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Social media, financial reporting opacity and return co-movement: Evidence from
Seeking Alpha

Rong Ding, Hang Zhou and Yifan Li

Abstract

In this study we develop a model to analyse the interplay between coverage of a firm on
social media, financial reporting opacity and stock return co-movement. Our model predicts a
negative association between social media coverage and co-movement, because social media
facilitates the incorporation of firm-specific information into stock price. It is also predicted
that the effect of social media coverage on co-movement is more pronounced among firms
with higher financial reporting opacity. Using data collected from Seeking Alpha, the largest
crowdsourced social media that provides “third-party generated” financial analysis in US, we
find results consistent with the model’s predictions.
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1. Introduction
In this study, we develop a model to analyze the interplay between coverage of a firm on
social media that provides financial analysis written by non-professional analysts, financial
reporting opacity and the extent to which stock return co-moves with industry and market
return (co-movement). Both Chen et al. (2014) and Campbell et al. (2018) analyse the
information conveyed by financial analysis posted on Seeking Alpha (SA), and conclude that
SA articles provide reliable firm-specific information. In particular, Chen et al. (2014) show
that the views expressed in SA articles can predict stock return and earnings surprise in the
next three months, and such effect is more evident for articles written by contributing authors
with established track record. Campbell et al. (2018) find that the disclosure of stock
positions of non-professional analysts who contribute articles to SA enhances the
informativeness of their articles, which is reflected by stronger stock return surrounding their
articles’ publication date. From a related but different perspective, we suggest that the
coverage of public firms on crowdsourced social media plays at least two roles in influencing
the co-movement between stock return and market and industry return:

e Firstly, financial analysis written and posted on social media might have “global access”
on the Internet, which facilitates the incorporation of more information, particularly firm-
specific information, into stock price. Given there are an increasing number of investors
who are informed after reading financial analysis posted on social media, they are able to
take the advantage of such information when they trade with uninformed counterparts.
This results in firm-specific information being incorporated into stock price to a more
significant extent, leading to lower return co-movement.

e Secondly, prior research shows that interaction with others in the same social network can
explain a wide range of economic activities (Bikhchandani et al., 1998; Ivkovi¢ and

Weisbenner, 2007). In the financial market, interaction with other market participants is



critical in the dissemination of value relevant information, as people pay more attention to
ideas or facts that are reinforced by interaction, ritual and symbols (Shiller, 1999).% In the
Internet era, crowdsourced social media such as Seeking Alpha is becoming an important
platform where individuals can exchange ideas on investment with others, because it
allows registered user not only to write and read articles, but also to post commentaries in
response to an existing piece of information. Those who post commentaries may provide
disparate perspectives or alternative insights, and can suggest corrections or even point
out flaws in the original article. Not unreasonably, an article followed by many
commentaries is expected to attract more attention from a broad audience. Therefore, the
coverage on social media enables more investors to better communicate with others and
understand the implication of information released in the original article, which results in
such information being fully impounded into stock price, leading to reduced return co-

movement.

It is recognized that financial reports are an important source of firm-specific information that
is widely used by investors (Bushman and Smith, 2001; Lambert, 2001). According to Jin
and Myers (2006), (financial reporting) opacity, which represents the lack of information that
precludes investors from determining the fair value of a firm, makes it easier for managers to
conceal self-serving behavior such as rent seeking or asset diversion.? This implies that the
opacity limits the flow of firm-specific information to the market, which leads to higher
return co-movement. Under such circumstances, alternative information sources such as

social media enable investors to access “third-party generated information” related to a firm,

! For example, Shiller and Pound (1989) find that almost all investors who recently purchased a stock had their
attention drawn to it through direct communication with others.

21n an analytical study Bleck and Liu (2007) posit that opacity in financial reporting constrains shareholders’
ability to distinguish bad projects from good projects at an early stage, leading to the continuation of bad
projects over time and a higher risk of crash in asset prices. Such a prediction is supported by Hutton et al.,
(2009), which report a positive association between crash risk and the extent firms engage in accrual-based
earnings management.



and use such information to assist decision-making. This suggests that social media has a
stronger effect in facilitating the flow of firm-specific information to the market for firms
with high financial reporting opacity, resulting in stock return of such firms being less co-
moving with the market and industry returns. In section 2 we develop a model to formally
derive propositions regarding the relation between social media coverage, financial reporting
opacity and return co-movement.

To empirically test the predictions of our model, we design a computer program to automate
the process of extracting all articles published on Seeking Alpha website between 2004 and
2014.%3 We focus on single-ticker articles that only provide information about one specific
firm, and remove from our analysis all multiple-ticker articles that discuss more than one firm
in one article. Then we focus on firms that have been covered by Seeking Alpha at least once
in our sample period, and construct the coverage measure as the log of one plus the number
of single-ticker Seeking Alpha articles for a firm during a specific year.

Our first measure of co-movement is stock price synchronicity, which is defined as the extent
to which variation in firm-level stock return can be explained by market and industry returns
(Durnev et al., 2003; Piotroski and Roulstone, 2004; Crawford et al., 2012). Following Roll
(1988), we measure stock price synchronicity with adjusted R®> from the market model
regression to capture the extent to which stock price movement can be explained by both
market and industry-wide information.* After a log-transformation, a lower synchronicity
measure implies that market and industry returns can explain a smaller proportion of

individual stock returns, suggesting that more firm-specific information has been capitalized

3 Seeking Alpha, which was founded in 2004 by David Jackson, is a crowdsourced social media platform that
publishes financial commentary and analysis. By the end of 2015 it had 4 million registered users, while more
than 10,000 registered users contribute financial commentary and analysis. Submitted articles are reviewed by a
panel and are subject to editorial changes, so the quality of published articles is expected to be high. There are 7
million average monthly unique visitors and 85 million average monthly page views. Seeking Alpha has a broad
coverage of stocks, including 4,000 small and mid-cap firms. Seeking Alpha states its mission is to provide
“opinion and analysis rather than news”.

4 This measure of return co-movement (and its variation) has been widely used in previous research (i.e., Morck
et al., 2000; Fernandes and Ferreira, 2008; Gul et al., 2011).
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into stock price. Consistent with our prediction, our results confirm that Seeking Alpha
coverage is associated with lower synchronicity (lower level of co-movement). Such a result
is economically significant, because for firms covered by Seeking Alpha, a one-standard
deviation increase in Seeking Alpha coverage is associated with a 4.3% reduction in the
synchronicity measure.® Our second measure of co-movement is the percentage point of time-
series Pearson correlation coefficient between weekly firm return and weekly market return
(CORRE). Based on this measure we find consistent results that Seeking Alpha coverage is
associated with lower co-movement. We further corroborate that our findings are robust to
estimation using a matched sample based on a propensity score (PSM), a two-stage least
square (2SLS) approach, and decomposing the synchronicity measure into a market return
component and an industry return component. Results show that Seeking Alpha coverage is
negatively associated with both the market return component and the industry return
component. Taken together, our findings suggest that social media plays an important role in
facilitating the flow of firm-specific information to the market, thus decreasing return co-
movement.

Next, we investigate whether the association between social media coverage and return co-
movement is more pronounced in firms with higher financial reporting opacity, because
higher financial reporting opacity is expected to make it difficult for investors to obtain
information from financial reports, thus making them increasingly reliant on alternative
information source such as social media to access firm-specific information. Consistent with
Hutton et al., (2009), we use the average discretionary accruals calculated from the Francis et
al., (2005) model over a three-year period as the first proxy of financial reporting opacity,
and find evidence supporting the prediction of our model that the effort of social media

coverage on co-movement is more pronounced in firms with higher financial reporting

> The reduction is calculated as percentage change in co-movement before log transformation, which is the
adjusted R*from regressing firm level stock return on market and industry returns.
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opacity. Our inferences are qualitatively unchanged when we use analyst forecast dispersion
as the second measure of financial reporting opacity, with the rationale that forecast
dispersion might be larger for firms with higher opacity.

The contribution of our study is threefold. Firstly, we extend the literature on the capital
market consequence of social media (Blankespoor et al., 2014; Lee et al., 2015) by
developing a model to explicate the relation between social media coverage, financial
reporting opacity and co-movement.® The predictions of the model are supported by data
collected from Seeking Alpha. As a typical example of crowdsourced social media
specializing in financial analysis, Seeking Alpha substantially differs from other social media
outlets such as Facebook or Twitter. Seeking Alpha articles are composed by registered users
and independent parties (i.e. the editorial team of Seeking Alpha) will verify the quality of
submission and the credentials of the author (i.e. name, address and contact information)
before an article is eventually published.” Furthermore, unlike tweets, which are restricted to
140 characters until September 2017, Seeking Alpha articles can accommodate in-depth
analysis of a firm, thus conveying valuable information with figures and numbers to validate
the information. In particular, since January 2011 Seeking Alpha started paying each
contributing author $10 per 1,000 page views on her article.® It is likely, therefore, that the
information revealed in a published article on Seeking Alpha is of high quality, because the

author has a financial incentive to publish articles with high credibility. If the information

6 Blankespoor et al., (2014) find that firms can reduce information asymmetry by disseminating corporate news
through Twitter, and Lee et al., (2015) show that firms use social media such as Twitter to interact with
investors to attenuate the negative stock market reaction to product recalls.

7 According to an article written by Seeking Alpha CEO Ali Hoffmann and posted on its website on 10" April
2014, the editorial team of Seeking Alpha evaluates each submission based on 1) whether the idea expressed in
the article is convincing; 2) whether the idea is actionable and 3) whether the idea is well-presented
(https://seekingalpha.com/article/2 134803 -how-much-does-seeking-alpha-pay-its-contributors).

8 According to the same article written by Seeking Alpha CEO Ali Hoffmann and posted on its website on 10
April 2014, Seeking Alpha pays authors who contribute articles exclusive to Seeking Alpha. The base payment
is $10 each 1,000-page views. For high quality analysis of stocks that lack good research (e.g., small-cap),
Seeking Alpha pays a minimum $150 for articles selected by its editors, and $500 for top small-cap ideas with
exceptionally attractive risk/reward profiles.



provided in an article has been proved to be misleading, the reputation of the author will be
negatively affected, and any future article from the same author is unlikely to be published by
Seeking Alpha. Similar incentives are absent in both Twitter and Facebook, which implies
that Seeking Alpha constitutes a powerful setting to test our model. In our analysis we find
that the social media coverage has an incremental effect on return co-movement in that we
control for the press coverage using RavenPack data, which supports the premise that the
value relevant information provided by social media is distinctive from that released in public
press.’

Secondly, our study provides new insights into the determinants of stock return co-movement.
Since Roll (1988), a considerable amount of research has identified links between co-
movement and investor protection and development of financial markets, corporate
governance, mandatory adoption of XBRL and newspaper coverage (Morck et al., 2000;
Durnev et al., 2003; Crawford et al., 2012; Dong and Ni, 2014; Dong et al., 2016). Our study
points to the role of social media in influencing stock return co-movement.

Finally, our results highlight that social media coverage has incremental effect on the
incorporation of firm-specific information into stock price for firms with higher financial
reporting opacity, which suggests that social media can complement formal disclosure (e.g.,
financial statements) to a certain extent in unravelling value-relevant information to the
market. Our findings have implication for executives of public firms, because firms could

coordinate with social media platforms to facilitate the dissemination of corporate

9 RavenPack collects and analyses business news from news providers such as Dow Jones newswire, the Wall
Street Journal, Barron’s, industry and business publications, regional newspapers and regulatory updates.
Previous research shows that public information from RavenPack is distinctive from information on social
media. For example, Giannini et al. (2019) measure investors’ divergence of opinion with the difference
between sentiment of news articles from Dow Jones Factiva news database and sentiment of stock Twitter
messages from Stocktwits.com, and find that the divergence of sentiments are associated with a greater trading
volume on and after earnings announcement. Cookson and Niessner (2019) use sentiment of messages collected
from Stocktwits.com to construct dispersion of investors’ opinion, and find the dispersion measure is distinct
from other factors that influence trading volume include investor’s attention and news coverage about the firm.
These findings are consistent with views from public news being different from those based on social media
communication.



information as well as an independent verification and evaluation of such information to a
broader audience.

