles published in response to the earnings announcement. Jin et al. [2012], Atilgan 

[2014], and Lei et al. [2020] document that options traders engage more before earnings 

announcements, suggesting an anticipatory effect of the options trades. Trades in this period are 

also more impactful for future returns, perhaps benefitting from the rich information 

environment around earnings announcements (Atilgan [2014], Lei et al. [2020]). we use the 

specification:  

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝑃𝑅𝐸𝐴𝐷 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 + 𝛽2𝑆𝐴𝑆𝐶𝑂𝑅𝐸 × 𝑃𝑅𝐸𝐸𝐴 +  𝜀,   

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝐾𝐸𝑊 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 +  𝛽2𝑆𝐴𝑆𝐶𝑂𝑅𝐸 × 𝑃𝑅𝐸𝐸𝐴 +  𝜀,   

where 𝑃𝑅𝐸𝐸𝐴 is an indicator variable equal to 1 if the Seeking Alpha article is published 

between [-10, -1] of the earnings announcement date and equal to 0 if the articles is published 

more than 10 days before earnings announcement date16. Table 6 Panel A reports the results. 

 
15 https://about.seekingalpha.com/article-payments 
16 We have also tested different specifications such as [-20, -5], [-20, -2], and [-10, -2] before the earnings 
announcement. Articles published immediately before the earnings announcement do not seem to be 
incrementally informative for options market measures. 
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Post financial crisis, the sentiment in Seeking Alpha articles, SASCORE, is statistically 

significant in explaining both volatility spread (coefficient = 0.0019376, t-statistic = 3.81) and 

volatility skew (coefficient = -0.000873143, t-statistic = -1.84). However, the articles published 

immediately before earnings announcement do not have incremental explanatory power for 

volatility skew and spread compared to any other period. The coefficients on 𝑆𝐴𝑆𝐶𝑂𝑅𝐸 ×

𝑃𝑅𝐸𝐸𝐴 are insignificant. 

 Similarly, we also test for the information content of Seeking Alpha sentiment 

immediately after earnings announcement employing the specification:  

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝑃𝑅𝐸𝐴𝐷 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 + 𝛽2𝑆𝐴𝑆𝐶𝑂𝑅𝐸 × 𝑃𝑂𝑆𝑇𝐸𝐴 +  𝜀,   

𝐶𝐻𝐺 𝑉𝑂𝐿𝑆𝐾𝐸𝑊 = 𝛼 +  𝛽1𝑆𝐴𝑆𝐶𝑂𝑅𝐸 +  𝛽2𝑆𝐴𝑆𝐶𝑂𝑅𝐸 × 𝑃𝑂𝑆𝑇𝐸𝐴 +  𝜀,   

where 𝑃𝑂𝑆𝑇𝐸𝐴 is an indicator variable equal to 1 if the Seeking Alpha article is 

published between [0, +10] of the earnings announcement date and equal to 0 if the articles is 

published more than 10 days before earnings announcement date. In Table 6 Panel B, the 

coefficient on Seeking Alpha reader sentiment, SASCORE, is significant for both volatility 

spread (coefficient = 0.0011593, t-statistic = 2.15) and volatility skew (coefficient = -

0.000821334, t-statistic = -1.69) post financial crisis. Seeking Alpha sentiment consistently 

explains changes in volatility spread and skew. Interestingly, the coefficient on 𝑆𝐴𝑆𝐶𝑂𝑅𝐸 ×

𝑃𝑅𝐸𝐸𝐴 is also significant (coefficient = -0.0064069, t-statistic = 2.63) for post-financial crisis 

changes in volatility spread. Seeking Alpha articles published immediately after the earnings 

announcement have incremental explanatory power for changes in volatility spread. This may be 

because Seeking Alpha articles provide superior analysis of earnings announcement information, 

similar to traditional analysts providing interpretive insights after earnings announcements 
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(Livnat and Zhang [2012]). Thus, articles published in the period immediately after earnings 

announcement have a stronger correlation with volatility spread.  

 

4.6 Robustness Checks 

4.6.1 Sensitivity of SA around Earnings Announcements 

Figure 1 which graphs the number of Seeking Alpha articles against weeks since earnings 

announcement shows that there is a significant number of Seeking Alpha articles released in the 

week immediately after the earnings announcement. There may be concerns that Seeking Alpha 

reader sentiment’s significant relationship on the stock and options market is driven by those 

articles published around the earnings announcement. we repeat the analysis without Seeking 

Alpha articles published [-10, +10] days of the earnings announcement while controlling for the 

information in the most recent earnings announcement using RSURPRISE, earnings surprise, and 

REANEWS, earnings announcement news. As Table 7 shows the coefficients are still significant. 

