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A B S T R A C T

In light of changes in the media landscape from traditional print towards social media, in
this study we compare the ability of investor sentiment measures obtained from various media
sources to predict short-term market returns. We show that investor sentiment extracted from
the social media platform Seeking Alpha is better in predicting market returns than investor
sentiment obtained from the Wall Street Journal, a traditional print medium. Seeking Alpha is
more suitable for the extraction of investor sentiment due to the richer language and timeliness
of online media.

. Introduction

Social media has become an important data source for financial market participants. For example, in their seminal paper, Chen
t al. (2014) show that information shared by users of the investment-related social media platform Seeking Alpha can be used to
redict the returns of individual stocks. However, articles and stories published on internet platforms might not only be valuable
o extract information, but could also be useful to measure the more elusive concept of irrational investor mood or sentiment.
ccording to Baker and Wurgler (2007), investment decisions are not always based on facts, but are to some extent irrationally

nfluenced by investor mood. Shiller (2016) suggests that the media plays a vital part in capturing and propagating such market
entiment.

In light of the evolution in the media landscape from traditional print towards social media platforms, the objective of this study
s to analyze and compare investor sentiment extracted from various media sources in their ability to predict short-term stock market
eturns, and to explore the underlying reasons for possible differences.

Using a large data set of daily articles and reader comments from 2006 to 2020, we analyze the effect of investor sentiment
btained from social media and traditional media on market returns for up to five trading days. Following previous studies, we use
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social media data from the Seeking Alpha (SA) platform (Chen et al., 2014) and articles published in the Wall Street Journal (WSJ) as
 prominent example of traditional print media (Tetlock, 2007). We extract investor sentiment from the data using textual analysis
ased on the lexicon approach brought forward by Loughran and McDonald (2011).

Investor sentiment extracted from articles appearing in the Today’s Market section of Seeking Alpha is significantly related to
hort-term equity market returns. The relation between investor sentiment and stock market returns is however transitory, not

causing any permanent changes to asset prices. This result is in line with the hypothesis of Shiller (2016), who considers that the
investment decisions driven by investor mood are largely irrational.

By contrast, investor sentiment obtained from the daily Markets column of the Wall Street Journal is only weakly related to stock
eturns. At first sight, this finding seems at odds with Tetlock (2007) and Garcia (2013), who document a strong relation between
nvestor sentiment obtained from print media and stock returns during the twentieth century. Going back to the original data used
n Garcia (2013), we find that the relation between sentiment measures obtained from print media and stock markets has decayed

over time, thereby reconciling our results with Tetlock (2007) and Garcia (2013).
These results are obtained under the implicit assumption that articles appearing on SA and the WSJ are very similar (apart

from appearing on different media websites), and can thus be directly compared. Yet, although articles appearing on SA and the
WSJ both discuss developments of the financial markets, there are some considerable differences. The daily Markets column of the

SJ is published every trading day after the market close, and written by a rather small number of professional journalists. These
rticles adhere to a specific format and are of similar length, presumably due to space constraints in the corresponding print edition.
y contrast, as a pure online medium, SA has no space constraints. This means there is no limit for the number of daily articles
ppearing in the Today’s Market section, and these articles can be of any length. Articles appearing on SA are written by thousands
f independent and non-professional contributors. In addition, these authors are not expected to publish articles on a regular basis,
ut have a choice of whether or not to contribute.

These differences might explain why sentiment extracted from SA is better in explaining short-term market returns than sentiment
obtained from the WSJ. For example, it is a well-known result from the forecasting literature (Wang et al., 2023) that the average
of many forecasts is usually a better predictor than a single forecast. Thus, the larger volume of SA articles relative to WSJ
rticles might naturally give sentiment extracted from SA an edge over the WSJ column. Another reason for the superiority of
A sentiment measures could be the large pool of different contributors on social media platforms, also known as the ‘‘wisdom of
rowds’’ (Surowiecki, 2005): The large diversity of authors on SA might allow the aggregation of a much larger set of opinions
ompared to the few journalists employed at the WSJ. Furthermore, since SA authors have a choice (but not the obligation) to

publish articles, this might create an endogeneity problem. For example, if SA authors chose to publish only on days with more
activity in the stock market, then the higher predictive power of investor mood extracted from SA articles might be explained by
such a self-selection bias. Finally, if the tone conveyed in articles varies with length and complexity, some of the stronger association
between SA sentiment and stock returns might be explained by the higher variability in article length.

To address these concerns, we conduct a series of additional tests. We create various sub-samples of all SA publications that
match the characteristics of the WSJ sample. Thus, if the reasons discussed above can indeed explain the difference between the
sentiment measures extracted from SA and WSJ, this difference should disappear when using a sample of SA articles that is identical
to the WSJ sample. Yet, when matching (a) the number of authors, (b) the article length and variance, and (c) the volume of articles,
the sentiment extracted from SA articles still predicts market returns. Thus, we can rule out these different explanations to drive
the results.

Then we investigate two more reasons why sentiment extracted from social media could be better than traditional media to
apture investor sentiment. First, we consider differences in writing style and language. Following the lexicon approach, investor
entiment is measured as the fraction of ‘‘positive’’ and ‘‘negative’’ words in the (Loughran and McDonald, 2011) dictionary. Since

social media posts use a richer language than newspapers articles (Hagvar, 2019), sentiment measures from social media could
be more valuable. Indeed, when matching the fraction of dictionary words of SA articles to the ratio observed in the WSJ, SA
sentiment indices lose their explanatory power for stock returns. Second, timing differences could also play an important role for
the effectiveness of the sentiment indices obtained from social media. While WSJ articles appear in the hours after market close,
SA publishes articles around the clock, including the time during the trading hours. Since the effect of investor sentiment is short-
lived (Renault, 2017), such posts might be more relevant for asset prices. Dividing the sample of SA articles in two sets depending
on the publication time, we can support this hypothesis. Sentiment extracted from articles published during trading hours have a
significantly stronger relation with market returns than sentiment measured outside trading hours.

In the context of this study, a natural question arises: Is the effect of investor sentiment on short-term stock returns only driven
by irrational investor mood, as suggested by Shiller (2016), or caused by new information contained in the articles as suggested
y Chen et al. (2014)? While it is difficult to disentangle these two explanations perfectly, we adopt the identification strategy

by Garcia (2013) to minimize possible confounding effects. Using a variety of analyses, we ensure that all WSJ and SA articles and
user comments refer to events that happened prior to the extraction of investor sentiment. If any of these events were sufficiently
mportant to affect the market, the information should be immediately impounded in prices. Thus, our identification strategy is that

news affects the market immediately, while sentiment affects the stock market in the subsequent trading days. Furthermore, there
is some substantial reversal of stock returns after the initial price impact. This observation is more consistent with the view that
sentiment captures short-term irrational investor mood rather than long-term fundamental information. Hence, although we cannot
exclude that there is some effect of information contained in the textual data we use, we believe that most of the sentiment effects
re driven by naïve investor mood.
2 
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More generally, it is unlikely that SA readers have sufficient market power for investor mood conveyed in these articles to
influence broad market returns. Thus, we do not interpret our results as evidence of a direct effect of the tone reflected in SA
articles and comments on asset prices. We rather consider the SA platform as an ideal and timely medium where overall market
investor mood is reflected, and can be easily extracted.

This work builds on earlier studies that explore the impact of irrational investor sentiment conveyed in the media on short-term
tock market movements.1 In his seminal paper, Tetlock (2007) is the first to show that a pessimism index constructed from a daily

WSJ column can explain short-term, transitory stock market returns. Building on this insight, Garcia (2013) shows that investor
sentiment obtained from daily New York Times articles can predict short-term returns of the Dow Jones Industrial Average for the
extended time period from 1905 to 2005, especially during economic recessions.

More recently, financial economists have turned to social media to extract investor sentiment. Gan et al. (2020) analyze the effect
of changes of the media landscape from 2012 to 2017 on the ability of media sentiment to predict stock returns. Using off-the-shelf
sentiment indices of traditional and social media provided by Thomson Reuters, they do not find that investor sentiment has any
significant predictive power for market returns.

Yet, it seems that the relation between investor sentiment and stock returns depends on the time horizon. Sun et al. (2016)
and Renault (2017) show that market sentiment can predict intraday stock returns. In turn, Kraussl and Mirgorodskay (2017)
construct a monthly media pessimism indicator to show that media pessimism is associated with negative market returns even
in the long run.

The role of media sentiment for stock markets has been studied from increasingly different perspectives. For example, Hillert et al.
(2018) use a daily sentiment indicator to capture the disagreement in the tone of journalists. They show that journalist disagreement
negatively explains market returns. Next to stock returns, investor sentiment is also significantly related to trading volume (Hanna
et al., 2020) and market volatility (Jiao et al., 2020).

In summary, previous papers establish that measures of irrational investor sentiment extracted from different media sources, can
xplain – among other aspects – short-term and transitory stock market returns. Yet, these studies are somewhat inconclusive as
o whether or not sentiment measures obtained from social media are consistently better than measures extracted from traditional
rint media. More important, an analysis of why one or the other media source is more suitable to capture sentiment has been
issing.

Comparing two manually created investor sentiment indices obtained from traditional and social media, the contribution of
this study is to show that sentiment indices obtained from social media have a higher predictive ability for short-term stock
eturns relative to sentiment extracted from traditional media. Most important, this approach allows pinning down the reasons why
entiment based on textual analysis from social media has an edge over traditional media. Our sub-sampling methodology shows

that sentiment captured from social media is more valuable due to the timeliness and richer language of its articles. In addition, we
are, to our knowledge, the first to show that reader comments on social media can also be used to construct meaningful sentiment
indices to predict the markets.

The literature surveyed above is in sharp contrast to a parallel stream of research that aims at extracting fundamental information
rather than irrational investor mood) of social media posts. For example, Chen et al. (2014) extract information from the SA platform
o build firm-level indices to predict short- and long-term returns of individual firms. Similarly, Leung and Ton (2015) study how
nformation provided on the Australian social media platform HotCopper can be used to predict the returns of small-cap Australian

stocks. Kim and Kim (2014) use data from Yahoo message boards for the 2005–2010 period to predict stock returns, volatility,
and trading volume across different horizons. More recently, Frankel et al. (2022) show that disclosure sentiment measures based
on machine-learning algorithms are better at predicting firm-level stock returns on 10-K filing and conference call day relative to
dictionary-based methods.2

The rest of the study proceeds as follows. In Section 2 we provide a description of the data. In Section 3 we describe the
methodology to transform the raw media data into various measures of investor sentiment. Section 4 shows that sentiment proxies
extracted from social media are better in explaining market returns than sentiment measures from traditional media sources.
Section 5 shows that the primary reason for this result is the more expressive language used on social media platforms. Section 6
shows that (a) information contained in SA articles and (b) reverse causality from stock returns to investor sentiment is unlikely to
rive the results. We conclude in Section 7.