Our study is related to but different from Filzen and Schutle (2017). Their study uses Google
search volume as a proxy of investors’ information demand for firms with complex financial
reports, and find evidence that increase in financial reporting complexity is followed by an
increase in Google search and subsequently a significant increase in co-movement between
the focal firm and its industry peers. Our study concentrates on the information supply
resulting from coverage on social media and the effect of improved information accessibility
for investors on co-movement between a firm and the market, while the primary focus of
Filzen and Schutle (2017) is the information demand from investors for firms with more
complex financial reports and its impact on co-movement.'® The research focus of our paper
allows us to provide fresh insights on the capital market consequence of social media
coverage as an important source of firm-specific information.

Our study is also different from Dasgupta et al., (2010). Firstly, in Dasgupta et al. (2010),
their view of financial reporting transparency is associated with events of disclosing general
firm-specific information. Therefore, they study major events through which firms actively
disclose a big chunk of information (e.g., seasoned equity offerings or cross-listing events).
However, these are publicly available firm-specific events that are accessible to all investors,
and are likely to be captured by RavenPack dataset. In contrast, we measure financial
reporting opacity with the quality of information from financial statements that can be
understood by investors with sufficient skill, which reflects the quality of more technical
firm-specific information. Secondly, Dasgupta et al., (2010) are interested in a dynamic
relationship between transparency and co-movement, while we focus on a contemporaneous

and static relationship between the two. The different research design between our study and

10 We thank an anonymous reviewer for drawing our attention to Filzen and Schutle (2017).



Dasgupta et al., (2010) enables us to explore how the firm-level variation in financial
reporting quality changes the importance of social media coverage in influencing the stock
return co-movement.

The remainder of the paper is organized as follows. Section 2 develops the model. Sample
and research design are described in Section 3, and Section 4 presents the empirical results.

The final section concludes.

2. The model

In the literature, security prices are considered to be jointly determined by a common market
factor and an idiosyncratic factor (Roll, 1988; Jin and Myers, 2006).1! When a larger fraction
of price fluctuation is caused by the idiosyncratic factor, the co-movement between assets
return and the market factor decreases. In contrast, if the market factor drives the price
fluctuation to a greater extent, it is reasonable that asset returns will co-integrate with the
market factor, generating higher return co-movement. Our two-period model, which is
adapted from the model proposed by Kacperczyk et al., (2016), Schmidt (2012) and Huang et
al., (2018), provides insights into how social media coverage and financial reporting opacity
relate to investors' learning about shocks of asset payoffs, which consequently influence the
return co-movement. In this section, we briefly outline the key intuitions and conclusions of
our model for conciseness and refer the readers to Appendix 1 for a complete exposition of
the model.

In our two-period model, we assume there exists N +1 assets in the market: N individual
stocks and a composite stock representing the marked index. The payoffs of all assets are
determined by a market-wide shock, while individual assets are also affected by firm-specific

payoff shocks. We assume that there exists a continuum of atomless investors in the market.

11 Roll (1988) suggests that the idiosyncratic factor is largely determined by firm-specific information.
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Investors have the same prior information about the payoffs of assets at the start of the first
period but can learn and refine their beliefs about these shocks, which will be revealed at the
end of the second period. During the first period, investors will receive signals about the
payoff of the asset and rebalance their portfolio optimally based on the signals they receive.
At the end of the first period, investors maximize their final utility by choosing the optimal
demand of each security based on their posterior beliefs about each asset conditioning on the
signals, which further determines the prices of each asset. Return co-movement between an
individual stock and the market can therefore be examined as the correlation between the
first-period returns of an individual asset and the composite asset.

Our contributions to the models in Kacperczyk et al., (2016), Schmidt (2012) and Huang et
al., (2018) are twofold. Firstly, we explicitly consider the effect of social media coverage and
financial reporting opacity on investors' learning process about asset payoffs. In our model,
media coverage and financial reporting opacity are directly associated with the precisions of
the firm-specific signals that investors can receive. Intuitively, investors can obtain more
(less) precise signals about firm-specific shocks with higher (lower) social media coverage
and lower (higher) financial reporting opacity. Secondly, we account for that firm specific
information disclosed by social medial are relatively costless and accessible compared to that
contained in the financial reports, which requires specific skills to interpret. In our model, we
assume that investors are heterogenous: only a proportion of the investors are 'skilled" such
that they are able to interpret the information disclosed in the financial reports and obtain a
more precise firm-specific signal compared to the 'unskilled' investors.

Based on our model, we derive two important propositions:

Proposition 1: Co-movement between firm-specific return and market return is smaller for

firms with a higher level of social media coverage.



Proposition 2: The marginal effect of social media coverage on return co-movement is more
pronounced for firms with higher financial reporting opacity.

In the remainder of this paper, we empirically test propositions 1 and 2 derived from our
theoretical two-period model using fixed-effect regression models. Details of the design of

the tests can be found in Section 3.2.

3. Data, variable and research design

3.1 Data

Our measure of social media coverage is the number of articles exclusively related to a firm
for a given year (single-ticker articles) that are posted on the Seeking Alpha, the largest
crowdsourced social media platform in the US. We design a computer program to automate
the process of extracting all single-ticker articles from Seeking Alpha website. Specifically,
we use a python program based on “Scrapy” to extract all single-ticker articles from the
website in HTML format. Our data-set includes 133,217 single-ticker articles between 2004
and 2014. In the subsequent analysis we use the natural log of one plus the number of
Seeking Alpha article to alleviate its skewness. Appendix 2 provides an example of a typical
Seeking Alpha article. We further collect return data from CRSP, firm fundamental data from
COMPUSTAT, and analyst coverage data from 1/B/E/S. We require non-missing values*? for
key variables including synchronicity and control variables listed in Section 3.2. Our final
sample contains 39,568 firm-year observations from between 2004 and 2014.23 To mitigate
the potential influence of outliers, we winsorise all continuous variables at the top and bottom

1%.

12 We keep the entire sample of US stocks irrespective of the existence of Seeking Alpha coverage in order to

avoid the endogenous nature of Seeking Alpha coverage.

13 The number of observations used to test proposition 1 and 2 varies between 39,568 and 12,6006, as the data

requirements we impose to calculate CORRE and measures of financial reporting opacity result in loss of some
of the observations. However, when we investigate proposition 1 and 2 with a reduced sample including the
same number of observations, our inferences remain qualitatively unchanged.
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3.2 Research design

3.2.1 Test of Seeking Alpha coverage and stock return co-movement

Roll (1988) is the first to propose that stock price synchronicity, the association between a
firm’s stock return and market and industry returns, is negatively associated with the amount
of firm-specific information being impounded into stock prices. Following Huang et al.
(2018), we use two measures for the stock price synchronicity. The first measure is the

adjusted R?from the following regression for each firm-year:

RET, = a,+ f Ret_mkt + g, Ret_ind, + B, Ret_mkt , + 4, Ret_ind, , +&, (1)
where RET is the weekly stock return of individual firm i in week t; Ret_mkt is the weekly
return calculated as the value-weighted return on all NYSE, AMEX, and NASDAQ stocks in
week t; Ret_ind is the weekly return of the industry (based on the two-digit SIC code) in
week t to which the firm belongs. The lag returns are included to account for non-
synchronous trading. Adjusted R’is derived from Equation 1. We run Regression (1) across
each firm-year with a minimum of 45 weekly observations. Following previous literature
(i.e., Morck et al., 2000; Piotroski and Roulstone, 2004), we define synchronicity as:

Adj.R?

SYNCH = log(————
g(l—Adj.R2

) (2a)

The benefit of log transformation of Adj.R? is the creation of an unbounded variable out of

a variable originally bounded between 0 and 1, which generates a dependent variable with
approximately normal distribution. By construction, higher value of stock price synchronicity
(SYNCH) indicates that firms’ stock returns are closely tied to market and industry returns
(higher return co-movement).

Our second measure of co-movement is the percentage point of time-series Pearson

correlation coefficient between weekly firm return and weekly market return, which is also
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used in Peng and Xiong (2006) and Anton and Polk (2014). For time series return of firm i R,
and market return R,,, CORRE is computed as follows:

CORRE,, = <27t (2b)

To test the association between Seeking Alpha coverage and return co-movement, we
estimate the following model:

Comovement,, =a, + BL _SA, + B,L _RP, + BLNUM,, + B,SIZE,  + B,LMB,, + B,LEVERAGE;,
+,ROA  + BNIND,  + B, HERFSALE,  + 8,STDROA , + 3,BIG4, + > o Firm, + > Year, +¢,,
©)

where Co-movement is either stock price synchronicity or CORRE for firm i in year t, and
L_SA;, is defined as the natural log of one plus the number of Seeking Alpha single-ticker
articles covering firm i in year t.

To distinguish the effect of Seeking Alpha coverage on the stock price co-movement from
that of public firm-specific news, we use press coverage data provided by RavenPack
Analytics (RP) as a control variable. RavenPack collects and processes articles from premium
newswires, providers of regulatory news and press releases in real time for both firm-specific
and macroeconomic-related news globally. For each firm-specific article, it identifies the
entity involved in the article and the relevance of the entity to the article. From RavenPack
we collect all firm-specific news articles for US firms that are considered as the most relevant
within our sample period.** We then compute L _RP, as the natural log of one plus the
number of the most relevant articles covering firm i in year t.

We also incorporate a set of control variables that have been identified in previous research

as affecting stock price synchronicity (Roll, 1988; Hutton et al., 2009; Crawford et al., 2012;

14 RavenPack assigns a relevance score from 0 to 100 to each article to evaluate the relevance of this article to
the entities involved. The article will receive a relevance score of 100 if a) it is found to be playing a key role in
the first event detected in the headline of a story, and b) it is not playing an explicitly lower relevant role such as
a rater. We only keep articles with a relevance score of 100 to enhance the power of our test.

12



Kim and Shi, 2012). LNUM is constructed as the natural log of 1 plus the average number of
analysts following the firm during the previous fiscal year. SIZE is defined as the natural log
of the firm’s market capitalisation at the end of the previous fiscal year; LMB is measured as
the natural log of market capitalisation scaled by the book value of equity at the end of the
previous fiscal year; LEVERAGE is the total long-term debt scaled by the total assets at the
end of the previous fiscal year, and ROA is measured as income before extraordinary items
divided by total assets at the end of the previous fiscal year. NIND is the natural log of the
number of firms in the industry to which firm i belongs; HERFSALE is the sum of the
squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end
of the previous fiscal year; STDROA is the standard deviation of ROA in the previous five
years. To capture the impact of the quality of external auditing, Big4 is set to 1 if the firm is
audited by one of the Big 4 audit firms (PwC, Deloitte, Ernst & Young or KPMG), 0
otherwise. We adjust the standard error for heteroscedasticity, serial and cross-sectional
correlation using a two-dimensional cluster at the firm and year level (Petersen, 2009).
Finally, we include firm fixed effect and year fixed effect to address firm-specific and time-
series trends of stock price synchronicity. As suggested by Dyreng et al., (2010), the
utilisation of firm-fixed effect forces the firm to act as its own control, and our test essentially
concentrates on within-firm variation. The definition of all variables is summarized in

Appendix 3.