In particular, Seeking Alpha articles post-financial crisis incrementally explain immediate 

(coefficient = 0.0099115, t-statistic = 17.45) and 90-day drift (coefficient = 0.0047209, t-statistic 

= 2.03) returns. In Table 8, we replicate Table 7 replacing the dependent variables with change in 

volatility spread and skew. Seeking Alpha articles post-financial crisis significantly predicts 

changes in both volatility spread (coefficient = 0.0019080, t-statistic = 3.23) and skew 

(coefficient = -0.0011479, t-statistic = -2.47). 

 

4.6.2 Ranked Options Market Measures 

The descriptive statistics (Table 1 Panel B) show that the mean of volatility skew is not 

zero and that the distribution is slightly non-symmetric (mean = -0.001, 25th percentile = -0.014, 
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75th percentile = -0.013). To mitigate the effect of outliers, we provide additional results where 

we use the quartile ranking of the change in volatility spread and volatility skew divided by 3 

and subtract 0.5 from the number, which essentially creates a scaled ranking. Table 9 shows that 

the ranked results do not change in significance. Post-financial crisis ranked changes in volatility 

spread (coefficient = 0.0107414, t-statistic = 3.25) and skew (coefficient = -0.0069839, t-statistic 

= -1.78) are significantly correlated with Seeking Alpha sentiment, SASCORE, incremental to the 

earnings surprise and announcement return. 

 

 

5. Conclusion 

 Using textual analysis which captures both general sentiment and business event-based 

sentiment, we study the information content of Seeking Alpha articles and test the timeliness of 

Seeking Alpha information. We find Seeking Alpha sentiment can explain short-term 

movements in stock prices [-1, +1] day of article publication and predict changes in returns up to 

the [+2, +90] day of article publication. This explanatory power is in addition to information 

already revealed through the most recent earnings surprise and earnings announcement return. In 

addition to the stock market, Seeking Alpha article sentiment predicts changes to options trading 

behavior. SASCORE has a positive relationship with option volatility spread and a negative 

relationship with option volatility skew. The directional relationship between Seeking Alpha 

article sentiment and both stock and options market measures suggest the response is information 

driven. It also shows Seeking Alpha information is timely, as it leads both the stock and options 

markets. Seeking Alpha news appears to be new and incremental to publicly available news as 

the stock and options markets respond to Seeking Alpha separately to their reaction of earnings 

announcements and risk factors. Finally, we document evidence that Seeking Alpha used as a 
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hedged portfolio strategy can be a consistent return generator earning more than 50 basis points 

per month. In summary, Seeking Alpha appears to incremental and timely information to the 

stock and options market, representing a new source of value-relevant firm information.  

 This study extends the literature by providing some evidence on the extent of Seeking 

Alpha’s information advantage. In addition to corroborating earlier findings on Seeking Alpha’s 

value relevance for the stock market, it adds to the literature by exploring options traders’ 

response to Seeking Alpha information. Moreover, the results enrich the debate on whether 

individual investors should be considered noise (Lakonishok et al. [2006], Bauer et al. [2009], 

Barber et al. [2008], Barber and Odean [2000], Kaniel et al. [2008], Seasholes and Zhu [2010], 

Grinblatt and Keloharju [2000]) or informed traders (Ivković et al. [2009], Ivković and 

Weisbenner [2005], Boehmer et al. [2021]). The observations in this study suggest even though 

individual investors may not achieve superior returns by trading, their collective knowledge 

aggregated through a social media platform provides incremental information for pricing in the 

stock and options markets.  
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              Figure 1: Seeking Alpha Articles by Week Around Earnings Announcements 
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Table 1: Descriptive Statistics for SA Articles 

 
Sample is drawn from 350,095 Seeking Alpha articles extracted. MTB, # FORECASTS, SURPRISE, and EA 

NEWS are measured on a quarterly basis. VOLSPREAD and VOLSKEW are measured daily. All other variables 

are tabulated by article. 