2. Data

This study analyzes the effect of investor sentiment as reflected in both traditional and social media on the stock market from
2006 to 2020. This period covers the years of rapid growth of social media platforms, such as Twitter and Facebook. At the same
ime, this period saw a tremendous transition of traditional print media, moving to different business models by introducing paywalls
n their websites while cutting down on their print runs. Finally, this period captures the Great Recession 2007/09, as well as the
urbulence caused by the COVID-19 pandemic.

1 Instead of relying on media sources, investor sentiment can also be extracted from the weather (Hirshleifer and Shumway, 2003), sports events (Edmans
et al., 2007), or internet search queries (Da et al., 2015).

2 Other important works extract information from Twitter data using textual analysis, including (Sprenger et al., 2014b), Sprenger et al. (2014a), Sul et al.
(2017), Bartov et al. (2018), and Li et al. (2018). Siganos et al. (2017) use Facebook data.
3 



I. Lachana and D. Schröder

d
p
c
p

o

s

s
t
a
c

J

U

t
t
t
t

a
n

t

Journal of Financial Markets 74 (2025) 100970 
2.1. Media data

Social media are relatively new internet-based mass communication portals. In the context of this study, there are two important
ifferences between social media and traditional print media. First, most of the content in social media is generated by non-
rofessional and independent contributors, i.e., the social media activity is not their main source of income. By contrast, print media
ontent is usually provided by professional journalists who are often employed by a specific publishing house. Second, social media
latforms allow users to interact with each other, whereas traditional print media are usually one-way communication channels.

2.1.1. Social media
In this study, we use social media data from the Seeking Alpha (SA) platform, in line with previous studies (Chen et al., 2014).

The SA platform, established in 2004, is one of the largest investment communities where millions of users connect and discuss
important factors influencing the market, as well as anything related to the investment world.

Articles published on SA are written by a large variety of independent contributors, such as individual and institutional investors,
fund managers, but also college students and retirees. Up to March 2021, over one million individual articles had been published
n SA, written by over 17,000 independent contributors.3

Articles appearing on SA discuss a wide range of topics. Since the focus of this study is on analyzing the relation between investor
entiment and stock market returns, only articles appearing in the Today’s Market section are used. In this section, authors provide

their views about some important changes in the corporate world, developments that affect the markets as a whole, including the
economic or political environment, or they give some investment advice. It is important to note that SA articles rarely discuss current
news. Instead they tend to give broader reflections and analyses of events that happened in the past. As Chen et al. (2014, p. 1368)
note, SA’s aim is to ‘‘provide opinion and analysis rather than news’’. See Fig. 3 for a typical example of a SA article.

Before an article appears on SA, it is reviewed by the SA editorial team to ensure that some minimum standards are met. Poorly
written articles are not published. SA contributors can earn money based on how many SA readers read their articles.4 The reward
ystem and the practice of editorial review differentiate SA from other social media platforms, where the authors may not have
he motivation to write thorough analyses but might express unfounded opinions instead. Another important feature of SA is that
rticles can be much longer compared to other social media platforms such as Twitter and Stocktwits. As a result, SA contributors
an provide more in-depth analyses compared to such platforms.

The SA platform also allows readers to leave comments after every article, including their agreement or disagreement with the
opinions expressed in each article. Up to March 2021, readers left more than 24 million commentaries in response to these articles.
Following (Chen et al., 2014), we also retrieve all user comments written in response to each of the Today’s Market articles. The
idea is that these comments are likely to reflect investor sentiment as well. See Fig. 4 for some examples of comments written in
response to the SA article presented in Fig. 3. All SA articles and comments are directly provided by SA as raw text data.

2.1.2. Traditional print media
To investigate the ability of traditional print media to capture investor sentiment, we use articles published in the Wall Street

ournal (WSJ) for the same time period, following the seminal paper by Tetlock (2007). Founded in 1889, the WSJ is one of the
oldest financial newspapers, covering different industries and markets. Until today, it has one of the largest daily circulations in the

nited States.
The WSJ publishes a daily Markets column that contains a summary and discussion of events that took place mainly in the

previous trading session.5 The Markets column covers mostly equities, but other asset classes like fixed income, currencies, and
commodities are also discussed. There are brief references to economic news and international markets, along with commentary from
market professionals, such as portfolio managers or equity strategists. The Markets column is written by many different journalists.
Usually, one journalist is responsible for writing the column, before some colleague takes over. In our sample period, there are 152
different WSJ authors. The WSJ articles are manually extracted from the WSJ website and stored into individual text files before
being processed. Fig. 5 is an example of a WSJ article.

2.1.3. Descriptive statistics
Panel A of Table 1 presents the descriptive statistics of our raw media data sample. The sample contains 3776 WSJ articles. Since

the Markets column appears daily, this number corresponds to the number of trading days during our 15-year sample period. The
otal number of SA articles is 85,116, which is considerably larger, as there is no restriction of the number of articles appearing in
he Today’s Market section of SA. On average, there are around 23 SA articles a day, which are rather equally distributed over the
rading days in our sample. Finally, the raw data sample contains around 1.57 million individual user comments written in response
o the SA articles. This means that there are on average around 18 comments below each of the SA articles.

The average Markets column of the WSJ contains 656 words. The fairly low standard deviation shows that the length of the WSJ
rticles does not vary a lot, presumably because of the column’s structure, as well as to ensure some homogeneity over time. Because
o length constraints apply to SA contributors, the average length of SA articles (988 words) is considerably longer compared to the

3 This information is provided on the SA website.
4 Only articles that are exclusive to Seeking Alpha earn some compensation. The article compensation is based on criteria such as the traffic it generates,

he topic it covers, and its quality.
5 The column has had different names, such as Main Markets, Today’s Markets or U.S. Markets.
4 
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Table 1
Descriptive statistics of the media data.

WSJ articles SA articles SA comments

Panel A: Raw data sample

Total number articles/comments 3,776 85,116 1,566,690
Mean number of words per article/comment 656 988 69
St. dev. of number of words per article/comment 168 1,004 94

Panel B: Retaining only SA comments written within 24 h of the corresponding SA articles

Total number of comments – – 1,055,615
Mean number of words per comment – – 66
St. dev. of number of words per comment – – 87

Panel C: Retaining only SA articles/comments containing the keyword ‘‘market(s)’’ – final sample

Total number of articles/comments 3,776 76,135 148,198
Mean number of words per article/comment 656 574 60
St. dev. of number of words per article/comment 168 502 62

The table reports the summary statistics of the Wall Street Journal (WSJ) and Seeking Alpha (SA) articles, as well as the comments written below
the SA articles. Panel A reports the raw data sample, before any data cleaning. Panel B reports the summary statistics of the SA comments after
retaining only those that were written within 24 h after the publication of the corresponding SA article. Panel C reports the summary statistics
of the SA articles and comments after retaining only those SA articles and comments that contain the keyword ‘‘market(s).’’ This is the final
sample. The sample period is from 2006 to 2020 and consists of 3776 trading days.

WSJ articles. The high standard deviation of the length of SA articles likely reflects the different writing styles of the individual SA
contributors. With an average of 69 words, SA comments are much shorter compared to SA and WSJ articles. This is to be expected
given the nature of comments, which tend to simply express agreement or disagreement with the main ideas expressed in the article.

2.2. Stock market data

We use the S&P 500 market composite index to capture the general trend of the U.S. stock market.6 The S&P 500 is based on
 larger number of U.S. stocks than other market indices like the Dow Jones Industrial Average (DJIA) used by Garcia (2013). The
onjecture is this index is more suitable to capture the general market movements.

We retrieve the daily historical data of the S&P 500 (at market close) from Bloomberg. In total, there are 3776 trading days from
2006 to 2020. The average S&P 500 log return for this period is 0.029, with a median of 0.072 and a standard deviation of 1.279.

3. Investor sentiment

In their seminal papers, Baker and Wurgler (2006, 2007) stress the importance of market or investor sentiment in explaining
stock market behavior. Following (Baker and Wurgler, 2007), we define sentiment as the investors’ beliefs about future market
conditions that cannot be justified by facts. As a consequence, investment decisions, and thus market prices, are to some extent
irrationally influenced by such investor mood. Furthermore, Shiller (2016) suggests that the media plays a vital part in capturing
and propagating such market sentiment. In this section, we explain the methodology of transforming the raw media data into various
indices aimed at capturing market or investor sentiment.

3.1. Methodology

3.1.1. Identification strategy
Articles appearing on social media and traditional print media often convey both rational information and irrational investor

mood. To isolate the effect of investor sentiment on stock returns from the effect of financial market news, it is necessary to make
some adjustments depending on the publication time of the articles (Garcia, 2013).

Following the efficient market hypothesis (Fama, 1970), new information should be immediately impounded in prices. Hence,
for investor sentiment to be independent of news effects, it has to be measured after new information is released. The idea is that
investors who read a summary of market movements along with potential explanations are influenced by its sentiment for their
subsequent investment decisions — and not by the news as such. Put differently, our identification strategy is that news affects
the market immediately, while sentiment affects the stock market in the subsequent trading days. Shiller (2016) suggests that such
‘‘tag-along news’’ can influence trading behavior even days after the actual event.

The daily articles appearing in the Markets column of the WSJ are usually published on the WSJ website within a few hours
after the market close (normally at 4:00 pm ET).7 By contrast, as a pure online medium, SA articles as well as comments can be

6 All main results are qualitatively and quantitatively similar when measuring market returns using the CRSP index.
7 More recently, the WSJ introduced also a live coverage of the market. This feature was not available during the time period we analyze (2006–2020).
5 
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Fig. 1. Timeline of articles published on a weekday.

Fig. 2. Timeline of articles published on the weekend.

published at any time, seven days a week. While most publication activity is during and just after U.S. trading hours, SA authors
and readers living all over the world mean a fairly continuous publication of articles and comments.

To separate news from sentiment effects, we use a timing convention similar to Garcia (2013). Articles published in the 24-h
time window after market closing are assumed to be related to that trading day. For example, an article published after 4:01 pm
ET on Monday (day 𝑡), but before Tuesday 4:00 pm ET, is considered a ‘‘Monday publication’’, since it essentially refers to market
movements on Monday. The sentiment reflected in these articles is then expected to predict stock returns on the next day’s trading
session, i.e., on Tuesday (𝑡 + 1). Fig. 1 illustrates how we treat articles published on weekdays. Similarly, the content of articles
ublished between Friday 4:01 pm ET and Monday 4:00 pm ET refers to the Friday trading session, and are hence considered a

‘Friday publication’’. Hence, their sentiment is expected to predict market prices until the market closure on Monday (see Fig. 2).
This timing convention creates a short overlap for SA articles published during regular U.S. trading hours. Since these articles

are published on the same day as stock returns are measured, the clear separation between news and sentiment effects might be
violated. As discussed in Section 2.1.1, it is important to remember that SA articles do not refer to current news but provide analyses
bout events that happened on past trading days, or even in the future. Thus, articles appearing during trading hours should convey
nvestor sentiment only. The two sample articles reproduced in Figs. 3 and 5, for example, are written on the same day after the

market close. While the WSJ article reports a Fed announcement earlier that day, the SA article provides some investment ideas for
the month to come, not mentioning the Fed announcement at all. Nevertheless, in Section 6.1, we further examine the potential
effects of news contained in SA articles appearing during trading hours.