3.2.2 The moderating effect of financial reporting opacity

To measure financial reporting opacity, we first follow Hutton et al., (2009) to calculate the
three-year average accruals quality over year t-2 to year t, and label it OPA. Discretionary
accruals are computed as residual from the estimation error Model (Equation 4). Following

Francis et al., (2005) model, we calculate the absolute value of the residual from each year

13



for the two-digit SIC industry, and larger discretionary accruals (larger absolute value of

residual) indicate lower accrual quality:

TACC, _,  ACFO.. ACFO,  ACFO.. AARev, APPE, (4)
TAu TAu TAu TAu TAu Ao

Our second measure of financial reporting opacity is the dispersion of analyst earnings
forecasts. Previous research (Maffett, 2012) shows that accounting information asymmetry is
associated with greater analyst forecast dispersion, as the disagreement of earnings forecasts
among analysts reflects the level of information asymmetry between corporate insiders and
outsiders (i.e. investors and intermediaries such as analysts). Opaque firms disclose less firm-
specific information or information of inferior quality, which makes it difficult for analysts to
reach a consensus on earnings forecasts, generating large forecast dispersion. We compute
the dispersion of analyst earnings forecasts for each firm in year t, and create OPA2 by
scaling the dispersion with the firm’s opening stock price of the year.

Then we rely on the following model to test whether Seeking Alpha coverage plays a more
pronounced role in decreasing return co-movement among firms with higher financial
reporting opacity:

Comovement,, =a, + AL _SA, +B,0PA, +B,L_SA,*OPA +B.L_RP, +ALNUM, +BSIZE, + B LMB,,
+[,LEVERAGE, + B,ROA, + B NIND,  + B, HERFSALE;  + 8,STDROA,, + B,BIG4, + ) a;Firm + ) a Year, +¢,

() . | . .

where Co-movement is either stock price synchronicity or CORRE for firm i in year t. We run

Regression (5) for the full sample, and expect the coefficient of interaction between Seeking

Alpha coverage and OPA (OPAZ2), our main variable of interest, to be significantly negative.

4. Empirical results
4.1 Descriptive statistics
Figure 1 presents the summary statistics on the Seeking Alpha coverage. The number of

Seeking Alpha articles (firms covered by Seeking Alpha) increased from 18 (12) in 2004 to
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21,995 (2,931) in 2014, showing the substantially growing influence of Seeking Alpha in the
investment community during our sample period.*®

Table 1 provides the descriptive statistics of all the variables. The synchronicity measure has
a mean (median) of -2.664 (-2.421), and varies from -3.874 (25th percentile) to -1.234 (75th
percentile). CORRE has a mean (median) of 40.898 (43.003) and varies from 24.361 (25th
percentile) to 58.662 (75th percentile). The mean (median) of the number of Seeking Alpha
articles (L_SA) is 0.426 (0.000). The mean (median) of the number of news coverage from
RavenPack (L_RP) is 4.612 (5.517), indicating that there are on average a significantly larger
amount of publicly available news articles than Seeking Alpha articles. The mean (median)
of analyst following is 0.952 (0.000), and mean (median) of firm size measured by the
logarithm of market capitalisation is 6.213 (6.184), which suggests our sample is populated
with large firms. ROA has a mean (median) of 0.025 (0.024), and standard deviation of ROA
has a mean (median) of 0.101 (0.033). Finally, the mean (median) of Big4 is 0.701 (1.000),
indicating that more than 70% of our sample firms have Big4 as their auditor. All the

variables have substantial variation.

<< Insert Table 1 about here >>

4.2 Correlation

Table 2 presents the Pearson correlation between the variables. Both CORRE and the
synchronicity measure are positively correlated with Seeking Alpha coverage, which seems
inconsistent with our prediction.’® However, as we do not control for the other determinants

of the synchronicity measure, the correlation has to be interpreted with caution. Consistent

15 The statistics are calculated after excluding financial assets apart from stocks such as mutual funds, ETFs and
non-US stocks from the original full sample of Seeking Alpha single-ticker articles.

16 The positive correlation likely captures the relation between synchronicity measure and firm size (correlation
= 0.645, p < 0.001), which in turn is positively associated with Seeking Alpha coverage.
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with findings of Piotroski and Roulstone (2004), the two co-movement measures are
positively correlated with analyst following, suggesting that high analyst coverage facilitates
the disclosure of market and industry information to the market. Seeking Alpha coverage is
weakly and positively correlated with the public press coverage (from RavenPack), which
signals that Seeking Alpha authors are more likely to cover firms with higher news coverage.
The two co-movement measures are positively correlated with the number of RP news
articles, size, market-to-book, leverage, ROA, Big4, and is negatively related to the standard
deviation of ROA and NIND. Finally, the correlation statistics do not raise concerns
regarding multicollinearity, as the largest correlation is that between CORRE and
synchronicity (0.847) and they will not enter the same regression. The VIF of all subsequent

regressions are below 10.

<< Insert Table 2 about here >>

4.3 Multivariate results

Table 3 reports results related to the prediction that Seeking Alpha coverage is associated
with lower return co-movement. We use the logarithm of one plus the number of articles on
Seeking Alpha (L_SA) as the proxy of Seeking Alpha coverage, and synchronicity (column 1
and 2) and CORRE (column 3 and 4) are used as proxy of co-movement. In column 1(3) we
regress synchronicity (CORRE) on Seeking Alpha coverage as well as analyst coverage and
firm size as control variable, because the correlations between these two variables and
synchronicity measure are the highest among the correlations between all control variables
and synchronicity measure. In column 2(4) we employ the complete set of control variables
in the analysis, and also control for both firm-fixed and time-fixed effects. As the results

across the columns are consistent, we focus on the interpretation of results in column 2 and 4.
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When synchronicity and CORRE are the dependent variable, the coefficient of L_SA is
negative and significant (-0.057, t = -3.946; -0.462; t= -2.415 respectively), which indicates
that more Seeking Alpha coverage enables the incorporation of firm-specific information into
stock price to a greater extent, leading to lower co-movement. The results lend credence to
the contention that investment related information disclosed on social media can effectively
be revealed to the market and capitalised into stock price. Furthermore, we calculate the
marginal effect to gauge the economic significance. With all other variables at their sample
mean, a standard deviation increase of L_SA from its mean results in a 4.3% (9.50%)
reduction in stock price synchronicity (CORRE). Therefore, we conclude that the negative
association between Seeking Alpha coverage and return co-movement is both statistically and
economically significant. We further decompose the synchronicity measure into a market
return component and an industry return component, and in untabulated analysis find that
Seeking Alpha coverage is negatively associated with both components with statistical
significance. It is important to note that our results are obtained after controlling for the
public new release from RavenPack, which indicates that Seeking Alpha coverage contains
firm-specific information that is different from what is released in the public news.

In respect of the other control variables, the coefficients of analyst coverage and size are
significantly positive, whereas the coefficients of market-to-book are negative and
significant. These findings are broadly consistent with those documented in previous research
(Piotroski and Roulstone, 2004; Crawford et al., 2012).

<< Insert Table 3 about here >>

Table 4 shows results related to the prediction that the influence of Seeking Alpha coverage
on return co-movement is more pronounced in firms with high financial reporting opacity.

We use 1) the three-year average of discretionary accruals calculated from the Francis et al.,
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(2005) model (OPA) 2) analyst forecast dispersion (OPA2) as proxies for financial reporting
opacity, so firms with large average discretionary accruals (larger forecast dispersion) are
considered to be more opaque. We introduce an interaction term between OPA (OPA2) and
Seeking Alpha coverage measures (L_SA), and the coefficient of the interaction term is the
main variable of interest.

We present 4 models, where OPA (OPA2) is the proxy of opacity in module 1 and 2 (3 and
4). In column 1 and 2 where synchronicity and CORRE are the dependent variable, the
coefficient of the interaction between L_SA and OPA is negative and significant (-0.142, t =
-4.297; -1.938, t= -3.650 respectively), In column 3 and 4 where synchronicity and CORRE
are the dependent variable, the coefficient of interaction between L _SA and OPAZ2 is
significantly negative (-0.073, t = -4.711; -0.451, t= -2.695 respectively). The findings
suggest that relative to firms with lower opacity (smaller discretionary accruals and smaller
forecast dispersion), Seeking Alpha coverage plays a more significant role in reducing return
co-movement for firms with high opacity (larger discretionary accruals and larger forecast
dispersion). It is likely that investors (in particular individual investors) find it difficult and
costly to acquire information for firms with high opacity, and Seeking Alpha articles
effectively enable the flow of firm-specific information on such firms to the market, leading
to an incremental decrease in return co-movement.!” Our results are consistent with the
prediction of our model that the marginal effect of opacity is less than that of Seeking Alpha

coverage. This is likely to be caused by the small proportion of skilled investors who are

17 We divide our sample into low opacity and high opacity sub-samples based on a sample mean of
discretionary accruals and analyst forecast dispersion, and run the baseline model in two sub-samples.
Untabulated results show that both the magnitude and significance levels of the Seeking Alpha coverage
measure are higher in the high-opacity sub-sample, suggesting that Seeking Alpha coverage plays a more
significant role in reducing return co-movement among firms with high opacity. This is consistent with the
findings based on regression analysis incorporating interaction between the measure of opacity and Seeking
Alpha coverage.
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capable of extracting information from financial reports, which diminishes the marginal
effect of opacity on return co-movements.*®

<< Insert Table 4 about here >>
4.4 Endogeneity issue
4.4.1 Propensity score matching (PSM)
Our results may suffer from endogeneity, because firms are less likely to be randomly
covered by social media such as Seeking Alpha. For example, large firms, firms with extreme
unexpected earnings or firms in selected industries (i.e. consumer-oriented industries) are
more likely to be covered on Seeking Alpha. Our first approach to address the concern of
endogeneity is the propensity score matching (PSM) method. We estimate the following logit
model for each year: the dependent variable is coded 1 if a firm is covered by Seeking Alpha
in a given year and zero otherwise; the independent variables include all firm-level control
variables in Equation 3. Secondly, with replacement we match each “treatment firm” (a firm
covered by Seeking Alpha in a given year t) with two matching firms (firms that are not
covered by Seeking Alpha in the same year) that have the closet propensity scores within a
maximum distance of 1%. That is, we use a nearest-neighbour matching approach with
common support and a caliper constraint of 0.01. We have 21,528 observations for this
analysis. The matching appears successful as the standardized biases of variables are less
than 5% after the matching. We include year fixed effect in the first stage prediction model,
which effectively removes the time-trend of increasing Seeking Alpha coverage over the
sample period.
We repeat the analysis using the PSM sample, and the results are reported in Table 5. It is

clear that the tenor of our results remains qualitatively unchanged, because the coefficient of

18 The measurement of investor’s skill is beyond the scope of our study, so we leave further investigation of this
issue for future research.
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Seeking Alpha coverage is significantly negative (-0.053, t = -3.013; -1.085, t= -4.899) in
regressions when synchronicity and CORRE are used as the co-movement measure.

<< Insert Table 5 about here >>

4.4.2 Two-stage least square (2SLS)

We employ two instrumental variables (IVs) for Seeking Alpha coverage to further mitigate
the issue of endogeneity. The first instrument is the annual advertising expenditure of a firm.
We construct the instrumental variable L_ADX using the natural log of 1 plus the firm’s
annual advertising expenditure. The second instrument is the intensity of Seeking Alpha
coverage for the industry to which a firm belongs. The second instrumental variable, denoted
by L_SA _IND is measured as the natural log of 1 plus the total annual number of Seeking
Alpha articles for the industry to which the firm belongs. We expect Seeking Alpha coverage
to be positively correlated with both 1Vs, because firms with higher advertising expenditure
are more likely to attract the attention of both investors in general and registered users of
Seeking Alpha in particular. Firms belonging to industries that attract more attention from
Seeking Alpha are more likely to be covered. On the other hand, firm-level advertising
expenditure and industry-level Seeking Alpha coverage are less likely to have a direct
influence on return co-movement at firm level. Both IVs pass the over-identification test, and
the results are consistent with our prediction. In the first stage, we find that both 1Vs are
significantly and positively associated with Seeking Alpha coverage at firm level. In the
second stage, the negative and significant effect of predicted Seeking Alpha coverage on co-

movement remains, thus corroborating our findings reported in Section 4.3.