 

Panel A: Descriptive Statistics by Seeking Alpha Firm 

 

 Mean Median STD 25% 75% 

SIZE 7.766 7.755 2.231 6.189 9.234 

MTB 7.966 2.191 896.322 1.232 3.992 

# FORECASTS 8.615 6 7.274 3 12 

SURPRISE -0.128 -0.023 4.815 -0.735 0.666 

EA NEWS 0.001 -0.001 0.088 -0.038 0.038 

VOLSPREAD -0.011 -0.007 0.129 -0.04 0.021 

VOLSKEW 0.026 0.02 0.1 -0.001 0.047 

 

Panel B: Descriptive Statistics by Seeking Alpha Article 

 

 Mean Median STD 25% 75% 

IMMEDIATE RET 0 0 0.062 -0.015 0.015 

DRIFT RET -0.002 -0.004 0.19 -0.079 0.066 

DAY DIFF 42.448 41 29.984 15 67 

READER SENTIMENT 0.138 0.158 0.553 -0.27 0.583 

SA SCORE 0 -0.056 0.32 -0.278 0.278 

CHG VOLSPREAD 0 0 0.077 -0.018 0.018 

CHG VOLSKEW -0.001 -0.001 0.07 -0.014 0.013 
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Panel C: Descriptive Statistics by Seeking Alpha Article 

 

READER 

SENTIMENT 

IMMEDIATE 

RET 

DRIFT RET CHG 

VOLSPREAD 

CHG 

VOLSKEW 

Lowest Rank -0.00981 -0.00321 -0.00030 -0.00079 

2 -0.00763 -0.00519 -0.00028 -0.00113 

3 -0.00518 -0.00371 -0.00039 -0.00170 

4 -0.00253 -0.00253 0.00023 -0.00073 

5 -0.00054 -0.00187 0.00036 -0.00122 

6 0.00183 -0.00053 0.00041 -0.00144 

7 0.00336 -0.00016 0.00003 -0.00111 

8 0.00568 0.00207 0.00011 -0.00167 

9 0.00612 0.00340 0.00115 -0.00136 

Highest Rank 0.00684 0.00276 0.00121 -0.00167 

 

 

READER 

SENTIMENT 

SIZE MTB FORECASTS DAY 

DIFF 

SURPRISE EA 

NEWS 

Lowest Rank 9.730 11.545 15.163 43.466 -0.279 -0.015 

2 9.653 13.391 15.458 42.797 -0.313 -0.015 

3 9.570 8.206 15.505 42.438 -0.229 -0.011 

4 9.521 10.911 15.520 42.265 -0.140 -0.007 

5 9.474 11.995 15.226 42.283 -0.157 -0.003 

6 9.449 13.182 15.122 42.013 -0.148 0.000 

7 9.393 12.569 14.982 41.759 -0.084 0.004 

8 9.395 20.089 15.016 42.273 0.002 0.007 

9 9.356 17.009 14.624 42.134 0.041 0.010 

Highest Rank 9.417 5.852 14.407 42.975 -0.030 0.010 
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Table 2: SA Score and Returns 

 
Regression coefficients are estimated cross-sectionally every month between September 2004 – October 2018. Then, 

coefficients are averaged over the months. Months with less than 50 observations are removed. Observations report 

the number of articles within the period. Results are reported separately for all observations (Column 1), 

observations pre-2009 Financial Crisis (Column 2), during 2009 Financial Crisis (Column 3), and post-2009 

Financial Crisis (Column 4). Dependent variable is either immediate returns, measured as [-1, +1] of article 

publication date, or drift returns, measured as [+2, +90] of article publication date. Any immediate return in excess 

of +/-1 is replaced by +/-1. Any drift return in excess of +/-3 is replaced by +/-3. Variable of interest SASCORE, is 

calculated according to the method mentioned in Section 3 and take on continuous values between -1 and +1. 

Documents with less than 5 positive and negative mentions altogether are considered no news articles and 

eliminated from the sample. SA score is then ranked into deciles by year-month and scaled to be between -0.5 and 

+0.5. ***, **, * denotes significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A: Relationship between immediate [-1, +1] returns and SA score 
 

 (1) All (2) Pre-FC (3) FC (4) Post-FC 

SASCORE 0.0210767*** 0.0307022*** 0.0286955*** 0.0160788*** 

 (21.04) (10.52) (10.41) (27.56) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 165 40 19 106 

Observations 487,778 23,995 32,241 431,542 

Average R2 0.0134765 0.0263142 0.0116128 0.0089661 

 

Panel B: Relationship between drift [+2, +90] returns and SA score 
 

 (1) All (2) Pre-FC (3) FC (4) Post-FC 

SASCORE 0.0084762*** 0.0175388** -0.0092857 0.0082401*** 

 (3.54) (2.53) (-0.95) (4.46) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 165 40 19 106 

Observations 487,778 23,995 32,241 431,542 

Average R2 0.0026736 0.0061841 0.0024043 0.0013971 
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Panel C: Relationship between immediate returns and SA score with controls 
 