The timing adjustment of reader comments in SA is similar to those of the articles. Yet, we only use comments published within
the first 24 h after the publication of the SA article they respond to, similar to Chen et al. (2014). The idea is that comments posted
fter the 24-h window are generally little related to the original article. Panel B of Table 1 shows that approximately 68% of reader

comments appear within the first 24 h after the publication time of the article they respond to, implying that SA users mainly
comment about recently published articles.

3.1.2. Data cleaning
Since our objective is to analyze the relation between market sentiment and broad stock market returns, we only retain SA

rticles and comments that contain the keywords ‘‘market’’ or ‘‘markets’’ in the sample, similar to the methodology used in Tetlock
et al. (2008). Since the Markets column of the WSJ contains only articles that cover general market topics, this step is omitted for
the WSJ sample.

The final step in data cleaning involves removing hyperlinks and other HTML tags, punctuation, stop words, and finally the
top-ten of unique words, which represent spelling errors, usernames, etc. This is a standard procedure when working with textual
data, which allows us to remove noise and is applied to both SA and WSJ data.
6 
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Fig. 3. Sample article of the Today’s Market section on Seeking Alpha, appearing on the November 1, 2017 (a Fed announcement date). Thirty-two positive
words (green, bold, and underlined), eighteen negative words (red, bold), 778 total words. Positive sentiment: 0.041, negative sentiment: 0.023, pessimism index:
−0.017.
7 
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Fig. 4. Comments written in response to the Today’s Market article on Seeking Alpha, see Fig. 3. three positive words (green, bold, and underlined), two
negative words (red, bold), 88 total words (the two comments together). Positive sentiment: 0.034, negative sentiment: 0.022, pessimism index: −0.011.

Panel C of Table 1 presents the final data set after all pre-processing and cleaning steps. There are 3776 WSJ articles with 656
words per article on average, and about 76,100 SA articles with an average of 574 words. The final number of comments is around
146,200, with an average length of 60 words.

3.2. Sentiment indices

3.2.1. Index construction
Similar to Garcia (2013), we use the (Loughran and McDonald, 2011) word dictionary to construct the sentiment indices. This

lexicon contains lists of 2355 negative and 354 positive words that have been identified as appropriate for assessing the tone or
sentiment of finance-related texts. The examples in Figs. 3, 4, and 5 highlight negative words in bold, and positive words in bold
and underlined.

The sentiment indices obtained from the WSJ are based on the daily Markets column, consisting of one article a day. By contrast,
the daily SA sentiment index aggregates all articles appearing in a 24-h window. Positive and negative sentiment indices are defined
as the fraction of positive (negative) words out of total words. For every article and comment 𝑖 on day 𝑡, we count the number of
positive 𝑔𝑖𝑡, negative 𝑏𝑖𝑡, and total words, 𝑤𝑖𝑡. Then we aggregate these numbers to construct the daily positive sentiment index,
𝐺𝑡 =

∑

𝑖 𝑔𝑖𝑡∕
∑

𝑖𝑤𝑖𝑡, and the daily negative sentiment index, 𝐵𝑡 =
∑

𝑖 𝑏𝑖𝑡∕
∑

𝑖𝑤𝑖𝑡. This means that the daily SA sentiment index is a
weighted average of the sentiment scores of all SA articles on a given day, where the weight depends on the number of words in each
article (longer SA articles have a greater weight in the daily SA sentiment index).8 Using the positive and negative sentiment indices,
𝐺𝑡 and 𝐵𝑡, we also calculate a pessimism index as the difference between negative and positive sentiment indices, i.e., 𝑃𝑡 = 𝐵𝑡−𝐺𝑡.9

3.2.2. Summary statistics of sentiment indices
Table 2 presents the descriptive statistics of the sentiment indices extracted from the SA and WSJ data. In all media sources, there

are on average about twice as many negative words than positive words, reflecting the uneven distribution of negative relative to
positive words in the (Loughran and McDonald, 2011) dictionary. The WSJ has the lowest fraction of positive and negative words,
with averages of 1.3% and 2.4%, respectively. SA articles and comments have on average considerably larger fractions of dictionary
words. About 1.8% of the words in SA articles are positive words, and around 3.6% are negative words. The sentiment indices
derived from the SA comments reveal an even slightly higher fraction of dictionary words.

Table 3 presents the correlation statistics between the various sentiment indices. Most of the pairwise correlations are substantial,
and highly significant. This suggests that there is a co-movement between the sentiment obtained from the different media sources,
which is especially strong for the pessimism indices. Only the correlation between positive sentiment indices of WSJ articles and SA
comments fails to be statistically significant, suggesting that these two indices capture different facets of positive investor sentiment.

8 The forecast combination literature (Timmermann, 2006; Elliott and Timmermann, 2016; Wang et al., 2023) suggests that an equally weighted aggregation
results in even better forecasts. In untabulated robustness checks, we thus calculated an equally weighted SA sentiment index, where 𝐺𝑡 =

1
𝑁

∑

𝑖
(

𝑔𝑖𝑡∕𝑤𝑖𝑡
)

and
𝐵𝑡 =

1
𝑁

∑

𝑖
(

𝑏𝑖𝑡∕𝑤𝑖𝑡
)

. In this approach, all articles have the same weight, regardless of their length. The results are very similar.
9 Negations before dictionary words can reverse their meaning, and hence tone. However, when taking into account words that express negation, the sentiment

indices do not change significantly.
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Fig. 5. Sample article of the Markets column in the Wall Street Journal, appearing on the November 1, 2017 (a Fed announcement date). twelve positive words
(green, bold, and underlined), seven negative words (red, bold), 525 total words. Positive sentiment: 0.022, negative sentiment: 0.013, pessimism index: −0.009.

4. Investor sentiment and stock returns

In this section, we revisit the hypothesis by Shiller (2016) that investor sentiment as reflected in the media can influence stock
market returns, using the measures of investor sentiment presented in the previous section. Similar to Garcia (2013), we employ
the following model:

𝑅𝑡 = 𝛽𝑆 𝐴𝑠(𝑆 𝐴𝑡) + 𝛽𝐶𝑠(𝐶𝑡) + 𝛽𝑊 𝑠(𝑊𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡, (1)

where 𝑅𝑡 denotes the log return of the S&P 500 on day 𝑡. The set of explanatory variables consists of the sentiment indices, lagged
returns, and some additional exogenous variables. 𝑆 𝐴𝑡 denotes the sentiment index extracted from the SA articles, 𝐶𝑡 denotes the
sentiment index based on the SA comments, and 𝑊𝑡 denotes the sentiment index extracted from the WSJ articles. Depending on the
analysis, these can represent either the positive sentiment index 𝐺𝑡 of each media source, the negative sentiment index 𝐵𝑡, or the
pessimism index 𝑃𝑡. Prior to the regression analysis, we normalize the sentiment indices to have zero mean and unit variance. This
allows for an easier interpretation of the coefficient estimates in terms of one standard deviation changes to investor sentiment.

The 𝑠 denotes an 𝑠-lag operator, such that, for example, 𝑠(𝑊𝑡) = {𝑊𝑡−1,… , 𝑊𝑡−𝑠}. We set 𝑠 = 5, i.e., Eq. (1) includes up to
five lags. This allows testing, for example, whether investor sentiment as reflected in the media on a Monday can predict stock
9 



I. Lachana and D. Schröder

c

P
f

t

Journal of Financial Markets 74 (2025) 100970 
Table 2
Descriptive statistics of sentiment indices.

Sentiment measure Mean Median 25%-quant. 75%-quant. Std. dev.

Panel A: WSJ articles

Positive sentiment 1.261 1.196 0.821 1.638 0.610
Negative sentiment 2.386 2.321 1.754 2.958 0.873
Pessimism index 1.126 1.094 0.282 1.945 1.242

Panel B: SA articles

Positive sentiment 1.814 1.808 1.632 1.993 0.302
Negative sentiment 3.643 3.624 3.240 4.074 0.652
Pessimism index 1.829 1.805 1.347 2.305 0.730

Panel C: SA comments

Positive sentiment 2.051 2.028 1.715 2.366 0.739
Negative sentiment 4.073 4.012 3.491 4.598 1.154
Pessimism index 2.022 1.972 1.331 2.654 1.361

This table reports sample statistics of sentiment measures obtained from the Wall Street Journal articles, the Seeking Alpha articles, and the
Seeking Alpha comments. The positive sentiment measure (𝐺𝑡) is the fraction of positive words out of total words, using the (Loughran and
McDonald, 2011) dictionary. The negative sentiment measure (𝐵𝑡) is the fraction of negative words out of total words. The pessimism index is
the difference between the negative and the positive sentiment measures (𝑃𝑡 = 𝐵𝑡 − 𝐺𝑡). Panel A presents the summary statistics for the WSJ,
Panel B and C present the summary statistics for the SA articles and comments, respectively.

Table 3
Correlation statistics of sentiment indices.

Panel A: Negative sentiment indices

WSJ articles SA articles SA comments

WSJ articles 1.00 0.24∗∗∗ 0.13∗∗∗

SA articles 0.24∗∗∗ 1.00 0.26∗∗∗

SA comments 0.11∗∗∗ 0.21∗∗∗ 1.00

Panel B: Positive sentiment indices

WSJ articles SA articles SA comments

WSJ articles 1.00 0.13∗∗∗ 0.02
SA articles 0.12∗∗∗ 1.00 0.14∗∗∗

SA Comments 0.01 0.10∗∗∗ 1.00

Panel C: Pessimism indices

WSJ articles SA articles SA comments

WSJ articles 1.00 0.25∗∗∗ 0.10∗∗∗

SA articles 0.25∗∗∗ 1.00 0.22∗∗∗

SA comments 0.09∗∗∗ 0.20∗∗∗ 1.00

This table reports the correlation coefficients of the three sentiment indices obtained from the Wall Street Journal (WSJ) articles,
Seeking Alpha (SA) articles, and SA comments written in response to the SA articles. Panel A shows the correlation coefficients
of the positive sentiment indices (𝐺𝑡), panel B the correlation coefficients of the negative sentiment indices (𝐺𝑡), and panel C
the correlation coefficients of the pessimism indices (𝑃𝑡 = 𝐵𝑡 −𝐺𝑡). The sample period is from 2006 to 2020. The lower triangle
of each panel shows the linear correlation coefficients (Pearson’s 𝑟). The upper triangle of each panel shows the rank correlation
coefficients (Spearman’s 𝜌). ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

market returns up to the following Monday (five trading days). To ensure that the sentiment effects are not driven by short-term
autocorrelation (Lo and MacKinlay, 1990) or reversals in stock returns (Cox and Peterson, 1994), the model also includes lagged
stock market returns, 𝑠(𝑅𝑡), and lagged squared returns, 𝑠(𝑅2

𝑡 ), as control variables. The set of additional exogenous variables
𝑋𝑡 consists of days-of-the-week dummies to control for day-effects in stock returns, as documented by Conrad et al. (1997), and a
onstant. Finally, 𝑢𝑡 denotes the error term, with standard errors adjusted for heteroskedasticity following (White, 1980).