<< Insert Table 6 about here >>
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4.4.3 “Day of the Week” effect

We test the “day of the week effect” based on the conjecture that articles published on
weekdays (Monday-Friday) attract more attention from investors, who are able to trade in
response to the information released in these articles in a timely manner. In contrast,
investors could be less at tentative to articles published on the weekends, causing a delayed
or insignificant reaction to information released in weekend articles.*® Therefore, our
prediction is that articles published on weekend (Saturday and Sunday) have a relatively
smaller effect on co-movement. We test such a conjecture with Model 6, with the expectation
that g3, (the coefficient of weekend coverage) is significantly smaller than g, (the coefficient
of weekday coverage).

Comovement, = a, + AL _SA_WEEKENDS,  + 8,L _SA_WEEKDAY,  + A,L _RP,, + 8,LNUM,,
+B.SIZE, + fLMB,, + 5, LEVERAGE, , + f,ROA,, + ANIND,, + 5, HERFSALE, , + 5,5TDROA,  (B)
+8,BIG4, + > a;Firm + ) a,Quarter, + &,

L_SA WEEKENDS is the natural log of 1 plus the number of single-ticker Seeking Alpha
articles posted on Saturday and Sunday for a firm in the quarter. L_SA WEEKDAY is the
natural log of 1 plus the number of single-ticker Seeking Alpha articles posted from Monday
to Friday for a firm in the quarter. The results, which are presented in Table 7, are consistent
with our prediction ( g, = -0.106, t = -3.682; p,=-0.177, t = -11.223 when synchronicity is
the dependent variable; g =-1.652, t = -5.192; g,= -2.159, t = -13.469 when CORRE is the
dependent variable). F-tests confirm that in both regressions g, is significantly smaller
than g, .2

<< Insert Table 7 about here >>

19 Such prediction is consistent with findings in prior research. For example, DellaVigna and Pollet (2009)
compare the reaction to earnings announcement on Friday with the reaction to announcement on other days in
the week, and find that immediate stock response is 15% lower while the delayed response is 70% larger for
Friday announcement. They interpret the findings as consistent with investors being more distracted on Friday
because of the incoming weekend, which leads to delayed incorporation of new information into stock price.

20 Qur results remain consistent when we classify Monday-Thursday (Friday-Sunday) as weekday (weekend).
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4.5 Robustness check

In this section we firstly test whether Seeking Alpha coverage facilitates the incorporation of
a type of firm-specific information, future earnings, into current stock price. We use the
model outlined in Kothari and Sloan (1992):

RET; tik = Pot O * Ei,t + &, (7)

where RET, ., is the stock return from period t-k to period t. E; is the earnings in period t

(future earnings), defined as income before extraordinary items divided by total assets. As
predicted by Kothari and Sloan (1992), when the time interval k increases, firm-level
information becomes more likely to be incorporated into the return over the period t—k to t.
Hence, r; should increase with k. In the case where investors retrieve firm-level information
earlier, the estimated r; will be larger when the estimated interval is longer. We estimate the
following system of equations using the Seemingly Unrelated Regression (SUR) technique,
as SUR provides more efficient estimation than separate OLS regressions when the
disturbances of the equations are related.

RET,,, = I+ LEARNING, ,+ I,EARNING,,* L _SA,, , + Controls +e, 8(a)

RET,,, =q, +QEARNING, , +q,EARNING,, * L _54,,_, + Controls + ¢, 8(b)
The ratio of 6&,in Equation 8(b) to p, in Equation 8(a) measures the relative speed with which
stock price incorporates future earnings for firms with higher Seeking Alpha coverage. The
larger the ratio, the earlier investors incorporate a firm’s future earnings into current stock
price for firms with higher Seeking Alpha coverage. Evidence supporting such prediction is
consistent with the notion that higher Seeking Alpha coverage is associated with more

forward-looking information being capitalised into current stock price.?

21 We acknowledge that when the measurement window is lengthened to capture the return-earnings relation,
firm-specific information that was previously concealed could be eventually disclosed through alternative
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Table 8 presents results supporting the view that Seeking Alpha coverage facilitates the

incorporation of future earnings into current stock price. In particular, g, in the two-year
period estimation (0.051, t = 6.284) is significantly larger than p, in the one-year estimation

(0.006, t = 1.626). The difference of coefficients results in a Wald-statistics of 23.64 (p <
0.01). To conclude, we find evidence that stock prices of firms with higher Seeking Alpha

coverage incorporate future earnings more efficiently.

<< Insert Table 8 about here >>

As mentioned earlier, we choose to include all available firm-year observations irrespective
of Seeking Alpha coverage, as an attempt to alleviate potential endogenous selection issue of
Seeking Alpha articles. However, the cost of our chosen sample selection criteria is the
possibility that our test results may be driven by large firms with high investor attention.??
Therefore, we re-examine the baseline model results across different size groups of our
sample. That is, we partition our sample into high and low size sub-sample based on the
annual median values of SIZE, and compare the baseline regression coefficients of the L_SA.
We maintain the same set of control variables as in early analysis. The results are presented
in Table 9. The coefficients of L_SA are of statistical significance among both large firms (-
0.046, t = -3.145; -0.500, t =-2.402) and small firms (-0.052, t = -1.765; -1.034, t = -3.053),
suggesting that our baseline results are not primarily attributable to large-sized firms. Our
results further confirm that Seeking Alpha serves as a supplement to the conventional public
media coverage, as Ravenpack coverage plays an insignificant role among smaller stocks
(0.032, t = 0.854; 0.787, t = 1.813).

<< Insert Table 9 about here >>

sources such as analyst reports or management disclosure. But this would work against us finding a significant
effect of social media coverage to facilitate the incorporation of earnings related information into stock price.
We thank an anonymous reviewer for raising this issue.

22 This issue has also been reflected by the high correlation between SIZE and Seeking Alpha coverage.
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We conducted additional robustness checks. For brevity we do not tabulate these results. As
Seeking Alpha articles that receive more commentaries would attract more attention from the
audience, we classified articles into influential ones and less influential ones based on the
median value of commentaries on the original article for a given year, and expected
influential articles to play a more significant role in reducing return co-movement. The
untabulated results confirm our prediction that influential Seeking Alpha articles have more

effect on reducing return co-movement than less influential articles.

5. Conclusion

Mindful of the increasing importance of social media as a venue for information production
and dissemination in the new millennium, in this paper we develop a model to predict that the
coverage of a public firm on social media enables investors to access credible and precise
information about a firm. Consequently, this facilitates the transmission of more firm-specific
information into stock price, resulting in lower return co-movement. We test the prediction of
our model with data collected from the Seeking Alpha website between 2004 and 2014, and
find that Seeking Alpha coverage is negatively associated with return co-movement. In
addition, we show that the effect of Seeking Alpha coverage on return co-movement is more
salient in firms with higher financial reporting opacity. Our findings are robust to propensity
score matching, a two-stage least square (2SLS) approach, and alternative measures of firm
opacity.

Our study is subject to an important caveat. As suggested by Chen et al. (2014) and Campbell
et al. (2018), Seeking Alpha, which is a popular venue for both professional and non-
professional investors to share their research output, represents a credible source of
information. Seeking Alpha is different from other social media outlets that allow users to

post information without any verification of the information (e.g., Twitter). As our analysis is
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built on data collected from Seeking Alpha, we recommend that readers cautiously generalize
the inferences of the current study to settings based on other social media platforms.

Our study is of interest to investors because sophisticated financial market participants might
be incentivized to develop trading techniques that consider the coverage on social media
when formulating their trading strategy. Our findings have important implication for
executives and regulators, as social media is landscape shifting in that it has become a
revolutionary approach to information generation, evaluation and dissemination in the

twenty-first century due to its global access and interactive nature.
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Appendix 1: The Two-Period Model

Our two-period model is developed based on the theoretical framework of Kacperczyk et al.,
(2016), Schmidt (2012) and Huang et al., (2018). We provide insights on how social media
coverage and financial reporting opacity relate to the co-movement between firm specific
returns and market (industry) returns.

1.1 General Setting

Assets. In the model we consider an economy of two periods:t =0,1,2. At time 0, investors
have no prior beliefs about the payoffs of the securities. At time 1, investors receive signals
about the payoff of each stock. They then update their beliefs and rebalance their portfolio
correspondingly. The payoffs of the assets are realized at time 2.

We assume there are N +1 assets in the market. The first N stocks are firm-specific stocks,
and the (N +1) -th stock is a composite stock denoted using the subscript ¢, which is
understood as a stand-in for all other assets in space of assets considered (the whole market
or industry)?3. The payoffs of the assets at time 2 are specified as follows:

fi=p+c+e, f.=pu+c, ie{l...,N},
e ~N(0,0,), c~N(0,0,.),

(A1)
In which g is the mean payoff of all stocks. The random variable ¢ is a common payoff
shock to all assets, and e, is the firm-specific payoff shock to f,. The composite stock allows
us to properly define the return synchronicity as the squared correlation between the returns

of an asset to the composite asset. For simplicity, we assume that o, =o, =0 >0 and that c,

e, €; are independent for all i= j.

23 Note that one can also add another set of assets that controls for sector-wise shocks within the given space of
assets. However, our conclusions on the co-movement between firm-specific return and the composite return of
the whole asset space remain valid if we replace the composite return with a sector-wise return. We therefore
omit the results for sector-wise return for conciseness.



At time t =0, all investors have a prior belief about the distribution of the payoff vector

f={f,..., fy, f,}. Based on our assumption in (A.1) we see that E,[f]= and V,[f]=Z,

m

where we denote :=1,,,, and E,[x] and V,[x] are understood as the mean and variance

function of the random variable x conditional on time t. The variance-covariance matrix
of the payoff vector is:

¥ =1u'o+diag{o,...,o,0}. (A.2)
In addition to the N +1 risky assets, there exists a risk-free asset with the payoff normalized
as 1 for each unit.

Investors. We assume a continuum of atomless investors. The j -th investor is indexed by an
element in the unit interval j [0,1]. Investors at time t =0 will trade these assets based on

their prior knowledge. At time t =1, investors receive noisy signals about each shock, and
will adjust their beliefs about each asset accordingly. Deviating from Kacperczyk et al.,
(2016) and Schmidt (2012), we assume that the precision of the signals for each stock is
given, as we are not interested in the attention allocation of the investors. Instead, we assume
that the maximum precision of the signal for a stock is determined by the information
available to the investors, as we will elaborate below.

Signals about ¢ and e, that the j -th investor receive are specified as follows:
1 1
Scyj - N (C,E_)1 Si,j - N (ei,?), (A.3)
CJ i,j

In this specification, E.; and E;; are the precision of the composite and firm-specific

signals that the j-th investor receives. Intuitively, the larger these variables are, the more
precise the associated signals become. If any precision variable is equal to zero, then the
signal has infinite variance and does not help improve the prior beliefs about the associated

asset.