 (1) All (2) Pre-FC (3) FC (4) Post-FC 

SASCORE 0.0174891*** 0.0241699*** 0.0263901*** 0.0134077*** 

 (22.22) (12.11) (11.07) (23.85) 

RSURPRISE -0.000911457 -0.0035102 0.0030034 -0.00069801 

 (-0.83) (-0.92) (0.72) (-1.07) 

REANEWS 0.0327126*** 0.0526852*** 0.0385257*** 0.0243848*** 

 (14.07) (6.85) (6.4) (17.32) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 158 37 19 102 

Observations 391,075 19,700 25,738 345,637 

Average R2 0.0534853 0.1112474 0.0403819 0.0349732 

 

Panel D: Relationship between drift returns and SA score with controls 
 

 (1) All (2) Pre-FC (3) FC (4) Post-FC 

SASCORE 0.0019082 0.0039608 -0.0174044* 0.0047611** 

 (0.67) (0.42) (-1.98) (2.26) 

SURPRISE 0.0079347* 0.0124119 -0.0324991* 0.0138425*** 

 (1.84) (1) (-1.85) (4.19) 

REANEWS 0.0017815 -0.00218 -0.0127268 0.005921* 

 (0.4) (-0.16) (-0.72) (1.76) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 158 37 19 102 

Observations 391,075 19,700 25,738 345,637 

Average R2 0.0176199 0.0404834 0.0173299 0.0093803 
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Table 3: SA and Option Market Indicators 
 

Regression coefficients are estimated cross-sectionally every month between September 2004 – October 2018. Then, 

coefficients are averaged over the months. Months with less than 50 observations are removed. Observations report 

the number of articles within the period. Results are reported separately for all observations (Column 1&2) and post-

2009 Financial Crisis (Column 3&4). Dependent variable is change in either volatility spread or volatility skew, 

measured as the difference between base period [-10, -5] and post period [+1,+5] of article publication date. 

Variable of interest SASCORE, is calculated according to the method mentioned in Section 3 and take on 

continuous values between -1 and +1. Documents with less than 5 positive and negative mentions altogether are 

considered no news articles and eliminated from the sample. SA score is then ranked into deciles by year-month and 

scaled to be between -0.5 and +0.5. ***, **, * denotes significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A: Relationship between changes in volatility spread/skew and SA score 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

SASCORE 0.0011981** -0.0012254** 0.0014138*** -0.0014329*** 

 (2.45) (-2.42) (3.05) (-3.17) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios  162 158 106 106 

Observations 530,241 469,799 472,752 419,584 

Average R2 0.0010231 0.0015532 0.000584225 0.000759526 

 

Panel B: Relationship between changes in volatility spread/skew and SA score with controls 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

SASCORE 0.0012012** -0.000749918 0.0016317*** -0.000850347* 

 (2.22) (-1.45) (3.19) (-1.73) 

RSURPRISE -0.000239144 0.000873811 -0.000339976 -0.000182386 

 (-0.25) (0.98) (-0.59) (-0.34) 

REANEWS 0.0010427 0.000544918 0.0010045 0.000071032 

 (1.12) (0.73) (1.34) (0.10) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 157 154 102 102 

Observations 382,847 338,227 339,279 300,690 

Average R2 0.0068433 0.0084240 0.0027150 0.0031620 
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Table 4: Monthly (t+1) SA Score Portfolio Returns 

 
Portfolios are formed by sorting on 20 portfolios of average monthly Seeking Alpha score. In consideration of 

portfolio rebalancing timing, articles published within 2 days of month end are disregarded. Seeking Alpha score is 

calculated according to the method mentioned in Section 3 and take on continuous values between -1 and +1. 

Documents with less than 5 positive and negative mentions altogether are considered no news articles and 

eliminated from the sample. In Panel A, raw returns are shown. In Panel B, returns are adjusted for size, market-to-

book, and momentum. ***, **, * denotes significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A: Monthly raw returns sorted on SA score 

 

 Year-Months Return t-stat 

95th Percentile (High) 161 0.01441*** 3.06 

5st Percentile (Low) 161 0.00743 1.23 

High - Low 161 0.00698** 2.11 

 

Panel B: Monthly returns adjusted for size, market-to-book, and momentum sorted on SA score 
 

 Year-Months Return t-stat 

95th Percentile (High) 161 0.00525*** 2.87 

5st Percentile (Low) 161 -0.00094 -0.35 

High - Low 161 0.00619** 2.29 
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Table 5: SA Score Portfolio and Expected Return Models 

 
Portfolios are formed by sorting on 20 portfolios of average monthly Seeking Alpha score. In consideration of 

portfolio rebalancing timing, articles published within 2 days of month end are disregarded. Seeking Alpha score is 

calculated according to the method mentioned in Section 3 and take on continuous values between -1 and +1. 