4.1. Social media versus traditional media

We next analyze and compare the relation between investor sentiment and subsequent stock returns using the sentiment indices
obtained from SA and the WSJ.

First, we analyze the relation between investor sentiment and stock market returns for the two sentiment measures separately.
anel A of Table 4 presents the coefficient estimates 𝛽𝑆 𝐴 when explaining stock market returns by the investor sentiment obtained
rom SA articles only.

Panel A shows that the sentiment indices obtained from the SA articles help to predict stock returns. For example, the higher
he fraction of positive words in SA articles, the higher subsequent stock returns. That is, a positive investor sentiment as reflected

in the social media platform translates in higher asset prices. The relation is statistically different from zero at the 1% significance
10 
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Table 4
Sentiment indices and stock market returns — WSJ and SA articles.

Panel A: SA articles

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑆 𝐴𝑡−1 0.052∗∗∗ 2.6 −0.082∗∗∗ −3.0 −0.092∗∗∗ −3.6
𝑆 𝐴𝑡−2 −0.006 −0.3 0.037 1.3 0.036 1.4
𝑆 𝐴𝑡−3 −0.021 −1.1 −0.007 −0.3 0.010 0.4
𝑆 𝐴𝑡−4 −0.012 −0.6 0.033 1.2 0.037 1.5
𝑆 𝐴𝑡−5 0.037∗ 1.9 0.023 0.8 −0.003 −0.1

Panel B: WSJ articles

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑊𝑡−1 0.028 1.2 −0.040 −1.6 −0.047∗ −1.7
𝑊𝑡−2 −0.008 −0.3 −0.010 −0.3 −0.003 −0.1
𝑊𝑡−3 −0.022 −1.0 0.008 0.4 0.019 0.8
𝑊𝑡−4 0.036 1.5 0.017 0.7 −0.007 −0.2
𝑊𝑡−5 −0.030 −1.2 0.012 0.5 0.026 0.9

Panel C: SA and WSJ articles

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑆 𝐴𝑡−1 0.051∗∗∗ 2.5 −0.078∗∗∗ −2.9 −0.088∗∗∗ −3.6
𝑆 𝐴𝑡−2 −0.004 −0.2 0.040 1.4 0.037 1.4
𝑆 𝐴𝑡−3 −0.021 −1.1 −0.007 −0.3 0.009 0.4
𝑆 𝐴𝑡−4 −0.011 −0.6 0.032 1.2 0.036 1.4
𝑆 𝐴𝑡−5 0.038∗ 1.9 0.022 0.8 −0.005 −0.2
𝑊𝑡−1 0.021 0.9 −0.037 −1.5 −0.039 −1.4
𝑊𝑡−2 −0.011 −0.4 −0.012 −0.4 −0.002 −0.0
𝑊𝑡−3 −0.022 −1.0 0.006 0.2 0.016 0.6
𝑊𝑡−4 0.035 1.4 0.015 0.6 −0.009 −0.3
𝑊𝑡−5 −0.034 −1.4 0.010 0.4 0.026 0.9

This table reports the estimated coefficients 𝛽𝑆 𝐴 and 𝛽𝑊 of following:

𝑅𝑡 = 𝛽𝑆 𝐴𝑠(𝑆 𝐴𝑡) + 𝛽𝑊 𝑠(𝑊𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡 .

The dependent variable 𝑅𝑡 is the daily log return of the S&P 500 from 2006 to 2020. The variables 𝑆 𝐴𝑡 and 𝑊𝑡 denote the media sentiment indices obtained
rom the Seeking Alpha (SA) and Wall Street Journal (WSJ) articles, respectively. We consider the positive sentiment index (𝐺𝑡), the negative sentiment index
𝐵𝑡), and the pessimism index (𝑃𝑡 = 𝐵𝑡 −𝐺𝑡). 𝑠 is the lag operator with 𝑠 = 1...5. The sentiment indices are normalized to have zero mean and unit variance. 𝑋𝑡
epresents the set of exogenous variables that consists of day-of-the-week dummies and a constant, and 𝑢𝑡 is the error term. The 𝑡-statistics are computed using
White, 1980) standard errors. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

level, and means that a one standard deviation shock to positive investor sentiment moves average stock returns by 5.2 bps. The
results are even stronger for negative sentiment and the pessimism index.

While the results show that investor sentiment is moving stock markets, the effect is short-lived as the coefficient estimates
re generally significant for one trading day only. The estimated coefficients of lagged sentiment indices, however, allow for an
ssessment of whether the sentiment effect on stock markets is temporary or permanent. In fact, for all three sentiment indices,
he sum of the coefficient estimates for lags 2 to 5 (∑5

𝑖=2 𝛽𝑆 𝐴) has the opposite sign than the coefficient estimates of the first lag.
or negative sentiment, for example, the coefficients of lags 2 to 5 add up to 0.086, which compares to −0.082 of the first lag. An
-test shows that this sum is significantly different from zero (𝑝-value < 0.05), while the sum of all 5 coefficients is not significantly
ifferent from 0. The pattern is similar for the other indices, albeit at lower significance levels.

Thus, consistent with Tetlock (2007) and Garcia (2013), these findings show that the effect of investor mood is not only short-
lived, but also (partly) reversed in the following trading days. Taken together, this means that investor sentiment has only a transitory
effect on stock markets, and can thus be considered driven by irrational mood rather than rational (fundamental) information.

Next, we repeat the analysis using the sentiment indices extracted from the WSJ articles instead. The results show that these
entiment indices are considerably less related to subsequent stock returns. The coefficient estimates of the three sentiment indices
re about half the magnitude than those in Panel A. As a result, they lose much of their statistical significance. Only the pessimism
ndex is marginally related to subsequent stock returns, at a confidence level of 10%. Similar to Panel A, the sentiment indices
agged by more than one trading day are not significantly related to stock returns, but nevertheless suggest some reversal of the
ffect on subsequent trading days. Taken together, the results indicate a weak relationship between traditional media sentiment and
arket returns.

These results provide support for (Tetlock, 2007) and Garcia (2013) who document a relation between positive, negative, and
pessimism sentiment indices obtained from traditional print media sources, and broad stock market returns. Yet, while in Tetlock
(2007) and Garcia (2013) these association are highly statistically significant, the results in Panel B are weaker and sometimes fail
to be significant.
11 
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This difference can have a variety of reasons. Most of all, we analyze a more recent time period, covering the years from 2006
to 2020. By contrast, Tetlock (2007) considers the years from 1984 to 1999, and Garcia (2013) even extends back to the year 1905.
Given the tremendous changes in the media ecosystems, the results might not be directly comparable. In addition, we rely on the
S&P 500 to proxy for stock market returns which covers a broader set of companies, while (Tetlock, 2007) and Garcia (2013) use the
DJIA that includes a smaller set of companies. Finally, Garcia (2013) uses media data of the New York Times, while the traditional
print media data we use are retrieved from the Wall Street Journal.

Appendix A presents some further analyses that explore these differences using the original data set provided by Garcia (2013).
The results show that the relation between sentiment measures obtained from traditional media and the stock markets decays through
time. In the years after 1990, there is only little relation between sentiment indices based on traditional media and the financial
markets. This means that the weak results we document in Panel B are effectively consistent with (Tetlock, 2007) and Garcia (2013).

In a last test, Panel C of Table 4 reports the results using both sentiment indices from SA and WSJ articles to explain stock market
returns. Combining the two sentiment measures in a joint regression does not change our previous results. The relation between the
SA sentiment indices is slightly lower, while remaining strongly and significantly related to stock returns. Similarly, the no-result
of the WSJ sentiment index persists; the negative sentiment index is now no longer related to the returns of the S&P 500 index.
This result also suggests that, despite a significant and substantial correlation between both measures (see Table 3), they capture
noticeably different dimensions of investor sentiment.

Overall, these results support the (Shiller, 2016) hypothesis that investor sentiment as reflected in the media is important in
explaining short-term stock market behavior. Yet, during the period from 2006 to 2020, it seems that sentiment indices obtained
from traditional print media lost their predictive power for stock market returns. By contrast, investor sentiment as measured from
ocial media platforms seems a strong predictor for stock market returns.

4.2. The role of social media comments

(Chen et al., 2014) show that sentiment measures based on reader comments posted in response to SA articles have significant
relation to firm-specific stock returns. In this section, we investigate whether a similar pattern holds true for the entire stock market.
More specifically, we analyze the relation between sentiment indices obtained from SA comments and broad stock market returns.

We first fit Eq. (1) using the sentiment index extracted from SA comments as the only measure of investor mood. The results
re in Panel A of Table 5. The fraction of positive words in SA comments helps to predict subsequent stock returns. The relation

is statistically significant, and different from zero at the 10% level. The magnitude of the effect is similar to the results obtained
from traditional media: a one standard deviation change in positive investor sentiment, for example, results in a return on the S&P
500 of 2.9 bps, on average. Yet, in comparison with the positive sentiment of SA articles, the relation is much smaller. A similar
attern applies to the negative sentiment index obtained from the SA comments. Negative sentiment results in lower stock returns,

as expected. This relation is statistically significant at the 5% level, and again of similar size compared to the effect of negative
investor sentiment extracted from traditional media. Again, the effect of negative sentiment of SA comments is considerably lower
than the effect of SA articles. When looking at the pessimism index, the relation between investor sentiment of comments and stock
returns is the strongest. A one standard-deviation change to the pessimism index results in a negative return of the S&P 500 of 5.4
bps, on average. This relation is highly significant at the 1% level. Similar to the results obtained from SA and WSJ articles, the effect
of SA comments ceases after one day, again suggesting that investor sentiment is quickly incorporated in the stock market without
any long-term effects. Rather, there is some reversal of the effect of sentiment extracted from SA reader comments on subsequent
trading days, especially for the negative sentiment index.

The remainder of Table 5 presents the results when including the investor sentiment based on SA articles (Panel B), and the
investor sentiment based on WSJ articles (Panel C). When adding investor sentiment obtained from SA articles as control variables,
the regression coefficient of positive sentiment (SA comments) loses some of its magnitude, such that it is no longer statistically
ifferent from zero. Yet, the estimates for negative sentiment and the pessimism index remain substantial and significant. As before,
he effect of investor sentiment derived from SA articles is highly significant. Adding investor sentiment obtained from WSJ articles
oes not change the results, similar to the analysis presented in Section 4.1. Again, investor sentiment as captured by this traditional

media source is not significantly related to stock returns.
Overall, this section highlights that not only sentiment indices based on SA articles have a strong relation to subsequent stock

returns, but user comments written in response to these articles also exhibit important and useful investor sentiment. These results
trengthen the perception that investor mood reflected on social media platforms is useful when trying to understand market
ehavior, going beyond standard traditional print media.