By setting E, ; to be different across j, we also allow heterogeneity among investors, which

we interpret as skill level of investors. However, different from Kacperczyk et al., (2016)
which define the skill level of investors based on whether they can refine a noisy signal, we
differentiate the two types of investors based on the type of firm-specific information they
can exploit to refine e, . Specifically, we assume that for each individual stock there exist two
types of information: free and processed information such as social media coverage, and
unprocessed or technically demanding information such as financial reports for a firm. We
consider Seeking alpha coverage and transparency of financial reports as two representatives
for processed and unprocessed information, which is denoted by two positive constants ¢;
and O, respectively. Higher «; and O, indicate more social media coverage and more
transparent financial reports, which translates into more unique processed and unprocessed
information about the firm-specific signal that further generates a more precise signal, and
vice versa. Let us denote the skill level of the j-th investor as z;, which equals one if she is
skilled, and zero otherwise. We denote the proportion of skilled investors by y%. The signal
precision of the i-th stock for the j-th investor is therefore:

E.=a+0rx;. (A.4)
Intuitively, for an individual stock, signal precision for a skilled investor will be higher than
that of an unskilled investor whenever O, >0 because a skilled investor can exploit extra
unprocessed information in the financial reports that an unskilled investor is not able to
decipher precisely. For the composite shock, we assume that E_; = E, for all investors, as
the precision of the composite shock is likely to be improved by publicly available news such
as macroeconomic announcements that are available to all investors.

Following Schmidt (2012) and Huang et al., (2018), we assume that investors do not learn

from stock prices, and the supply of stocks is non-random and normalized to be ¢ for all t.
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However, we note that adding a stochastic component to the supply of stocks will not alter
our results qualitatively.

Bayesian Learning. At t =1, each investor observes signal realizations s_; and s, ;. We can

write the signal about each asset compactly in a matrix notation:

SJ Elﬂ+{sl,] +SC,j""’SN,j +SC,j’SC,j}’~ N (fvzslj)l (A'5)

where

1 . 1 1
x, . =u—+diag{—,...,—,0}. A.6
S,) ll E g{El EN’J. } ( )

c ']
The j -th investor learns from the signal s; to adjust their belief about the assets using Bayes'
law. Since both f and s; are multivariate normal, it follows that the conditional distribution
f |s; is also normally distributed:

fls,~N(E"+2Z) " E w+2ls), ™ +Z)7). (A7)
We will denote & | = o +Z;1j)‘1 as the posterior variance of the assets. By denoting

6;1=0"+E and 6;' =0 +E,_, we can write £, in the following compact form:
> =u'6, +diag{s, .....6, ;,0} (A.8)

Consequently, we can also write the posterior mean vector for the j -th investor as:

=2, +2ls). (A.9)

Portfolio Choice And Equilibrium Price. Each investor has an initial wealth of W, , and we

assume that each investor has a mean-variance utility function with a mean reversion
pz
parameter p>0: U, , =pEt[\Nzyj]—7Vt[\N2J.]. Let us denote the total wealth the j -th

investor has at time t as W, ;. Attime t=0, each investor will choose the amount they want

to trade for each stock, g, ;, by solving the following optimization problem:



2
maxqm pEO[\NZ,j]_%VO[\NZ,j]’

sit. Wz,j :W0+q(,),j(p1_ p0)+ql,,j(f - P,

(A.10)

in which p, is the price vector for all assets at time t, and g, ; is the amount of stocks traded

attime t =1.
At time t=1, each investor receives signals about each asset and will rebalance their

portfolio by solving the following optimization problem:

2
man“ pEl[VVZ,j]_%Vl[\NZ,jL
st. W, ; =W, +q1’1j(f -p)

(A.11)

Given the conditional distribution of f in (A.7), we can solve the maximization problem
inside the expectation of (A.11). This is in fact a well-studied problem in classic finance

literature. For the j -th investor, the optimal quantity to trade g, ; is:

Gy =570 R (A12)
Now the market clearing condition implies that:
[,,di=2 (A13)
Integrating over j on both sides of (A.12) yields:
pr= ji;lﬁjdj - pljigldj, (A.14)
where p, is understood as the equilibrium vector of asset prices at time t=1. Substituting
(A.9) into above, we have:
pzzyl(w—sj)+ji;lsjdj— pljigldj. (A.15)
The aggregated inverse posterior variance-covariance matrix is just a weighted average of the

inverse posterior variance-covariance matrix from two types of investors:

Ti= j Sidj= 22+ (- )2t (A.16)

1-7?



where ! Ej'i}lyzjdj is the aggregated inverse posterior variance-covariance for all skilled

-1
1-7

traders, and X' is defined analogously for the unskilled traders. Substituting (A.16) into

(A.15) and using that?* Iijsidj =>f and _[sjdj =f, we can write the equilibrium price

vector p, in a compact form:

P, = H— Py, (A.17)
in which z=(1 -2 f + £Z ™ is understood as the aggregate posterior mean vector and

| is the identity matrix.
1.2 Return Co-movement.

In this paper we focus on the contemporaneous marginal effects of ¢, and O, on the co-

movement between firm-specific return and composite return. Therefore, following the
approach in Schmidt (2012) and Huang et al., (2018), we will focus on the return from t =0

to t =1, formally defined as r=p,—p, ={K,....1y.r.}Y . From Appendix A.1 in Schmidt
(2012), p, can be expressed as follows:
Py = M= pLL. (A.18)
As a result, the stock return vector from t =0 to t =1 is defined as:
r=p-p,=0-3=)f —pu+pE-3) (A.19)
Therefore, the variance of r is of the following form:

V[r=(E-5(E-5)

. (A20)
=1/(G, -0)’ 0 +o 'diag{(c, - o)’,..., (5 —0)*,0},

where &, and &, are the aggregated posterior variance for the composite and individual

assets, correspondingly. Using that all investors have the same precision for the composite

24 These relations are true because EO[SJ-] = f and that signal errors are uncorrelated with signal precisions.
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shock and that investors of the same skill level have the same precision for each firm-specific

shock, we find that:

5'(;1 =o'+ E..
) (A.21)
= j&[}dj =o! +a; + y0.,.

Consequently, we can define the return co-movement as the squared Pearson correlation

coefficient between r, and r,:

RZ _ Cov(,,c) 1

i (A.22)
VoIn VL] 1+(a a)

For mathematical convenience, we work with the following monotone transformation of Rf ,

which corresponds to the synchronicity measure defined in equation (2a):

o —0;

SYNCH, = |n(1_Ri;2) —2in(7=%). (A.23)

Substituting (A.21) into the above expression, we see that:

)2n(—

SYNCH, = 2|n(1— ). (A.24)

1+ 0'(05 + x0,)
Based on (A.24) we deduce Propositions 3 and 4 below, which support Propositions 1 and 2
in Section 2 from a theoretical perspective.

Proposition 3. For two individual stocks m and n with the same level of O, and O,, if
a, >a,, then SYNCH, <SYNCH, .
Proof. Taking the partial derivative of SYNCH, w.r.t. ¢;, we have:

OSYNCH; _ 2 <0
ele (o + 20)(o(a; + x0)) +1)

(A.25)

Therefore, it is immediate that SYNCH, is a monotonically decreasing function of ¢, holding

O, constant. |



Interestingly, the marginal effect of O, on SYNCH, is much weaker. By taking the partial
derivative of SYNCH, w.r.t. ¢; and O, , we see that:

OSYNCH; 2y <0
a0, (o + x0)(o(e; + 20,) +1) l

(A.26)

This shows that the marginal effect of O, on SYNCH, is only y% of that of ¢ . If the
percentage of skilled traders is small, then in empirical estimation the marginal effect of O,
can be swamped by the estimation noise and appear insignificant. Intuitively, the marginal
effect of O, on SYNCH, is only present for the skilled investors, since the unskilled investors
do not react to an increase in O, . As a result, a contemporaneous shift in the transparency of

financial reports will always have a much weaker effect on the stock return co-movement
than seeking alpha coverage unless all investors are able to correctly interpret financial

reports and incorporate this information into stock return.

Proposition 4. For two individual stocks m and n with the same level of ¢, and «,,

OSYNCH |>| OSYNCH,
oa 0

m

if O, <O,.

a,

0°SYNCH,

0,00,

Proof. Proposition 4 is equivalent to the claim that >0 since the first order

derivatives are negative according to (A.25). Straightforward derivation shows that:

0°SYNCH, 2x(20 (e, + y0,) +1)
00,00, (& + 20))* (o (e + xO,) +1)*

(A.27)

This completes the proof. ]
It is evident that Propositions 3 and 4 lead to Propositions 1 and 2 directly. Moreover, we can
test for these propositions empirically using fixed-effect panel regressions, as marginal

effects are captured by regression coefficients by construction.



Appendix 2: Seeking Alpha article example

Amazon Earnings Broadly As Expected

Apr. 25,2013 5:39 PM ET
135 comments About: Amazon.com, Inc. (AMZN)
Paulo Santos

Long/short equity, arbitrage, event-driven

Amazon (NASDAQ:AMZN) reported its Q1 2013 earnings. These came in at $0.18 versus a
$0.09 consensus. At first the stock climbed quite a bit on the notion that it had beat or
doubled expectations, but one needs to consider that for Amazon, $0.10 in excess or missing
on its earnings is basically irrelevant, because it needs just $46 million or a puny 0.28% of
sales for a beat or miss of that magnitude.

Also predictable, Amazon's revenues came in slightly below consensus ($16.07 billion vs
$16.16 billion consensus). More relevant was Amazon's guidance for Q2 2013, which was as
follows:

Net sales are expected to be between $14.5 billion and $16.2 billion, or to grow between 13%
and 26% compared with second quarter 2012.

Operating income (loss) is expected to be between $(340) million and $10 million, compared

to $107 million in the comparable prior year period.

This guidance includes approximately $340 million for stock-based compensation and
amortization of intangible assets, and it assumes, among other things, that no additional
business acquisitions, investments, or legal settlements are concluded and that there are no

further revisions to stock-based compensation estimates.

As | predicted before the earnings were released, this constitutes another guide-down for
Amazon's revenues. The midpoint of the guidance falls at $15.35 billion whereas present
consensus sits at $15.94. I'd expect consensus to be revised lower to around $15.7-$15.8

billion or so.
Comparison to my model 1

The model 1 predictions compared as follows to what Amazon actually reported:


http://seekingalpha.com/article/1373261-amazon-earnings-broadly-as-expected#comments
http://seekingalpha.com/symbol/AMZN
http://seekingalpha.com/author/paulo-santos/articles
http://seekingalpha.com/symbol/AMZN
http://finance.yahoo.com/news/amazon-com-announces-first-quarter-200000262.html
http://seekingalpha.com/article/1348751-amazon-com-q1-2013-earnings-preview-and-earnings-model

(S million)
Model1 { Actual
Q12013 ¢ Q12013

Revenues
Product 13161 13271
Services 2782 2799
total revenues 15943 16070
COGS product 11714 11801
Gross margin 4229 4269
Gross margin % of revenues 26.5% 26.6%
Fulfillment 1716 1796
Marketing 624 632
Technology 1464 1383
GEA 265 246
Other 25 32

total operating costs 15807 15890

Operating income 136 180
% of revenues 0.85% 1.12%

Interest income 10 10
Interest expense -28 -33
Other -20 -7

total -38 -100
Income before taxes a8 80
Income taxes -34 13
Equity-method -25 -17
MNet income 8 82
Diluted shares (million) 463.0 463.0
EPS $0.08 $0.18

* Using gross margin from GMV

In what regards my own modelling, where I use my model 1 for both short term and long
term predictions, the major differences were in 3 cost lines and 1 margin line:

. Product margins came in at 11.3% versus my 11.0% assumption. My 2013
assumption is 11.1%, which I will revise towards 11.2%);
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. Technology, which came in 5.5% below my estimate. This implied a ratio of
Technology/Other revenue of 173.3% versus my Q1 2013 assumption of 183% ... but it
should be noted that my 2013 assumption is 175% so lower than Q1 2013. | will revise my
long term assumptions down 2% per year as a result;

. G&A, which came in 7.2% below my estimate. This implied a ratio of G&A/GMV of
0.78% versus my assumption of 0.85%. Since my 2013 assumption is already 0.80% this
will mean no change as this number is somewhat volatile and the yearly assumption is
already below Q1 and near the realised value;

. Fulfillment, which came in 4.7% above my estimate. This implied a ratio of
Fulfillment/GMV of 5.71% versus my assumption of 5.50%. Q1 is usually the lowest in
this regard so this implies a higher 2013 assumption. Presently the assumption is at 5.64%,
so | will change the model towards 5.7%.