Documents with less than 5 positive and negative mentions altogether are considered no news articles and 

eliminated from the sample. Monthly portfolio returns of a hedged portfolio of the best (95th percentile) minus worst 

(5th percentile) firms are regressed on factors from different expected return models. Expected return models include 

the market model in Column 1, Fama and French 3 factor (1993) in Columns 2, and Carhart (1997) in Column 3. 

***, **, * denotes significance at the 1%, 5%, and 10% level, respectively. 

 

 (1) Market (2) FF3 (3) Carhart 

𝛼 0.00779** 0.00675** 0.00568** 

 (2.39) (2.12) (2.05) 

𝛽 -0.24420*** -0.17072** -0.04308 

 (-3.08) (-2.12) (-0.57) 

SMB  -0.00168 -0.00804 

  (-0.01) (-0.06) 

HML  -0.42773*** -0.10277 

  (-3.35) (-0.86) 

MOM   0.49511*** 

   (7.16) 

    

Observations 161 161 161 

R2 0.0563 0.1195 0.3374 
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Table 6: SA Information for EA and Option Market Indicators 

 
Regression coefficients are estimated cross-sectionally every month between September 2004 – October 2018. Then, 

coefficients are averaged over the months. Months with less than 50 observations are removed. Observations report 

the number of articles within the period. Results are reported separately for all observations (Column 1&2) and post-

2009 Financial Crisis (Column 3&4). Dependent variable in Panel A is change in either volatility spread or volatility 

skew, measured as the difference between base period [-10, -5] and post period [+1,+5] of article publication date. In 

Panel B, change in either volatility spread or volatility skew is sorted into quartile ranks by year-month. Variable of 

interest SASCORE, is calculated according to the method mentioned in Section 3 and take on continuous values 

between -1 and +1. PREEA is an indicator variable, 1 for articles published -10 to -1 days of the earnings 

announcement date and 0 otherwise. POSTEA is an indicator variable, 1 for articles published 0 to +10 days of the 

earnings announcement date and 0 otherwise. Documents with less than 5 positive and negative mentions altogether 

are considered no news articles and eliminated from the sample. SA score is then ranked into deciles by year-month 

and scaled to be between -0.5 and +0.5. ***, **, * denotes significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A: Option Indicators Before EA 

 
 

(1) Spread All (2) Skew All 

(3) Spread Post-

FC 

(4) Skew  

Post-FC 

PREEA -0.0016253 -0.0018214 0.000787480 -0.0039546 

 (-1.11) (-1.02) (0.58) (-1.60) 

SASCORE 0.0017800*** -0.000793956 0.0019376*** -0.000873143* 

 (3.05) (-1.57) (3.81) (-1.84) 

SASCORE×PREEA 0.000499317 0.000413578 0.000074187 0.0037158 

 (0.20) (0.11) (0.03) (0.69) 

RSURPRISE -0.000352049 0.000935878 -0.000524361 -0.000010258 

 (-0.40) (1.17) (-0.96) (-0.02) 

REANEWS 0.000960980 0.000736204 0.000962838 0.000094648 

 (1.06) (0.99) (1.37) (0.13) 

     

Intercept Yes Yes Yes Yes 

Portfolios 157 154 102 102 

Observations 368,770 325,840 326,350 289,360 

Average R2 0.0104552 0.0129132 0.0045117 0.0062076 
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Panel B: Option Indicators After EA 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

POSTEA -0.000547429 -0.0059761*** -0.000676858 -0.0052705*** 

 (-0.62) (-6.91) (-0.84) (-6.52) 

SASCORE 0.000882769 -0.000858035 0.0011593** -0.000821334* 

 (1.56) (-1.46) (2.15) (-1.69) 

SASCORE×POSTEA 0.0060373*** -0.000968777 0.0064069*** -0.0015603 

 (3.15) (-0.56) (2.63) (-0.79) 

RSURPRISE -0.000332743 0.000619069 -0.000591989 -0.000131163 

 (-0.37) (0.80) (-1.08) (-0.26) 

REANEWS 0.000886136 0.000557785 0.000875350 0.000108381 

 (0.97) (0.77) (1.25) (0.15) 

     