4.3. Robustness

In this subsection, we discuss some robustness checks of the main results. A possible concern with Eq. (1) is that it does not
explicitly allow for a time-varying volatility of stock market returns. Hence, the results might be partially driven by periods of
igher-than-average stock market volatility. To rule out this possibility, we re-estimate Eq. (1) using normalized stock returns. The

normalization divides stock returns by daily estimates of stock market volatility, i.e., 𝑅𝑡∕𝜎𝑡. We estimate market volatility using a
ARCH(1,1) model. This adjustment effectively creates a time series of stock returns with constant volatility.

The results in Table 6 show that the overall pattern does not change after correcting stock returns for time-varying stock market
volatility. While the coefficient estimates are slightly smaller than in Tables 4 and 5, the general conclusions remain unchanged.
n untabulated tests, we also examine whether there is a difference when including sentiment indices from both SA articles and
omments in the regression model, and we also add the sentiment indices extracted from the WSJ, as control variable. Again, the

main results do not change.
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Table 5
Sentiment indices and stock market returns — SA comments.

Panel A: SA comments

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝐶𝑡−1 0.029∗ 1.7 −0.044∗∗ −2.2 −0.054∗∗∗ −2.8
𝐶𝑡−2 0.018 1.1 0.001 0.1 −0.009 −0.4
𝐶𝑡−3 0.005 0.3 −0.009 −0.4 −0.011 −0.5
𝐶𝑡−4 −0.004 −0.2 0.011 0.5 0.014 0.7
𝐶𝑡−5 −0.008 −0.5 0.015 0.7 0.019 0.9

Panel B: SA comments and articles

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝐶𝑡−1 0.024 1.4 −0.042∗∗ −2.1 −0.051∗∗∗ −2.8
𝐶𝑡−2 0.018 1.1 0.000 0.0 −0.007 −0.3
𝐶𝑡−3 0.004 0.2 −0.010 −0.5 −0.010 −0.5
𝐶𝑡−4 −0.005 −0.3 0.010 0.5 0.013 0.6
𝐶𝑡−5 −0.012 −0.7 0.011 0.6 0.018 0.9
𝑆 𝐴𝑡−1 0.072∗∗∗ 3.0 −0.086∗∗∗ −2.8 −0.105∗∗∗ −3.6
𝑆 𝐴𝑡−2 −0.023 −0.9 0.039 1.2 0.045 1.5
𝑆 𝐴𝑡−3 −0.025 −1.1 0.004 0.1 0.019 0.7
𝑆 𝐴𝑡−4 −0.013 −0.5 0.021 0.7 0.025 0.9
𝑆 𝐴𝑡−5 0.032 1.3 0.035 1.1 0.013 0.4

Panel C: SA comments and articles, and WSJ articles

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝐶𝑡−1 0.023 1.4 −0.042∗∗ −2.1 −0.050∗∗∗ −2.6
𝐶𝑡−2 0.018 1.1 0.001 0.0 −0.007 −0.3
𝐶𝑡−3 0.005 0.3 −0.010 −0.5 −0.010 −0.5
𝐶𝑡−4 −0.007 −0.4 0.012 0.6 0.014 0.7
𝐶𝑡−5 −0.012 −0.7 0.011 0.5 0.017 0.9
𝑆 𝐴𝑡−1 0.071∗∗∗ 3.0 −0.082∗∗∗ −2.8 −0.102∗∗∗ −2.6
𝑆 𝐴𝑡−2 −0.021 −0.8 0.039 1.2 0.044 1.5
𝑆 𝐴𝑡−3 −0.025 −1.1 0.002 0.1 0.017 0.6
𝑆 𝐴𝑡−4 −0.012 −0.5 0.018 0.6 0.024 0.8
𝑆 𝐴𝑡−5 0.033 1.4 0.033 1.0 0.010 0.3
𝑊𝑡−1 0.022 0.9 −0.039 −1.4 −0.038 −1.3
𝑊𝑡−2 −0.012 −0.4 −0.004 −0.1 0.005 0.1
𝑊𝑡−3 −0.023 −1.0 0.020 0.8 0.028 1.1
𝑊𝑡−4 0.035 1.4 0.015 0.5 −0.009 −0.3
𝑊𝑡−5 −0.030 −1.1 0.011 0.4 0.023 0.7

This table reports the estimated coefficients 𝛽𝐶 , 𝛽𝑆 𝐴, and 𝛽𝑊 of the model:

𝑅𝑡 = 𝛽𝐶𝑠(𝐶𝑡) + 𝛽𝑆 𝐴𝑠(𝑆 𝐴𝑡) + 𝛽𝑊 𝑠(𝑊𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡 .

The dependent variable 𝑅𝑡 is the daily log return of the S&P 500 from 2006 to 2020. The variables 𝐶𝑡, 𝑆 𝐴𝑡 and 𝑊𝑡 denote the media sentiment indices obtained
rom the Seeking Alpha (SA) comments, the SA articles, and Wall Street Journal (WSJ) articles, respectively. For more details, see Table 4.

5. The advantage of social media

We established that investor sentiment as captured in social media is a better predictor of stock returns than sentiment extracted
from traditional media sources, we explore various potential underlying reasons for this finding.

Although articles appearing in SA and the WSJ both discuss developments of the financial markets, there are some significant
differences. Given its nature as a social media platform, the number of articles published on SA vastly exceeds the number of articles
published in the WSJ, along with the number of authors. In addition, language, timing, and length of the articles appearing in both
media sources differ considerably. In this section, we explore whether these differences can explain why SA is a better alternative
than the WSJ to capture investor sentiment.

5.1. Volume of articles

While the daily Markets column of the WSJ consists of just one article, there is no limit for the number of articles appearing
in the Today’s Market section of SA, as discussed before. During our sample period, a maximum of 85 articles appeared in that
section within a 24-h window (8/24/2009). As a result, the sentiment indices based on SA articles can draw on a much larger data
set compared to the WSJ. Table 1 shows that the SA sample is more than 20 times larger than the WSJ sample. Thus, the better
13 



I. Lachana and D. Schröder

i

e
t

o

i

s
p
t
s

s

Journal of Financial Markets 74 (2025) 100970 
Table 6
Robustness analysis.

Panel A: SA articles

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑆 𝐴𝑡−1 0.033∗ 1.9 −0.074∗∗∗ −3.4 −0.075∗∗∗ −3.7
𝑆 𝐴𝑡−2 0.009 0.5 0.026 1.2 0.019 0.9
𝑆 𝐴𝑡−3 −0.026 −1.4 −0.009 −0.4 0.010 0.5
𝑆 𝐴𝑡−4 −0.002 −0.1 0.029 1.3 0.026 1.2
𝑆 𝐴𝑡−5 0.034∗ 2.0 0.026 1.3 0.002 0.1

Panel B: SA comments

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝐶𝑡−1 0.033∗ 1.9 −0.031∗ −1.9 −0.047∗∗∗ −2.8
𝐶𝑡−2 0.023 1.5 0.012 0.7 −0.003 −0.2
𝐶𝑡−3 0.005 0.3 −0.024 −1.3 −0.023 −1.3
𝐶𝑡−4 −0.011 −0.6 0.009 0.5 0.016 0.9
𝐶𝑡−5 −0.009 −0.5 0.009 0.5 0.014 0.8

This table reports the estimated coefficients 𝛽𝑆 𝐴 and 𝛽𝐶 of the model:

𝑅𝑡 = 𝛽𝑆 𝐴𝑠(𝑆 𝐴𝑡) + 𝛽𝐶𝑠(𝐶𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡 .

The dependent variable 𝑅𝑡 is the normalized daily log return of the S&P 500. The normalization divides the log returns by the estimated volatility
𝜎𝑡 using a GARCH(1,1) model:

𝑅𝑡 = 𝜇 + 𝜖𝑡
𝜎2𝑡+1 = 𝜔 + 𝛼1𝜖2𝑡 + 𝛼2𝜎

2
𝑡 ,

where 𝜎2𝑡 ≡ 𝑣𝑎𝑟(𝜖𝑡). The variables 𝑆 𝐴𝑡 and 𝐶𝑡 denote the media sentiment indices obtained from the Seeking Alpha (SA) articles and SA comments,
respectively. We consider the positive sentiment index (𝐺𝑡), the negative sentiment index (𝐵𝑡), and the pessimism index (𝑃𝑡 = 𝐵𝑡 − 𝐺𝑡). 𝑠 is
the lag operator with 𝑠 = 1...5. The sentiment indices are normalized to have zero mean and unit variance. 𝑋𝑡 represents the set of exogenous
variables that consists of day-of-the-week dummies and a constant, and 𝑢𝑡 is the error term. The 𝑡-statistics are computed using (White, 1980)
standard errors. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

predictive power of investor sentiment indices extracted from social media sources might be explained by the data availability,
.e., the number of articles published.

In fact, a well-known finding of the forecast combination literature (Wang et al., 2023) is that a simple average of many individual
forecasts often beats any single forecast. In the context of this study, this means – if interpreting the sentiment scores extracted from
ach article as forecast indicators – that the SA sentiment index can be considered an average of many individual forecasts. Thus,
he superiority of the SA sentiment index to predict the market might not be surprising.

To test this hypothesis, we adopt a two-step test procedure. In the first step, we create 25 sub-samples of SA articles that consists
of one randomly drawn SA article per day. This gives 25 SA data sets that have approximately the same number of articles as the
entire WSJ sample, each containing 3759 SA articles (see Panel A of Table 7).10 We then construct the pessimism index for each
f these 25 sub-samples, following the methodology described in Section 3.2.1. Then we estimate Eq. (1) separately for each of the

sub-samples:

𝑅𝑡 = 𝛽𝑆 𝐴𝑠(𝑆 𝐴𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡.

In the second step, we use a 𝑡-test to assess whether the average of the 25 coefficient estimates of 𝛽𝑆 𝐴 of the first-pass regressions
s significantly different from zero.11 If the better explanatory power of the SA sentiment indices is only due to the larger data set

they can draw on, the advantage should disappear in this setting and result in insignificant coefficient estimates.
Panel B of Table 7 shows that the relation between the first lag of the pessimism index and log stock market returns is still

tatistically different from zero at the 1% significance level. This means that using just one single SA article per day to construct the
essimism index (instead of the entire data set) does not change the ability of SA sentiment in predicting the market. To conclude,
he significantly larger volume of articles published on the SA platform cannot explain the higher predictive ability of investor
entiment of social media over traditional media.