My own long-term model already implies that technology will get better (less costly) over the
long-term, so no surprise there. G&A has some volatility so it won't imply much of a change.
As for fulfilment, it might have negative implications for the long term.

All in all the cost relationships held quite well. The minor $40 million difference in net profit
is well within the kind of uncertainty one can expect while predicting a company of
Amazon's size and basically came from the product margins being slightly ahead of
expectations, probably still from the higher margins enjoyed by the new Kindle Fires.

It should also be noted that every revenue growth assumption was very close to what Amazon
reported, from 1P to 3P to other revenue.

Revised long-term model

Taking into account the slight differences explained, my revised long-term model now
predicts the following:

_ﬁrmmn.mm P&L _ ) |_s milk an)

a2 | oy | mma | ams | ame | a7 | ais | ams | men |
Roavenie Ak 1RTH 167N 144X 1RIN 106N 100%  REK
product 51733 GOS2E| G907 TRESS  B7ME|  960¥9| 1MERI| 11357 12571
|sarvicas | 3360) 13004 17537 23234 29390|  3sees|  4ossz|  sssen)  ssaaal
toal revenues 61093 73531 87293 101BS0 116598 131907 147774 162037 176318
C06s product 43971 s3mas|  G1s11 6848 TSI ES2EE 50938 10MISA) 10742
Grerss raegin using GMY 1514) 19075 o8 20181 A50B4| 41210 47500 SMEME  506M
Grass margin 1122 1omea|  2sasal  amee 390690 aseis|  s4di|  eae43]  6ei9e
Geris margin % ol revenses 2a8%  260% 202%  ;a% o misk 359N 36O%  3A0%  30a%
Fulfiliment ears|  ms1  lone2  123sa 1am13|  a7en|  oss|  zmeds|  2sany
Murketing 2a08| 004 3maa asss sase|  san|  7ams|  maa|  qom
Tachnelagy ased| €783 sSsE 13%a0 1578|9078 2091  seamal  aea
6B 896 1148 1436 1739 2079 2442 S| W7 MW7
Catser 159 100 we 1o e 100 00 100 100
tatal operating costs 617 7254 BEED0  10LMS 115773 130712 145408 156146 A7RITS
| operating Income | &% 577 w1 e Bx mos|  imes|  me1 qa)
5% of revenues L% ook ose¥ o OTIR 001%  1aTE LTEK 25K

&

-z

80 50

total A3 200 00 w0 200 200 00 00 100
544 wr 3 ars b5 995 ases| 2@ e
-A2% -2 -103 -166 -21% -BaE -583 s -1380
-155 B0 -100 - 1o - 1o ] -E00 -100 -~ 204
|Metincome | 3 195 w28 TS g3 1eam 2463
Dilusted shares [million] am|  a7aE 4784 458 aEe7| 4363 S043 18 S8
s 1 5008 S0.41 8019 toan 061 6110 5108 sam|  sam|

—++


http://seekingalpha.com/article/1360831-amazon-com-long-term-earnings-model-and-estimates
https://staticseekingalpha.a.ssl.fastly.net/uploads/2013/4/25/1006811-13669242821420066-Paulo-Santos_origin.png

The predictions are unchanged for the most part, with the margins and cost lines basically
compensating each other, only the lower tax rate ends up having a slight positive effect for
2013.

Conclusion

Amazon's earnings report brought nothing new. The growth rates and costs continue mostly
as expected - the cost relationships held, with most uncertainty remaining on technology,
where improvement is already expected and always difficult to model.

These cost relationships mean that Amazon will have a lot of trouble ever meeting the lofty
expectations the Street has for it. At the same time Amazon's growth rates continue to falter
and perhaps somewhat amazingly, net shipping costs increased again.

There was nothing in the report to change my opinion that Amazon is a clear short which will
never produce enough profit to justify the levels it trades at. | expect this report to lead to
another round of downward estimate revisions in terms of revenues, and perhaps also in
terms of EPS. These revisions are systematic because the long-term models the Street uses do
not respect the stable cost relationships that I have identified,

Disclosure: I am short AMZN. | wrote this article myself, and it expresses my own opinions.
| am not receiving compensation for it (other than from Seeking Alpha). I have no business
relationship with any company whose stock is mentioned in this article.
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Appendix 3: Variable definitions

Variable Definition
SYNCH Stock return synchronicity after log transformation
Percentage points of time-series Pearson correlation coefficient between weekly firm
CORRE
return and weekly market returns
L _SA Natural log of (SA article number + 1)
L RP Natural log of (number of most relevant articles from RavenPack + 1)
LNUM Natural log of (number of analyst coverage + 1)
SIZE Natural log of (Firm’s market capitalisation)
LMB Natural log of (market capitalisation scaled by the book value of equity)
LEVERAGE Total long term debt scaled by total assets
ROA Income before extraordinary items scaled by total assets
NIND Natural log of the number of firms in the industry to which firm I belongs
HERESALE _Sum of squared terms of the proportion of a firm’s revenue to total revenue in the
industry
Standard deviation of the ratio between income before extraordinary items and total
STDROA . . .
asset in the previous five years
BIG4 Dummy variable, set to 1 if the firm is audited by one of the Big 4 audit firms
Measure of financial opacity, which is the average of accrual quality value of the
previous three years. Accrual quality measure is based on the Francis et al., (2005)
model. Measured as absolute value of residual from each year two-digit SIC industry
OPA cross sectional regression:
T Acc, CFO,,_ ,CFO, CFO, ARev, PPE,
Lt _ ﬂ:I]I_I_Jlgl it 1_|_18‘ ,r_i_lgﬂ ,r+1_|_ 184 ,r_i_JBE ,r_I_ .
Tﬂi,r—l Tﬂi,r—l T‘qi,r—l Tﬂi,r— 1 Tﬂi,r—l T‘qi,t—l '
OPA2 Analyst earnings forecast dispersion scaled by firm’s opening stock price of the year
EARNING Earnings before extraordinary items scaled by total assets
Natural log of (the total annual SA coverage of the industry to which the firm belongs +
L_SA_IND 1)
L_ADX Natural log of (firm’s annual advertising expenditure + 1)
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Figure 1: Summary statistics of Seeking Alpha articles

Year Seeking Alpha article Firms covered by Seeking
Alpha

2004 18 12
2005 797 283
2006 4271 1203
2007 10264 1925
2008 9337 1843
2009 9957 1759
2010 9528 1934
2011 10794 2008
2012 12273 2146
2013 14782 2370
2014 21995 2931
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Table 1: Descriptive statistics

Std.
Variable Mean Dev. Min P25 Median P75 Max N

SYNCH -2.664 1962 -16.689 -3.874 -2.421 -1.234 5.508 39568
CORRE 40.898 23.194 -45.684 24.361 43.003 58.662 94.502 39568

L_SA 0426 0.788 0.000 0.000 0.000 0.693 6.632 39568
L_RP 4613 2451 0.000 4466 5517 6.205  7.843 39568
LNUM 0.952 1.108 0.000 0.000 0.000 1.923 4.022 39568
SIZE 6.213 2119 -1.038 4661 6.184 7.670 13.348 39568
LMB 0.702 0883 -3.332 0176 0634 1150 9.241 39568
LEVERAGE 0.154 0.173 0.000 0.001 0.097 0255  0.969 39568
ROA 0.025 2308 -10.655 -0.008 0.024 0.067 226.310 39568
NIND 5.157 1195 0.000 4263 5389 6.194  6.796 39568

HERFSALE 0.075 0.080 0.010 0.035 0.045 0.090 1.000 39568
STDROA 0.101  0.960 0.000 0.013 0.083 0.087 92.564 39568
BIG4 0.701  0.458 0.000 0.000 1.000 1.000  1.000 39568
OPA 0.071  0.156 0.000 0.024 0.042 0.080 8.641 22847

Table 1 presents the descriptive statistics of variables used in the analysis. The sample contains 39,568 firm-year
observations over the period 2004-2014. P25 (P75) is the 25th (75th) percentile of the variable’s distribution.
SYNCH, stock price synchronicity, is defined as the log-transformation of the adjusted zzof the firm-year
estimation regressing weekly stock return on weekly market- and industry-level returns; CORRE is the
percentage points of time-series Pearson correlation coefficient between weekly firm returns and the weekly
market returns; L_SA is the natural log of 1 plus the number of single-ticker Seeking Alpha articles for a firm in
the year; L_RP is the natural log of 1 plus the number of most relevant firm-specific news articles from
RavenPack Analytics for a firm in the year; LNUM is the natural log of 1 plus the number of analysts following
the firm for the previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at the end of the
last fiscal year; LMB is the natural log of market capitalisation scaled by the book value of equity at the end of
the last fiscal year; LEVERAGE is the total long-term debt scaled by total assets at the end of the last fiscal
year; ROA is income before extraordinary items divided by total assets at the end of the last fiscal year; NIND is
the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal year;
HERFSALE is the sum of the squared terms of the proportion of a firm’s revenue to total revenue in the
industry at the end of the last fiscal year; STDROA is the standard deviation of the ratio between income before
extraordinary items and total assets in the previous five years; BIG4 is a dummy variable that equals 1 if the
firm is audited by one of the Big 4 audit firms, zero otherwise; OPA is the previous five years’ standard
deviation of accrual quality value based on the Francis et al. (2005) model.

15




Table 2: Correlation table

SYNCH  CORRE L SA L RP LNUM SIZE LMB LEVERAG ROA NIND HERESAL STDROA
CORRE | 0.847%**
L SA | 0262%%%  0.202%%*
L_RP 0.153%%*  0174%%*  (.137%%*
LNUM | 0410%%%  0393%%* (308  (.240%**
SIZE 0.630%%%  0B5O2F**  04B4***  0.190%%*  0.541%%*
LMB 0.085%%*  0.086%**  0.143%%*%  0.082%%%  0.154%**  0.336%*
LEV 0.195%%%  0171%%* 0058  0.062%%*  0.0099%** 0235  (.083***
ROA 0.018%**  0019%*  0015%**  -0022%**  0.006 0.037%%*  0115%*  -0.010
NIND | -0.153%%*  -0.100%%*  -0100%**  -0.050%%*  -0.134***  -0.127%*  0028%*  -0181%**  0011*
HERESAL 0.000%%*  0.0B1%*  0.065**  0.028%*  0095%**  0053%**  -0.028%**  0082%** 0006  -0.740%**
STDROA | -0.031%**  -0.027*** 0003  -0.027%%  -0035%**  -0035%**  0131%**  -0.036%**  0814%**  0030%**  -0.017%*
BIG4 0.408%**  0402%%*  0203%*  0.100%%*  0.315%*  0544%**  0161%**  0.497**  0019%%*  -0167***  0.086***  -0.005