Intercept Yes Yes Yes Yes 

Portfolios 157 154 102 102 

Observations 368,770 325,840 326,350 289,360 

Average R2 0.0117154 0.0169285 0.0050281 0.0073478 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



52 
 

Table 7: SA and Returns Excluding [-10, +10] of Earnings Announcement 
 

Regression coefficients are estimated cross-sectionally every month between September 2004 – October 2018. Then, 

coefficients are averaged over the months. Months with less than 50 observations are removed. Observations report 

the number of articles within the period. Results are reported separately for all observations (Column 1&2) and post-

2009 Financial Crisis (Column 3&4). Dependent variable is either immediate returns, measured as [-1, +1] of article 

publication date, or drift returns, measured as [+2, +90] of article publication date. Any immediate return in excess 

of +/-1 is replaced by +/-1. Any drift return in excess of +/-3 is replaced by +/-3. Variable of interest SASCORE, is 

calculated according to the method mentioned in Section 3 and take on continuous values between -1 and +1. 

Documents with less than 5 positive and negative mentions altogether are considered no news articles and 

eliminated from the sample. SA score is then ranked into deciles by year-month and scaled to be between -0.5 and 

+0.5. Articles published within 10 days of the earnings announcement are omitted from the sample. ***, **, * 

denotes significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A: Relationship between immediate returns and SA score for articles away from earnings 

announcement 

 

 (1) All (2) All (3) Post-FC (4) Post-FC 

SASCORE 0.0141050*** 0.0136539*** 0.0102989*** 0.0099115*** 

 (15.50) (15.96) (17.33) (17.45) 

RSURPRISE  0.000785117  0.000859052 

  (0.90)  (1.39) 

REANEWS  -0.000067995  0.000534533 

  (-0.08)  (0.73) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 149 149 98 98 

Observations 263,298 255,324 233,445 226,385 

Average R2 0.0083462 0.0135564 0.0053825 0.0088463 

 

Panel B: Relationship between drift returns and SA score for articles away from earnings 

announcement 

 

 (1) All (2) All (3) Post-FC (4) Post-FC 

SASCORE 0.0021212 0.000696166 0.0051876** 0.0047209** 

 (0.77) (0.27) (2.20) (2.03) 

RSURPRISE  0.0091898*  0.0151847*** 

  (1.85)  (3.82) 

REANEWS  -0.0050912  0.0037918 

  (-0.97)  (0.95) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 149 149 98 98 

Observations 263,298 255,324 233,445 226,385 

Average R2 0.0030689 0.0192882 0.0019277 0.0122116 
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Table 8: SA and Options Market Excluding [-10, +10] of Earnings Announcement 

 
Regression coefficients are estimated cross-sectionally every month between September 2004 – October 2018. Then, 

coefficients are averaged over the months. Months with less than 50 observations are removed. Observations report 

the number of articles within the period. Results are reported separately for all observations (Column 1&2) and post-

2009 Financial Crisis (Column 3&4). Dependent variable is change in either volatility spread or volatility skew, 

measured as the difference between base period [-10, -5] and post period [+1,+5] of article publication date. 

Variable of interest SASCORE, is calculated according to the method mentioned in Section 3 and take on 

continuous values between -1 and +1. Documents with less than 5 positive and negative mentions altogether are 

considered no news articles and eliminated from the sample. SA score is then ranked into deciles by year-month and 

scaled to be between -0.5 and +0.5. Articles published within 10 days of the earnings announcement are omitted 

from the sample. ***, **, * denotes significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A: Changes in volatility spread/skew for SA articles away from EA 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

SASCORE 0.0021622*** -0.000768475 0.001882*** -0.0012061*** 

 (3.36) (-1.4) (3.23) (-2.65) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 149 147 98 98 

Observations 243,566 214,800 216,168 191,105 

Average R2 0.0017309 0.0027393 0.000996957 0.000875443 

 

Panel B: Changes in volatility spread/skew for SA articles away from EA with controls 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

SASCORE 0.0021126*** -0.000777634 0.0019080*** -0.0011479** 

 (3.25) (-1.41) (3.23) (-2.47) 

RSURPRISE 0.0010617 -0.000089188 0.000634920 0.000245251 

 (0.93) (-0.14) (0.90) (0.46) 

REANEWS -0.000660502 -0.000380469 -0.0014816* -0.000219888 

 (-0.62) (-0.51) (-1.81) (-0.31) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 148 146 98 98 

Observations 236,983 209,934 210,434 186,944 

Average R2 0.0087953 0.0090274 0.0039032 0.0039362 
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Table 9: SA Score and Ranked Option Market Indicators 

 
Regression coefficients are estimated cross-sectionally every month between September 2004 – October 2018. Then, 

coefficients are averaged over the months. Months with less than 50 observations are removed. Observations report 

the number of articles within the period. Results are reported separately for all observations (Column 1&2) and post-

2009 Financial Crisis (Column 3&4). Dependent variable is ranked change in either volatility spread or volatility 

skew, measured as the difference between base period [-10, -5] and post period [+1, +5] of article publication date. 