10 In the first months of 2006, the Today’s Markets section of SA did not publish an article every day. Hence, the SA sample is slightly smaller than the WSJ
ample.
11 For brevity, this section only presents the results for the pessimism index. The results for positive and negative sentiment are qualitatively similar. Including

the pessimism index of the WSJ articles as a control variable in the regression does not change the results (see the Online Appendix).
14 
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Table 7
Matching the number of articles.

Panel A: Sample statistics

Random sampling

Mean number of authors 979
Mean number of days in sample 3,759
Mean number of articles 3,759

Panel B: Pessimism index

Random sampling

Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.028∗∗∗ −5.7
𝑆 𝐴𝑡−2 −0.000 0.1
𝑆 𝐴𝑡−3 −0.008∗ −1.8
𝑆 𝐴𝑡−4 0.004 1.1
𝑆 𝐴𝑡−5 −0.005 −1.2

The table analyzes the relation between stock returns and the pessimism index
obtained from Seeking Alpha (SA) articles when using smaller sub-samples of
SA articles that correspond to the number of articles in the Wall Street Journal
(WSJ) sample. We first select 25 random samples of one SA article per day.
Then we calculate the average coefficient estimates obtained from the 25 random
samples. Panel A shows the average summary statistics of the 25 sub-samples,
while Panel B shows the average coefficient estimates. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

5.2. The wisdom of crowds

Another potential explanation for the higher explanatory power of SA sentiment measures is the large pool of authors and
ontributors on social media platforms. This idea has been coined ‘‘wisdom of crowds’’ by Surowiecki (2005). He suggests that the

aggregation of multiple opinions within a group can outperform individuals, including experts, in prediction tasks (Budescu and
Chen, 2014). Following this idea, Chen et al. (2014) partly attribute the larger informational content extracted from SA articles and
comments for individual stock returns to the large diversity of contributors, which allows aggregating a much larger information set
than a few professional equity analysts could ever process. A similar pattern might hold true when it comes to investor sentiment.

hile there are in total only 152 authors who have written the 3776 articles in the WSJ sample, there are more than 4000 different
uthors contributing to the articles of the SA sample. Hence, in the this subsection we examine whether the number of authors who
rite and publish articles could explain the differences in predictive power of SA and WSJ.

To examine if the larger number of SA authors (and thus variety) is a potential explanation for the superior ability of social
media sentiment in explaining market returns, we perform two tests. In the first test, we form a subsample of SA articles written by
he 152 authors that have contributed most articles to the Today’s Markets section of SA. Thus, we match the number of authors of
A to those of the WSJ. Then, using this sub-sample of articles, we construct the pessimism index and repeat the analysis as before.

In the second test, we adopt again the two-step random sampling procedure, as explained in Section 5.1. More precisely, we
create 25 sub-samples of SA articles written by a random selection of 152 SA authors, thereby matching the number of SA authors
to those of the WSJ. Then we test whether the average coefficient estimates of 𝛽𝑆 𝐴 of the 25 first-pass regressions are significantly
different from zero. If the higher explanatory power of SA sentiment indices is due to the larger pool of authors, this advantage
(i.e., significance) should disappear in both tests.12

Table 8 reports the results. When restricting the SA sample to the 152 authors who have written most articles, the sample size
is still substantial, reaching more than 46,000 individual articles (see Panel A). This indicates that most articles appearing on SA
are written by a rather small group of contributors. This is a common feature of online platforms. For example, Kittur et al. (2007)
show that in the early days of Wikipedia, most articles were written by only a few users. Using this sub-sample to construct the
pessimism index, Panel B shows that investor sentiment extracted from SA articles still predicts market returns. The effect is highly
tatistically different from zero at the 1% level.

The second test based on 25 random samples of 152 authors confirms these findings. A random sample of 152 authors publishes
on average a much smaller number of articles, reaching just over 2700 articles. As a result, there are many days without any articles
in the Today’s Market section. Looking at the ‘‘Random sampling’’ columns, the first lag of the pessimism index is, however, again
statistically significant at the 1% level.

12 In case SA authors read each other’s articles before writing their own contribution, the investor mood conveyed in their article is not independent of
revious SA articles. In this case, SA articles capture the investor mood of all previous SA articles, and a randomly selected SA article contains the ‘‘wisdom
f crowds’’. However, untabulated robustness checks show that there is significant daily cross-sectional dispersion of the pessimism scores extracted from SA
rticles. Thus, we can conclude that the investor mood conveyed in individual SA articles is at least to some extent independent of previous SA articles, and
hus does not contain the ‘‘wisdom of crowds’’.
15 
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Table 8
Matching the number of authors.

Panel A: Sample statistics

152 authors with most articles Random sampling

Number of authors 152 152
Number of days in sample 3,742 1,702
Number of articles 46,566 2,733

Panel B: Pessimism index

152 authors with most articles Random sampling

Coeff. t -stat. Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.092∗∗∗ −3.7 −0.028∗∗∗ −3.6
𝑆 𝐴𝑡−2 0.018 0.7 −0.006 −0.8
𝑆 𝐴𝑡−3 0.026 1.2 0.009 1.3
𝑆 𝐴𝑡−4 −0.013 −0.5 −0.002 −0.2
𝑆 𝐴𝑡−5 0.037 1.4 0.001 0.1

The table provides the results of the analyses the relation between stock returns and the pessimism index obtained from
Seeking Alpha (SA) articles when using smaller sub-samples of SA articles written by 152 authors, matching the number
of authors of the Wall Street Journal (WSJ) data set. In the first test (on the left), we present the coefficient estimates
using the sub-sample of 152 SA authors that have written most articles during the sample period. In the second test (on
the right), we first select 25 random samples of 152 SA authors. Then we calculate the average coefficient estimates
obtained from the 25 random samples. Panel A shows the summary statistics of the samples. In the random sampling
test, the average summary statistics of the 25 random samples is presented. Panel B shows the (average) coefficient
estimates. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

The results imply that the larger pool of SA authors cannot explain why social media sentiment on SA is better than traditional
edia sentiment on the WSJ in predicting the market. Social media sentiment remains statistically significant, even if using a

ubsample of SA authors that matches the total number of WSJ authors. Put differently, the ‘‘wisdom of crowds’’ hypothesis cannot
xplain the outperformance of social media sentiment on SA.

5.3. Writing style and language

The writing style and language of social media platforms is different from traditional media. Articles appearing in the traditional
media are usually more structured, adhering to some specific formats, which contrasts with the rather non-structured user content
published on social media. Even standard newspapers often adopt a different and richer language style on their social media accounts
relative to their print editions (Hagvar, 2019). Besides using emojis, they tend to express more emotions and convey more subjective
ptions online.

Differences in writing style and language could be important in this context, since investor sentiment is measured as the fraction
of positive and negative words as specified by the (Loughran and McDonald, 2011) dictionary. Thus, there might be a direct impact
f the writing style on the usefulness of sentiment indices estimated from the different media sources. In fact, Table 2 shows that the

fraction of both positive and negative dictionary words is around 50% larger in the sample of SA articles than in the WSJ sample.
ut differently, SA articles might convey more investor sentiment, and are thus better in predicting stock market movements.

We test this conjecture by forming another subsample of SA articles, this time based on the fraction of dictionary words. More
recisely, we create a sub-sample of SA articles such that their average dictionary ratio matches the dictionary ratio of the WSJ,
hich is at approximately 3.90%. To achieve this lower ratio in the SA sample, we drop articles from the original SA sample that
ave a high fraction of dictionary words, until the ratio matches the average of the WSJ sample. Panel A of Table 9 shows that the
esulting sub-sample is significantly smaller than the full sample, but still substantial.

Panel B of Table 9 reports the regression results when using this sub-sample of SA articles. The results show that none of the
coefficient estimates of the first five lags of the pessimism index is statistically different from zero. This suggests that the pessimism
ndex has lost its explanatory power for stock returns when restricting the SA sample to articles with a low fraction of dictionary

words.
Overall, this finding confirms the hypothesis that the richer language style of SA articles provides explanatory power for why

sentiment captured from social media is better than sentiment extracted from traditional media in predicting the market. In addition,
this finding reinforces the view that the success of the lexicon approach hinges on a good match between the lexicon and the text
data to be analyzed.

5.4. Publication time

In this subsection, we examine the impact of the publication time of WSJ and SA articles on their ability to detect investor mood.
As a print medium, the WSJ articles of the Markets column are traditionally written after the market close. While in most of the
20th century, the WSJ was not available until the next morning, these articles can now be accessed on the internet as soon as they
are written, also during the evening hours. Articles on SA are published, in contrast, around the clock, including during trading
hours.
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Table 9
Matching the fraction of dictionary words.

Panel A: Sample statistics

Number of authors 2,650
Number of days in sample 3,727
Number of articles 32,065
Fraction of dictionary words 3.90%

Panel B: Pessimism index

Articles with low fraction of dictionary words

Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.016 −0.8
𝑆 𝐴𝑡−2 0.003 0.1
𝑆 𝐴𝑡−3 −0.008 −0.3
𝑆 𝐴𝑡−4 −0.007 −0.3
𝑆 𝐴𝑡−5 −0.026 −1.3

The table analyzes the relation between stock returns and the pessimism index obtained from Seeking Alpha
(SA) articles when using a subset of articles with a lower fraction of dictionary words, matching the fraction of
dictionary words of the Wall Street Journal (WSJ) data set. Panel A shows the summary statistics of the sample,
while Panel B shows the regression results. ***, **, and * denote statistical significance at the 1%, 5%, and 10%
levels, respectively.

Recent empirical evidence on irrational investor sentiment by Sun et al. (2016) and Renault (2017) show that investor mood is
short-lived and can considerably fluctuate over short periods of time. Hence, timing differences between WSJ and SA might play an
mportant role for the effectiveness of the sentiment indices obtained from both media sources to predict the market. For example,
f there is a shift in investor mood in the morning hours, the tone of SA articles might be affected, while the tone of the WSJ article
s not as it was likely written the evening before.13 In this sense, SA is timelier in capturing investor mood than the WSJ, and the

sentiment reflected in SA articles might be therefore more relevant for asset prices.
To test this hypothesis, we divide the sample of SA articles into two subsamples depending on their publication time: during

trading hours or outside trading hours. If investor sentiment is indeed short-lived, the sentiment indices from SA articles should
have substantial explanatory power for stock returns during trading hours, but lose their predictive power if they are published
outside trading hours, similar to the WSJ sentiment.

Panel A of Table 10 shows that roughly two-thirds of SA articles are published outside trading hours in the U.S., while the rest
re published during these trading hours. Panel B shows a strong relation between investor sentiment captured from SA articles

appearing during trading hours on stock returns. More important, the relation between investor sentiment and stock returns during
rading hours is highly significant at the 1% level. By contrast, there is no significant relation between sentiment extracted from
rticles appearing outside trading hours and stock returns — despite the larger sample size.