Table 2 reports the Pearson correlation of variables used in the analysis. The sample contains 39,568 firm-year observations over the period 2004-2014. SYNCH, stock price
synchronicity, is defined as the log-transformation of the adjusted r2of the firm-year estimation regressing weekly stock return on weekly market- and industry-level returns;
CORRE is the percentage points of time-series Pearson correlation coefficient between weekly firm return and weekly market returns; L_SA is the natural log of 1 plus the
number of single-ticker Seeking Alpha articles for a firm in the year; L_RP is the natural log of 1 plus the number of most relevant firm-specific news articles from
RavenPack Analytics for a firm in the year; LNUM is the natural log of 1 plus the number of analysts following the firm for the previous fiscal year; SIZE is the natural log
of the firm’s market capitalisation at the end of the last fiscal year; LMB is the natural log of market capitalisation scaled by the book value of equity at the end of the last
fiscal year; LEVERAGE is the total long-term debt scaled by total assets at the end of the last fiscal year; ROA is income before extraordinary items divided by total assets at
the end of the last fiscal year; NIND is the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal year; HERFSALE is the sum
of the squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end of the last fiscal year; STDROA is the standard deviation of the ratio
between income before extraordinary items and total assets in the previous five years; BIG4 is a dummy variable that equals 1 if the firm is audited by one of the Big 4 audit

firms, zero otherwise; *, ** and *** denote significance levels at 10%, 5% and 1% respectively.
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Table 3: Baseline Model

Comovement,, =a, + BL _SA, + B,L _RP, + BLNUM,, + B,SIZE, + B,LMB,, + B,LEVERAGE;,,
+,ROA  + BNIND;  + B, HERFSALE, , + 8, STDROA , + 3,BIG4, + > o Firm, + > Year, +¢,,

VARIABLES SYNCH SYNCH CORRE CORRE
L SA -0.055***  -0.057***  -0.450**  -0.462**
[-3.852] [-3.946] [-2.364] [-2.415]
L RP -0.056** -0.682**
[-2.181] [-2.107]
LNUM 0.141***  0.126***  1.153***  1.031***
[7.128] [6.301] [4.448] [3.895]
SIZE 0.373***  (0.452***  5332***  6.008***
[23.917] [22.241] [27.081] [23.178]
LMB -0.146*** -1.198***
[-6.846] [-4.584]
LEV 0.171* 2.577**
[1.731] [2.113]
ROA -0.042 -0.206
[-0.592] [-0.242]
NIND -0.038 0.651
[-0.367] [0.515]
HERFSALE 0.413 -7.079
[0.809] [-1.074]
STDROA 0.017 0.595
[0.148] [0.455]
BIG4 0.062 0.619
[1.502] [1.220]
CONSTANT -5.273***  -5.288***  3.369*** -0.644
[-53.159] [-9.408] [2.706] [-0.092]
Observations 39,568 39,568 39,568 39,568
firm fixed effects Yes Yes Yes Yes
time fixed effects Yes Yes Yes Yes
Adj. R-squared 0.648 0.649 0.641 0.641

Table 3 presents the effect of Seeking Alpha coverage on stock return co-movement. The sample contains 39,568 firm-year observations
over the period 2004-2014. SYNCH, stock price synchronicity, is defined as the log-transformation of the adjusted x=of the firm-year
estimation regressing weekly stock return on weekly market- and industry-level returns; CORRE is the percentage points of time-series
Pearson correlation coefficient between weekly firm return and weekly market returns L_SA is the natural log of 1 plus the number of
single-ticker Seeking Alpha articles for a firm in the year; L_RP is the natural log of 1 plus the number of most relevant firm-specific news
articles from RavenPack Analytics for a firm in the year; LNUM is the natural log of 1 plus the number of analysts following the firm for the
previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at the end of the last fiscal year; LMB is the natural log of
market capitalisation scaled by the book value of equity at the end of the last fiscal year; LEVERAGE is the total long-term debt scaled by
total assets at the end of the last fiscal year; ROA is income before extraordinary items divided by total assets at the end of the last fiscal
year; NIND is the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal year; HERFSALE is
the sum of the squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end of the last fiscal year; STDROA
is the standard deviation of the ratio between income before extraordinary items and total assets in the previous five years; BIG4 is a dummy
variable that equals 1 if the firm is audited by one of the Big 4 audit firms, zero otherwise; T-statistics robust to heteroscedasticity and
clustered by firm are reported in the square brackets; *, ** and *** denote significance levels at 10%, 5% and 1% respectively.
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Table 4: Results relating to moderating effect of financial reporting opacity

Comovement,, =, + AL _SA, + B,0PA  + BL_SA *OPA +BL_RP, + ALNUM,  + ASIZE, .+ 5,LMB,,
+B,LEVERAGE,, + f4,ROA, + fNIND, + f,HERFSALE,  + §,STDROA, + A,BIG4, + ¥ aFirm + Y a Year, +s,

VARIABLES SYNCH CORRE SYNCH CORRE
L SA -0.048*** -0.201 -0.070*** -0.537*
[-2.690] [-0.842] [-3.369] [-1.835]
OPA -0.014 -0.468
[-0.124] [-0.397]
OPA2 0.000*** 0.000
[3.641] [1.028]
L SA*OPA -0.142%** -1.938***
[-4.297] [-3.650]
L SA*OPA2 -0.073*** -0.451***
[-4.711] [-2.695]
L RP -0.050 -0.204 -0.231*** -3.413***
[-1.451] [-0.456] [-4.297] [-4.954]
LNUM 0.120*** 1.008*** 0.076** 0.395
[4.531] [3.006] [2.315] [0.867]
SIZE 0.419*** 5.233*** 0.391*** 4,067***
[15.145] [14.989] [10.664] [8.301]
LMB -0.141*** -0.818** -0.153*** -0.863*
[-4.988] [-2.388] [-4.144] [-1.700]
LEV 0.172 3.186** 0.256* 3.324
[1.347] [1.990] [1.669] [1.635]
ROA 0.025 1.377 0.218 3.346**
[0.285] [1.304] [1.567] [1.963]
NIND -0.328** -0.004 -0.306* 1.542
[-2.196] [-0.002] [-1.931] [0.658]
HERFSALE 1.012 8.799 -0.344 -12.575
[1.319] [0.885] [-0.434] [-1.118]
STDROA -0.006 2.047 -0.108 -1.749
[-0.035] [1.167] [-0.444] [-0.621]
BIG4 0.070 0.947 0.083 0.961
[1.172] [1.259] [1.073] [0.968]
CONSTANT -3.621*** 3.997 -2.135** 28.208**
[-4.366] [0.364] [-2.350] [2.165]
Observations 22,847 22,847 12,606 12,606
firm fixed effects Yes Yes Yes Yes
time fixed effects Yes Yes Yes Yes
Adj. R-squared 0.642 0.638 0.618 0.555

Table 4 presents the results of varying effect of Seeking Alpha coverage on stock return co-movement with respect to Opacity. The sample contains 22,847
(12,606) firm-year observations over the period 2004-2014 when SYNCH and CORRE are the dependent variable.?> SYNCH, stock price synchronicity, is
defined as the log-transformation of the adjusted z:of the firm-year estimation regressing weekly stock return on weekly market- and industry-level returns;
CORRE is the percentage points of time-series Pearson correlation coefficient between weekly firm return and weekly market returns; L_SA is the natural
log of 1 plus the number of single-ticker Seeking Alpha articles for a firm in the year; L_RP is the natural log of 1 plus the number of most relevant firm-
specific news articles from RavenPack Analytics for a firm in the year; OPA is the previous five years standard deviation of Accrual quality value based on
Francis et al (2005) model; OPA?2 is the analyst earnings forecast dispersion scaled by the firm’s opening stock price of the fiscal year; LNUM is the
natural log of 1 plus the number of analysts following the firm for the previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at the
end of the last fiscal year; LMB is the natural log of market capitalisation scaled by the book value of equity at the end of the last fiscal year; LEVERAGE
is the total long-term debt scaled by total assets at the end of the last fiscal year; ROA is income before extraordinary items divided by total assets at the end
of the last fiscal year; NIND is the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal year; HERFSALE is
the sum of the squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end of the last fiscal year; STDROA is the standard
deviation of the ratio between income before extraordinary items and total assets in the previous five years; BIG4 is a dummy variable that equals 1 if the
firm is audited by one of the Big 4 audit firms, zero otherwise. T-statistics robust to heteroscedasticity and clustered by firm are reported in the square
brackets. *, ** and *** denote significance levels at 10%, 5% and 1% respectively.

% The sample size is reduced due to the availability of data required to calculate the variable OPA and OPA2.
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Table 5: Propensity score matching

VARIABLES SYNCH CORRE
L SA -0.053*** -1.085***
[-3.013] [-4.899]
L RP -0.055 -1.148**
[-1.380] [-2.347]
LNUM 0.085*** 0.826**
[3.045] [2.363]
SIZE 0.377*** 4.450%**
[13.243] [12.650]
LMB -0.119*** -0.929***
[-4.222] [-2.782]
LEVERAGE 0.177 3.165*
[1.227] [1.772]
ROA 0.004** 0.079***
[2.141] [3.667]
NIND -0.046 -3.265*
[-0.336] [-1.691]
HERFSALE -1.455** -28.086***
[-2.292] [-3.675]
STDROA -0.069*** -0.428***
[-7.658] [-3.955]
BIG4 0.012 -0.569
[0.154] [-0.609]
CONSTANT -4.666*** 33.606***
[-5.725] [3.087]
Observations 21,528 21,528
Firm fixed effects Yes Yes
Year fixed effects Yes Yes
Adj. R-squared 0.661 0.629

Table 5 presents the effect of Seeking Alpha coverage on stock return co-movement for PSM matched sample. The sample contains 21,528
firm-year observations over the period 2004-2014. SYNCH, stock price synchronicity, is defined as the log-transformation of the adjusted

R?of the firm-year estimation regressing weekly stock return on weekly market- and industry-level returns; CORRE is the percentage
points of time-series Pearson correlation coefficient between weekly firm return and weekly market returns; L_SA is the natural log of 1
plus the number of single-ticker Seeking Alpha articles for a firm in the year; L_RP is the natural log of 1 plus the number of most relevant
firm-specific news articles from RavenPack Analytics for a firm in the year; LNUM is the natural log of 1 plus the number of analysts
following the firm for the previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at the end of the last fiscal year;
LMB is the natural log of market capitalisation scaled by the book value of equity at the end of the last fiscal year; LEVERAGE is the total
long-term debt scaled by total assets at the end of the last fiscal year; ROA is income before extraordinary items divided by total assets at the
end of the last fiscal year; NIND is the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal
year; HERFSALE is the sum of the squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end of the last
fiscal year; STDROA is the standard deviation of the ratio between income before extraordinary items and total assets in the previous five
years; BIG4 is a dummy variable that equals one if the firm is audited by one of the Big 4 audit firms, zero otherwise. Both firm and year
fixed effects are used. T-statistics robust to heteroscedasticity and clustered by firm are reported in the square brackets. *, ** and *** denote
significance levels at 10%, 5% and 1% respectively.
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Table 6: Two-stage-least-square (2SLS)

First stage  Second stage Second stage
VARIABLES SYNCH CORRE
L_SA_IND 0.029%**
[11.683]
L_ADX 0.037***
[2.919]
L SA P -0.479%*  -11.620%**
[-2.470] [-4.479]
L RP 0.104*** -0.011 0.492
[7.479] [-0.361] [1.143]
LNUM 0.034*** 0.142*** 1.440%**
[2.741] [6.965] [4.838]
SIZE 0.103*** 0.498*** 7.219%**
[10.453] [17.552] [18.942]
LMB -0.029*** -0.160*** -1.586***
[-2.767] [-7.652] [-5.678]
LEVERAGE 0.195*** 0.255** 4.801***
[4.478] [2.552] [3.587]
ROA 0.027 -0.032 0.047
[1.037] [-0.494] [0.058]
NIND 0.168*** 0.041 2.729**
[3.290] [0.400] [2.015]
HERFSALE 0.768** 0.721 1.050
[2.513] [1.454] [0.147]
STDROA 0.123** 0.072 2.046
[2.569] [0.662] [1.568]
BIG4 0.053*** 0.085** 1.219**
[3.809] [2.142] [2.425]
Observations 38,821 38,821 38,821
Firm fixed effects Yes Yes Yes
Time fixed effects Yes Yes Yes
Adj. R-squared 0.594 0.637 0.588