Quartile ranks are determined by year-month. Variable of interest SASCORE, is calculated according to the method 

mentioned in Section 3 and take on continuous values between -1 and +1. Documents with less than 5 positive and 

negative mentions altogether are considered no news articles and eliminated from the sample. SA score is then 

ranked into deciles by year-month and scaled to be between -0.5 and +0.5. ***, **, * denotes significance at the 1%, 

5%, and 10% level, respectively. 

 

Panel A: Relationship between changes in volatility spread/skew rank and SA score 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

SASCORE 0.0130522*** -0.0124828*** 0.0184306*** -0.0147246*** 

 (3.85) (-3.19) (5.71) (-3.86) 

     

Intercept Yes Yes Yes Yes 

Portfolios  162 158 106 106 

Observations 440,997 389,400 390,316 345,524 

Average R2 0.0014736 0.0018776 0.0010537 0.0012684 

 

Panel B: Relationship between changes in volatility spread/skew rank and SA score with controls 

 

 

(1) Spread All (2) Skew All 

(3) Spread 

Post-FC 

(4) Skew  

Post-FC 

SASCORE 0.0059995 -0.0094853** 0.0107414*** -0.0069839* 

 (1.57) (-2.18) (3.25) (-1.78) 

RSURPRISE -0.0020763 0.0062049 -0.000844162 -0.0010465 

 (-0.42) (1.15) (-0.22) (-0.23) 

REANEWS 0.0162062*** 0.0103376* 0.0136078*** -0.000553382 

 (3.33) (1.76) (3.17) (-0.12) 

     

Intercept Yes Yes Yes Yes 

Year-Month Portfolios 157 154 102 102 

Observations 368,770 325,840 326,350 289,360 

Average R2 0.0072138 0.0091150 0.0035219 0.0041978 
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Appendix 1: Variable Definitions 

 

SIZE The log of total assets of the firm from Compustat 

MTB The ratio of market value to book value of the firm from 

Compustat 

# FORECASTS Number of forecasts issued on the firm in the quarter from I/B/E/S 

DAY DIFF Number of days between quarterly earnings announcement and 

publication of Seeking Alpha article 

SURPRISE The actual EPS from I/B/E/S subtracted by either the average of 

all analyst forecasts in the 90 days before earnings announcement 

or the time series of prior analyst forecasts of the quarter counting 

back in 4 quarter increments if most recent analyst forecasts are 

not available 

RSURPRISE Decile rank by year-month of the actual EPS from I/B/E/S 

subtracted by either the average of all analyst forecasts in the 90 

days before earnings announcement or the time series of prior 

analyst forecasts of the quarter counting back in 4 quarter 

increments if most recent analyst forecasts are not available, rank 

is standardized between [-0.5, +0.5] i.e., rank is a number 0-9, 

divide the number by 9 and subtract 0.5 

EA NEWS 

 

The [-1,+1] abnormal return of the firm around quarterly earnings 

announcement; abnormal return is calculated as the difference 

between the firm return and a matched portfolio sorted on size, 

market-to-book, and momentum, 27 portfolios are used with 3 size 

ranks, 3 market-to-book ranks, and 3 momentum ranks 

REANEWS 

 

Decile rank by year-month of the [-1,+1] abnormal return of the 

firm around quarterly earnings announcement; abnormal return is 

calculated as the difference between the firm return and a matched 

portfolio sorted on size, market-to-book, and momentum, 27 

portfolios are used with 3 size ranks, 3 market-to-book ranks, and 

3 momentum ranks; rank is standardized between [-0.5, +0.5] i.e., 

rank is a number 0-9, divide the number by 9 and subtract 0.5  

IMMEDIATE RET [-1,+1] abnormal trading day return of the firm around Seeking 

Alpha article publication date, if return is more than 1, then 

replace with 1; abnormal return is calculated as the difference 

between the firm return and a matched portfolio sorted on size, 

market-to-book, and momentum, 27 portfolios are used with 3 size 

ranks, 3 market-to-book ranks, and 3 momentum ranks 

DRIFT RET [+2, +90] abnormal trading day return of the firm after Seeking 

Alpha article publication date, if return is more than 3, then 

replace with 3; abnormal return is calculated as the difference 
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between the firm return and a matched portfolio sorted on size, 