These results confirm that the predictive power of investor sentiment on stock returns is indeed short-lived. Thus, the immediate
and continuous flow of articles on SA has an advantage over WSJ print media to capture investor sentiment. A possible explanation
for this pattern is that the higher frequency of SA articles allows for greater iteration and thus amplification (Hirshleifer, 2020). At
the same time, the results in this section also further suggest the reason why the sentiment of traditional print media like the WSJ
has lost is explanatory power for stock returns over the last century (see Appendix A).

5.5. Article length

As discussed in Section 5.5, SA articles used to extract investor sentiment are, on average, slightly shorter than WSJ articles. Yet,
heir length varies considerably more. This difference in dispersion is a direct consequence of differences in the media format. If the
one conveyed in articles varies with their length and complexity, some of the stronger association between SA sentiment and stock
eturns might be explained by the higher variability in article length. For example, if SA authors publish longer articles with more
n-depth analyses on days with a more pronounced investor mood (either positive or negative), SA articles might be more suitable
o detect investor sentiment relative to the WSJ that has a more uniform article length.

To examine whether differences in article length can explain why the sentiment extracted from SA is better in explaining short-
term stock returns than the WSJ, we again use a subsample analysis. We form a subset of SA articles that matches the mean and
standard deviation of the article length of the WSJ sample. Table 11 shows, however, that when using such a subsample, the
sentiment extracted from SA is still significantly related to short-term stock returns. Thus, differences in article length caused by
the different publication formats do not seem to have an impact on the results.

13 WSJ articles appearing online can be updated. Yet, there are only a few of such revisions. In addition, these updates happen very quickly after the initial
publication of the articles.
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Table 10
Analysis by publication time.

Panel A: Sample statistics

During trading hours Outside trading hours

Number of authors 2,715 3,329
Number of days in sample 3,568 3,757
Number of articles 23,414 52,721

Panel B: Pessimism index

During trading hours Outside trading hours

Coeff. t -stat. Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.125∗∗∗ −5.2 −0.030 −1.3
𝑆 𝐴𝑡−2 0.020 0.9 0.015 0.6
𝑆 𝐴𝑡−3 0.015 0.7 0.005 0.2
𝑆 𝐴𝑡−4 0.014 0.7 0.012 0.5
𝑆 𝐴𝑡−5 0.006 0.3 0.017 0.7

The table provides the results of analyses of the relation between stock returns and the pessimism index obtained from
Seeking Alpha (SA) articles for two sub-samples. The first sample (on the left) consists of articles published during U.S.
trading hours from 9:30 am ET to 4:00 pm ET; the second sample (on the right) consists of articles published outside
trading hours. Panel A shows the summary statistics of the sample, while panel B shows the regression results. ***, **,
and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Table 11
Matching the article length.

Panel A: Sample statistics

Number of words 656
Standard deviation of words 168
Number of articles 35,201

Panel B: Pessimism index

Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.063∗∗∗ −2.6
𝑆 𝐴𝑡−2 0.019 0.8
𝑆 𝐴𝑡−3 −0.000 −0.0
𝑆 𝐴𝑡−4 0.014 0.6
𝑆 𝐴𝑡−5 0.019 0.8

The table analyzes the relation between stock returns and the pessimism
index obtained from Seeking Alpha (SA) articles for a sub-sample that
matches the mean and standard deviation of the article length of the Wall
Street Journal (WSJ) sample. Panel A shows the summary statistics of the
sample, while Panel B shows the regression results. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

5.6. The choice to publish

While the Markets column of the WSJ is published every day after the market close (regardless of the market environment), SA
uthors can chose whether or not to publish articles. This difference might create some endogeneity problem: If SA authors chose
o publish articles only on days with more stock market activity, then the higher predictive power of investor mood extracted from
A articles might be explained by such a self-selection bias.

There might be two reasons for a selective publication strategy. SA authors might genuinely be interested in sharing their views,
opinions, or interpretations on days with higher market activity. Alternatively, more people are likely to consult SA for opinions
nd analyses on such days, thereby increasing the monetary compensation for SA authors.

Yet, empirically, for all SA authors combined, the choice to publish is effectively made almost every day. The raw data set
ontains at least one SA article on 3761 trading days, i.e., there are only 15 days without any SA article. The exception are some
ays at the beginning of the sample period, when the number of articles in the Today’s Market section was low. Thus, regardless of
he market environment, there is at least one article in the SA sample. This means that there are almost equally many observations
f investor sentiment of SA and the WSJ. Collectively, there is no endogeneity problem.

Nevertheless, the choice to publish might not be evenly distributed across the sample period. For example, SA authors might be
more inclined to publish articles on days with some important macroeconomic announcements. Untabulated analyses show that for
some announcements days, there are indeed significantly more SA articles relative to non-announcement days. Further analyses in
Section 6.2 show, however, that after controlling stock marker returns for such announcement effects, the sentiment extracted from
SA articles is still significantly related to stock returns.
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6. Further analyses

6.1. Information versus sentiment

We show that transitory irrational investor mood extracted from media sources significantly affects stock returns. Furthermore,
entiment obtained from SA is better in explaining short-term stock returns than sentiment extracted from the WSJ.

This interpretation of our findings rests upon the assumption that the investor sentiment measures are unrelated to any
fundamental news. If the sentiment measures are not fully independent of any news component, then this interpretation might
be wrong. More important, if SA articles have more informational content than WSJ articles, we would expect sentiment extracted
from SA articles to have a greater ability to predict stock returns — not because of irrational investor mood, but because if new
rational information.

Indeed, the timing adjustments following (Garcia, 2013) described in Section 3.1.1 to separate information from sentiment might
not be ideally suited for social media. The WSJ articles of our sample are published after the market is closed, discussing events
hat took place earlier in the day. Thus, they refer to past information, which has already been impounded in market prices. If the
umbers of positive and negative words of these articles are predicting next day’s stock returns, this effect cannot be explained by
ew information, but investor sentiment only. By contrast, although SA articles tend to cover past events, a SA article appearing, say

during Tuesday trading hours, might reflect current events. In this case, new information released on Tuesday afternoon influences
both SA articles (and hence the sentiment index) and stock returns of that day. As a consequence, the higher predictive power
of the SA sentiment index over the WSJ sentiment index might not be an indication of SA carrying more investor sentiment, but
ust some new information. The finding in Section 5.4, showing that sentiment extracted from SA articles appearing during trading
hours is driving the main results, also might point in this direction. Therefore, in this section, we revisit the problem of separating
nformation content from sentiment by removing new information from the SA articles.

6.1.1. Opinion versus facts
The first approach aims at eliminating any news components from SA articles published during trading hours. To this end, we

lassify the sentences of all SA articles as facts or opinions/analyses. Then we drop the sentences containing facts from all SA articles
appearing during trading hours. The remaining SA data set should therefore not contain any new information, at least not during
trading hours, and is thus more comparable to WSJ articles.

We define facts as sentences that contain at least one of the following: numbers, numerical words, or words that refer to amounts
uch as ‘‘billions’’ or ‘‘thousands’’. In turn, all other sentences are flagged as opinions or analyses. To perform this task, we use the
amed entity recognition (NER) approach, a popular method in natural language processing (NLP).14

Fig. 6 shows exemplary the classification of sentences into facts and opinions for the SA article presented in Fig. 3. The majority
of the article is classified as opinions, as very few sentences contain numbers, and are thus labeled as facts.

We acknowledge that this classification algorithm is not perfect. Although most relevant financial news is expressed in numbers
e.g., earnings announcements, share prices, exchange rates), some important news does not contain any numbers (e.g., political
vents). In turn, some opinions and analyses contain historical facts, which should not be classified as news (e.g., some year dates,
s in Fig. 6). Nevertheless, we believe that this classification is still informative for our analysis.

Panel A of Table 12 presents the fraction of sentences that are classified as facts versus opinions for the WSJ and SA data sets.
n average, 81% of WSJ articles are classified as facts, while SA tends to offer more opinions than facts. This result shows that

he WSJ articles are more concerned with reporting facts, while the SA articles include more discussions, analyses, and opinions, as
onjectured earlier.

Next, we drop all sentences classified as opinions from SA articles appearing during trading hours, and build the pessimism index
s before. Then we re-estimate Eq. (1). Panel B shows that SA articles remain statistically significant at the first lag, similar as when

we use the entire SA data set. This indicates that even if facts published during trading hours are removed from SA articles, the
sentiment index extracted from SA is still able to explain market returns.

6.1.2. Excluding concurrent events
In the second approach, we aim to eliminating concurrent information contained in SA articles published during trading hours

by removing entire articles based on their content. While most SA articles refer to past events (like the example presented in Fig. 6),
some articles do cover current events. To identify these articles, we randomly select 100 articles from the SA articles published
during trading hours, and read them carefully to identify whether they discuss concurrent events. Out of this sample of 100 articles,
21 articles discuss concurrent events. Many of these articles discuss Asian or European markets that open before the U.S. markets,
along with other events that took place earlier in the day.

Then we identify the key expressions that serve as an indicator for this classification (such as this morning). Using this set of
xpressions, we go back to all SA articles published during U.S. trading hours and eliminate any article that contains at least one of
hese expressions. Out of 23,414 articles published during these trading hours, we identify 3826 as referring to concurrent events.

Appendix B provides the full list of expressions.

14 NER identifies certain entities within a text and then classifies them into a pre-specified category (Repke and Krestel, 2021). In our study, we use NER
o assign all words of the text into one of the pre-specified categories. Then we assume that words assigned to one of the CARDINAL, PERCENT or MONEY

categories to represent facts.
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Fig. 6. Sample article of the Today’s Market section on Seeking Alpha. The highlighted text indicates sentences classified as facts, based on NER. All other
sentences are classified as opinions or analyses.
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Table 12
Opinions versus facts.

Panel A: Classification of sentences

Opinions Facts

WSJ 19% 81%
SA 65% 35%

Panel B: Pessimism index

Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.066∗ −2.6
𝑆 𝐴𝑡−2 0.031 1.2
𝑆 𝐴𝑡−3 0.010 0.4
𝑆 𝐴𝑡−4 0.019 0.7
𝑆 𝐴𝑡−5 0.000 0.0

Panel A presents the faction of sentences that are classified as facts
versus opinions for the Wall Street Journal (WSJ) and Seeking Alpha (SA)
datasets. Sentences are classified as facts if they contain some numerical
value or some word that refer to numbers or amounts, while all other
sentences are classified as opinions. Panel B shows the regressions results
when explaining stock returns using the pessimism index obtained from
SA articles for the sub-sample which excludes all sentences classified as
facts appearing during trading hours. ***, **, and * denote statistical
significance at the 1%, 5%, and 10% levels, respectively.

Table 13
Excluding concurrent events.

Pessimism index

Coeff. t -stat.