Table 6 presents the two-stage least square (2SLS) analysis results. We use two instrumental variables: L_ADX is the natural log of 1 plus
the firm’s annual advertisement expenditure; L_SA_IND is the natural log of 1 plus the total annual SA coverage of the industry to which
the firm belongs. The sample contains 38,821 firm-year observations over the period 2004-2014. SYNCH, stock price synchronicity, is

defined as the log-transformation of the adjusted R?of the firm-year estimation regressing weekly stock return on weekly market- and
industry level return; CORRE is the percentage points of time-series Pearson correlation coefficient between weekly firm return and weekly
market returns; L_SA is the natural log of 1 plus the number of single-ticker Seeking Alpha articles for a firm in the year; L_SA_P is the
predicted value of L_SA from the first stage. L_RP is the natural log of 1 plus the number of most relevant firm-specific news articles from
RavenPack Analytics for a firm in the year; LNUM is the natural log of 1 plus the number of analysts following the firm for the previous
fiscal year; SIZE is the natural log of the firm’s market capitalisation at the end of the last fiscal year; LMB is the natural log of market
capitalisation scaled by the book value of equity at the end of the last fiscal year; LEVERAGE is the total long-term debt scaled by total
assets at the end of the last fiscal year; ROA is income before extraordinary items divided by total assets at the end of the last fiscal year;
NIND is the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal year; HERFSALE is the
sum of the squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end of the last fiscal year; STDROA is
the standard deviation of the ratio between income before extraordinary items and total assets in the previous five years; BIG4 is a dummy
variable that equals 1 if the firm is audited by one of the Big 4 audit firms, zero otherwise. Both firm and year fixed effects are used. T-
statistics robust to heteroscedasticity and clustered by firm are reported in the square brackets. *, ** and *** denote significance levels at
10%, 5% and 1% respectively.
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Table 7: “Day of the Week” effect

VARIABLES SYNCH CORRE
L SA WEEKENDS -0.106*** -1.652***
[-3.682] [-5.192]
L SA WEEKDAY -0.177*** -2.159***
[-11.223] [-13.469]
L RP -0.072*** -1.683***
[-3.530] [-9.457]
LNUM 0.116*** 1.129%**
[4.727] [5.061]
SIZE 0.796*** 6.421***
[32.523] [31.468]
LMB 0.043** 0.109
[2.162] [0.656]
LEV -0.212* -0.815
[-1.772] [-0.801]
ROA -0.001 0.102*
[-0.082] [1.820]
NIND -0.168 -1.222
[-1.568] [-1.349]
HERFSALE 0.824 -6.953
[1.416] [-1.527]
STDROA -0.026 -0.219
[-1.193] [-1.552]
BIG4 -0.075 0.375
[-1.195] [0.746]
Observations 108,333 112,346
firm fixed effects Yes Yes
time fixed effects Yes Yes
Adj. R-squared 0.665 0.675

Table 7 presents the effect of Seeking Alpha coverage on stock return co-movement using quarterly data. SYNCH, stock price

synchronicity, is defined as the log-transformation of the adjusted R?of the firm-quarter estimation regressing daily stock return on daily
market and industry level return; CORRE is the percentage points of time-series Pearson correlation coefficient between daily firm return
and daily market returns; L_SA WEEKENDS is the natural log of 1 plus the number of single-ticker Seeking Alpha articles posted on
Friday, Saturday and Sunday for a firm in the quarter; L_SA_WEEKDAY is the natural log of 1 plus the number of single-ticker Seeking
Alpha articles posted from Monday to Thursday for a firm in the quarter; L_RP is the natural log of 1 plus the number of most relevant firm-
specific news articles from RavenPack Analytics for a firm in the quarter; LNUM is the natural log of 1 plus the number of analysts
following the firm for the previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at the end of the last fiscal year;
LMB is the natural log of market capitalisation scaled by the book value of equity at the end of the last fiscal year; LEVERAGE is total
long-term debt scaled by total assets at the end of the last fiscal year; ROA is income before extraordinary items divided by total assets at the
end of the last fiscal year; NIND is the natural log of the number of firms in the industry to which firm i belongs at the end of the last fiscal
year; HERFSALE is the sum of the squared terms of the proportion of a firm’s revenue to total revenue in the industry at the end of the last
fiscal year; STDROA is the standard deviation of the ratio between income before extraordinary items and total assets in the previous five
years; BIG4 is a dummy variable that equals 1 if the firm is audited by one of the Big 4 audit firms, zero otherwise. T-statistics robust to
heteroscedasticity and clustered by firm are reported in the square brackets. *, ** and *** denote significance levels at 10%, 5% and 1%
respectively.
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Table 8: Incorporation of future earnings into current stock price

4(a) 4(b) Wald Test of
VARIABLES Retl Ret2 coefficient
difference
EARNING 1.990%** 5.046***
[9.445] [16.364]
L _SA 0.050*** 0.087***
[7.876] [8.565]
EARNING*L_SA 0.006 0.051*** 0.045***
[1.626] [6.284] [23.64]
L RP 0.003 -0.007***
[1.496] [-2.608]
EARNING*L_RP 0.025*** 0.031***
[6.839] [5.643]
LNUM 0.054*** 0.077***
[11.520] [10.689]
EARNING*LNUM -0.050*** -0.095***
[-6.750] [-6.724]
SIZE -0.077*** -0.150***
[-25.294] [-33.574]
EARNING*SIZE 0.061*** 0.088***
[7.543] [7.258]
LMB -0.162*** -0.225***
[-29.436] [-27.377]
EARNING*LMB 0.016*** 0.035***
[3.279] [4.547]
LEVERAGE 0.340*** 0.573***
[12.572] [14.114]
EARNING*LEVERAGE 0.932*** 1.915%**
[6.989] [9.663]
ROA -0.061*** -0.165***
[-5.502] [-7.588]
EARNING*ROA -0.000 0.001**
[-1.425] [1.972]
NIND 0.000 0.008
[0.000] [0.986]
EARNING* NIND -0.368*** -0.855***
[-11.774] [-18.392]
HERFSALE -0.074 0.059
[-0.922] [0.482]
EARNING*HERFSALE 0.182 -3.462***
[0.304] [-3.835]
STDROA 0.053*** 0.055***
[4.967] [4.301]
EARNING*STDROA -0.000 -0.004***
[-0.552] [-4.362]
BIG4 0.134*** 0.319***
[12.043] [19.399]
EARNING*BIG4 0.039* 0.133***
[1.656] [3.793]
CONSTANT 1.492%** 1.978%**
[38.805] [33.987]
Observations 34,866 34,866
Adj. R-squared 0.027 0.087

Table 8 presents the results on whether firms with higher Seeking Alpha coverage incorporate future earnings into their prices more
efficiently. We estimate the system of Equations 10(a) and 10(b) using Seemingly Unrelated Regression (SUR). RET1 is the return from the
previous year and RET2 is the previous two years’ return; EARNINGS is the income before extraordinary items divided by total assets;
L_SA is the natural log of 1 plus the number of single-ticker Seeking Alpha articles for a firm in the year; LNUM is the natural log of 1 plus
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the number of analysts following the firm for the previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at the end of
the last fiscal year; LMB is the natural log of market capitalisation scaled by the book value of equity at the end of the last fiscal year;
LEVERAGE is the total long-term debt scaled by total assets at the end of the last fiscal year; ROA is income before extraordinary items
divided by total assets at the end of the last fiscal year; NIND is the natural log of the number of firms in the industry to which firm i
belongs at the end of the last fiscal year; HERFSALE is the sum of the squared terms of the proportion of a firm’s revenue to total revenue
in the industry at the end of the last fiscal year; STDROA is the standard deviation of the ratio between income before extraordinary items
and total assets in the previous five years; BIG4 is a dummy variable that equals 1 if the firm is audited by one of the Big 4 audit firms, zero
otherwise. We report the Wald test results on the difference of coefficients on EARNINGS*L_SA between two equations. *, ** and ***
denote significance levels at 10%, 5% and 1% respectively.
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Table 9: Baseline results across size groups

SIZE GROUP Large Small Large Small
VARIABLES SYNCH SYNCH CORRE CORRE
L_SA -0.046*** -0.052* -0.500** -1.034***
[-3.145] [-1.765] [-2.402] [-3.053]
L_RP -0.165*** 0.032 -2.580*** 0.787*
[-5.855] [0.854] [-6.912] [1.813]
LNUM 0.058*** 0.247*** 0.346 2.635***
[2.898] [6.645] [1.265] [5.749]
SIZE 0.268*** 0.537*** 1.935%** 7.891%**
[9.606] [18.959] [5.342] [23.216]
LMB -0.055** -0.193*** 0.153 -2.292%**
[-2.145] [-6.608] [0.439] [-6.849]
LEV -0.046 0.212 0.826 1.694
[-0.412] [1.464] [0.543] [1.030]
ROA 0.189 -0.156** 0.939 -2.094**
[1.511] [-2.023] [0.583] [-2.310]
NIND -0.674*** 0.522%** -3.503** 4.547**
[-6.639] [3.421] [-2.206] [2.552]
HERFSALE 0.393 0.487 -12.996* 0.940
[0.718] [0.555] [-1.675] [0.088]
STDROA 0.061 -0.023 0.274 1.207
[0.344] [-0.163] [0.124] [0.805]
BIG4 0.059 0.058 -0.337 -0.003
[0.970] [1.168] [-0.432] [-0.005]
Observations 19,220 19,036 19,220 19,036
Firm clustering Yes Yes Yes Yes
Time clustering Yes Yes Yes Yes
Adj. R-squared 0.555 0.421 0.488 0.500

Table 9 presents results comparing the effect of Seeking Alpha coverage on co-movement among small and large firms. The entire sample is
partitioned into high and low size sub-sample based on the annual median values of SIZE. SYNCH, stock price synchronicity, is defined as

the log-transformation of the adjusted R?of the firm-year estimation regressing weekly stock return on weekly market- and industry-level
returns; CORRE is the percentage points of time-series Pearson correlation coefficient between weekly firm returns and the weekly market
returns; L_SA is the natural log of 1 plus the number of single-ticker Seeking Alpha articles for a firm in the year; L_RP is the natural log
of 1 plus the number of most relevant firm-specific news articles from RavenPack Analytics for a firm in the year; LNUM is the natural log
of 1 plus the number of analysts following the firm for the previous fiscal year; SIZE is the natural log of the firm’s market capitalisation at
the end of the last fiscal year; LMB is the natural log of market capitalisation scaled by the book value of equity at the end of the last fiscal
year; LEVERAGE is the total long-term debt scaled by total assets at the end of the last fiscal year; ROA is income before extraordinary
items divided by total assets at the end of the last fiscal year; NIND is the natural log of the number of firms in the industry to which firm i
belongs at the end of the last fiscal year; HERFSALE is the sum of the squared terms of the proportion of a firm’s revenue to total revenue
in the industry at the end of the last fiscal year; STDROA is the standard deviation of the ratio between income before extraordinary items
and total assets in the previous five years; BIG4 is a dummy variable that equals one if the firm is audited by one of the Big 4 audit firms,
zero otherwise. T-statistics robust to heteroscedasticity and clustered by firm and year are reported in the square brackets. *, ** and ***
denote significance levels at 10%, 5% and 1% respectively.
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