market-to-book, and momentum, 27 portfolios are used with 3 size 

ranks, 3 market-to-book ranks, and 3 momentum ranks 

READER SENTIMENT Scaled sentiment score between [-1, +1] of Seeking Alpha article, 

calculated as  
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡−𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡+𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡
, positive and 

negative mentions are calculated using NLP, see examples in 

Appendix 2 

SASCORE Scaled sentiment score between [-1, +1] of Seeking Alpha article, 

calculated as  
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡−𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡+𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑙+𝐸𝑣𝑒𝑛𝑡
, sentiment score 

is then ranked into deciles by year-month and standardized 

between [-0.5, +0.5] i.e., rank is a number 0-9, divide the number 

by 9 and subtract 0.5 

VOLSPREAD Volatility spread is calculated as the weighted average of the 

difference in implied volatilities of call-put pairs matched on strike 

price and exercise date, weighted by open interest of the pair 

divided by open interest of all pairs on the day, for ranked 

volatility spread the ranking is in quartiles by year month 

VOLSKEW Volatility skew is calculated as implied volatility of out-of-the-

money (OTM) puts minus the implied volatility of at-the-money 

(ATM) calls, for OTM puts take option with delta closest to -0.3 

and between [-0.45, -0.15] and for ATM calls take option with 

delta closest to +0.5 and between [+0.4, +0.7], for ranked volatility 

skew the ranking is in quartiles by year month 

CHG VOLSPREAD Change in volatility spread from [-10, -5] to [+1, +5] of 

publication date, volatility spread is calculated as the weighted 

average of the difference in implied volatilities of call-put pairs 

matched on strike price and exercise date, weighted by open 

interest of the pair divided by open interest of all pairs on the day, 

for ranked volatility spread the ranking is in quartiles by year 

month 

CHG VOLSKEW Change in volatility skew from [-10, -5] to [+1, +5] of publication 

date, volatility skew is calculated as implied volatility of out-of-

the-money (OTM) puts minus the implied volatility of at-the-

money (ATM) calls, for OTM puts take option with delta closest 

to -0.3 and between [-0.45, -0.15] and for ATM calls take option 

with delta closest to +0.5 and between [+0.4, +0.7], for ranked 

volatility skew the ranking is in quartiles by year month 
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PREEA Indicator variable, 1 if Seeking Alpha article is published within  

[-10, -1] days of quarterly earnings announcement and 0 otherwise 

POSTEA Indicator variable, 1 if Seeking Alpha article is published within  

[0, +10] days of quarterly earnings announcement and 0 otherwise 

𝛼 Alpha of the expected return model 

𝛽 Beta of the expected return model, coefficient of regressing 𝑅𝑖 −

𝑅𝑓 on 𝑅𝑚𝑘𝑡 − 𝑅𝑓, 𝑅𝑚𝑘𝑡 and 𝑅𝑓 are provided by the Fama French 

Data Library 

SMB Size factor, calculated as the average return of small stock 

portfolios subtracted by the average return of large stock 

portfolios, provided by the Fama French Data Library 

HML Value factor, calculated as the average return of the value 

portfolios minus the growth portfolios, provided by the Fama 

French Data Library 

MOM Momentum factor, calculated as the average return on the strong 

momentum portfolios minus the average return on the weak 

momentum portfolios, provided by the Fama French Data Library 
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Appendix 2: NLP Business Event Examples 

 

Event Type Excerpt Sentiment 

Mergers and Acquisitions The eBay spin-off can be 

relevant for the timing of a 

potential Alibaba 

acquisition as well as the 

potential likelihood. 

POS 

Default Canadian banks will be 

required to immediately cut 

their dividends under rising 

defaults as shown below, 

with all banks cutting their 

dividends entirely in 2018 

due to losses from rising 

defaults. 

NEG 

Contract Late last year, Ballard 

announced that the company 

secured a long-term fuel-

cell supply contract from 

PLUG, which includes 

providing fuel-cell stacks for 

use in Plug Power’s 

GenDrive systems deployed 

in forklift trucks. 

POS 

Workforce These include headcount 

reductions, reengineering 

our products and processes, 

improving efficiencies and 

raw material pricing… 

NEG 

Supply and Demand The company is growing its 

fleet to service the 

increasing demands for air 

travel in the region. 

POS 
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Appendix 3: Seeking Alpha Article Examples 
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