𝑆 𝐴𝑡−1 −0.078∗∗ −3.1
𝑆 𝐴𝑡−2 0.039 1.5
𝑆 𝐴𝑡−3 0.011 0.5
𝑆 𝐴𝑡−4 0.028 1.1
𝑆 𝐴𝑡−5 −0.007 −0.3

The table shows the regressions results when explaining stock
returns using the pessimism index obtained from Seeking Alpha
(SA) articles for the sub-sample which excludes all articles
published during trading hours that refer to concurrent events.
***, **, and * denote statistical significance at the 1%, 5%, and
10% levels, respectively.

Again, this approach might lead to a noisy exclusion of SA articles, as there might be articles referring to concurrent events that
do not contain any of the 15 expressions identified. Yet, the 3826 articles referring to concurrent events correspond to approximately
16% of the within-trading-hours population, which is close to the sample (21%). Furthermore, most concurrent events are clearly
identified using a few key expressions only.

Table 13 shows that excluding articles published during trading hours that refer to concurrent events before constructing the
pessimism index does not change the baseline results. Again, the SA pessimism index coefficient remains statistically significant at
the first lag.

Taken together, these analyses support the view that the predictive power of the sentiment index extracted from SA articles for
stock returns is not a result of information contained in SA articles, but is likely to reflect the effects of irrational investor mood.

6.2. Reverse causality

The continuous publication process of SA articles during trading hours may raise yet another concern, known as reverse causality:
the sentiment of SA articles may reflect the reaction of investors to what had happened earlier in the trading day, even if the article
discusses some events in the distant past. For example, a SA article written and published during falling markets might have a
more negative tone than the same story would have in a positive market environment. Hence, instead of sentiment predicting stock
returns, stock returns influence investor sentiment. The higher ability of investor sentiment extracted from SA articles to predict
stock returns could therefore be explained by reverse causality, which is stronger for social media than for print media.

To address this concern, we add additional control variables to capture news affecting the stock market. As control variables,
e use a set of macroeconomic announcements that have been used in the literature to analyze the impact of news on stock
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Table 14
Controlling for macro-economic announcements.

Coeff. t -stat. Coeff. t -stat.

Panel A: Announcement dummies

GDP 0.196∗ 2.1 0.193∗∗ 2.1
PPI −0.175 −1.5 −0.170 −1.5
CPI 0.037 0.4 0.032 0.4
UR 0.068 0.7 0.063 0.7
RS 0.065 0.7 0.061 0.7
TB 0.121 1.3 0.122 1.4

Panel B: Pessimism index

𝑆 𝐴𝑡−1 −0.092∗∗∗ −3.6
𝑆 𝐴𝑡−2 0.036 1.4
𝑆 𝐴𝑡−3 0.011 0.5
𝑆 𝐴𝑡−4 0.035 1.4
𝑆 𝐴𝑡−5 −0.001 0.0

The table analyzes the relation between stock returns and the pessimism index obtained from Seeking
Alpha (SA) articles, when controlling stock returns for macro-economics announcements. For Panel A, the
column of the left shows the coefficients of the macro-economic dummy variables when excluding the
pessimism index from the regression model (2) while the column on the right presents the coefficients
of the macro-economic dummy variables when including the pessimism index. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

markets (Andersen and Bollerslev, 1998). Such news is likely to be reflected in the sentiment of the articles published the same
ay. We resort to six important macro-variables: Gross Domestic Product (GDP), Production-Price Index (PPI), Consumer Price
ndex (CPI), Unemployment Rate (UR), Retail Sales Growth (RS), and Trade Balance (TB).15

For each announcement, we create a dummy variable taking the value of 1 on an announcement day, and 0 otherwise (Savor
nd Wilson, 2013; Lucca and Moench, 2015). Then we include these dummies as follows,

𝑅𝑡 = 𝛽𝑆 𝐴𝑠(𝑆 𝐴𝑡) + 𝛾𝑠(𝑅𝑡) + 𝛿
6
∑

𝑚=1
𝐷𝑚𝑡 + 𝜓𝑠(𝑅2

𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡. (2)

Table 14 shows that most macro-economic announcements have no effect on stock returns. Only GDP announcements have a
tatistically and positive effect. When adding the sentiment index to the equation, the results do not change. The first lag of the SA
entiment index remains statistically significant even if we control for macro announcements.16

7. Conclusion

Using a large data set of daily articles and reader comments from 2006 to 2020, this study shows that investor sentiment extracted
from the social media platform Seeking Alpha is better in predicting daily stock market returns than investor sentiment obtained from
the Wall Street Journal, a traditional print medium. The relation between investor sentiment and stock market returns is however
ighly transitory, in line with (Baker and Wurgler, 2007), who consider that investment decisions driven by investor mood largely
rrational.

Seeking Alpha is more suitable to extract investor sentiment because of the richer language and the timeliness of online media.
ontrary to conventional wisdom, the power of sentiment extracted from Seeking Alpha in predicting market returns cannot be
xplained by differences in the volume and length of articles published on social media platforms, or the greater diversity of its
ontributors.

The mechanism behind these results is simple. Sentiment indices based on the lexicon approach convert the fraction of positive
and negative words into measures of investor mood. Since social media exhibits a significantly richer and more expressive language
compared to traditional media, it has a clear advantage to extract a valuable measure of investor sentiment. Furthermore, given that
investor mood is highly transitory, the continuous feed of articles gives social media a clear timing advantage to extract investor
sentiment.

The results of this study highlight the importance of considering novel media sources to explain market behavior driven by
nvestor sentiment. At the same time, this study contributes to a better understanding of the mechanisms of lexicon-based sentiment

indices. For the lexicon approach to be beneficial, it has to match the language of the media analyzed.
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Appendix A. Traditional print media and stock returns

In this appendix, we further explore the relation between sentiment indices obtained from traditional print media and stock
market returns. More precisely, we aim to reconcile the difference in results reported in Panel B of Table 4 (no statistical significance)
with those obtained by Garcia (2013).

We replicate some of the analyses by Garcia (2013). First, we re-estimate model (1) using the sentiment indices by Garcia (2013)
based on New York Times (NYT) articles, using the S&P 500 index instead of the DJIA. Second, we analyze whether the effect of
investor sentiment on stock returns has changed over the last century.

Since the S&P 500 is not available since 1905, the starting point of the analysis in Garcia (2013), we limit the analysis to the
eriod from 1930 to 2005. Panel A of Table A.1 shows the descriptive statistics of the NYT sentiment indices. The distribution of
he NYT sentiment indices are very similar to those of the WSJ (see Panel A of Table 2), suggesting that the fraction of positive and

negative words that appear in both newspapers are not very different.
Next, Table A.2 replicates the analysis of Garcia (2013) for the period from 1930 to 2005. In this specification, the first lag for

ll three sentiment indices is statistically significant at the 1% significance level. Thus, we are able to replicate the results of Garcia
(2013), despite using a different time horizon and stock market index.

Finally, in Table A.3, we divide the entire time period into five 15-year intervals. The results indicate that the relation between
entiment indices obtained from traditional print media sources and stock market returns decays through time. While in the first
wo time intervals 1930–1944 and 1945–1959, the sentiment indices have a strong predictive power for stock market returns, this
ffect is hardly present in later sub-samples. In the period from 1990 to 2005, only the negative sentiment index is related to stock
eturns, similar to the results reported in Panel B of Table 4 for the 2006–2020 period using the WSJ sentiment index.

These findings show that investor sentiment obtained from traditional media lost its predictive power for stock market returns
over the last century. This result also mirrors evidence by Gan et al. (2020), showing that the return responses to newspaper-based
investment sentiment halved in the period from 2012 to 2017. Further analysis shows that this decline is not due to a change in
newspapers language over time (see Section 5.3), as the fraction of dictionary words is fairly stable around 3.3% in the NYT sample.

Table A.1
Summary statistics.

Mean Median 25%-quant. 75%-quant. Std. dev.

Panel A: New York Times articles

Positive sentiment 1.19 1.15 0.88 1.47 0.44
Negative sentiment 2.12 2.05 1.63 2.53 0.70
Pessimism index 0.93 0.87 0.30 1.50 0.92

Panel B: S&P 500 index

Log returns 0.021 0.040 −0.463 0.529 1.165

Panel A reports sample statistics of sentiment measures obtained from the New York Times articles as provided by Garcia (2013)
for the time period from 1930 to 2005. The positive sentiment measure (𝐺𝑡) is the fraction of positive words out of total words;
the negative sentiment measure (𝐵𝑡) is the fraction of negative words out of total words. The pessimism index is the difference
between the negative and the positive sentiment measures (𝑃𝑡 = 𝐵𝑡 − 𝐺𝑡). Panel B presents the summary statistics of daily log
returns of the S&P 500 index from 1930 to 2005.

Table A.2
Sentiment indices and stock market returns — New York Times.

Positive sentiment Negative sentiment Pessimism index

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑀𝑡−1 0.060∗∗∗ 6.6 −0.066∗∗∗ −6.6 −0.084∗∗∗ −7.9
𝑀𝑡−2 −0.016∗ −1.9 0.017∗ 1.8 0.023∗∗ 2.4
𝑀𝑡−3 −0.014 −1.6 −0.004 −0.5 0.004 0.4
𝑀𝑡−4 −0.008 −1.0 0.012 1.3 0.014 1.5
𝑀𝑡−5 0.008 1.0 0.018∗∗ 2.0 0.011 1.1

This table reports the estimated coefficients 𝛽𝑀 of the model:

𝑅𝑡 = 𝛽𝑀𝑠(𝑀𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡 .

The dependent variable 𝑅𝑡 is the daily log return of the S&P 500 from 1930 to 2005. The variable 𝑀𝑡 denotes the media sentiment
index obtained from the New York Times articles. We consider the positive sentiment index (𝐺𝑡), the negative sentiment index (𝐵𝑡), and
the pessimism index (𝑃𝑡 = 𝐵𝑡 − 𝐺𝑡). 𝑠 is the lag operator with 𝑠 = 1...5. The sentiment indices are normalized to have zero mean and
unit variance. 𝑋𝑡 represents the set of exogenous variables that consists of day-of-the-week dummies and a constant, and 𝑢𝑡 is the error
term. The 𝑡-statistics are computed using (White, 1980) standard errors. ***, **, and * denote statistical significance at the 1%, 5%, and
10% levels, respectively.
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Table A.3
Sentiment indices and stock market returns over time — New York Times.

Panel A: Positive sentiment

1930–1944 1945–1959 1960–1974 1975–1989 1990–2005

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑀𝑡−1 0.117∗∗∗ 3.2 0.069∗∗∗ 4.9 0.039∗∗∗ 2.9 0.016 1.1 0.001 0.1
𝑀𝑡−2 −0.011 −0.3 −0.031∗∗ −2.0 0.005 0.3 −0.012 −0.8 0.004 −0.2
𝑀𝑡−3 −0.055 −1.6 0.002 0.1 0.015 1.1 −0.012 −0.8 0.001 0.1
𝑀𝑡−4 −0.026 −0.7 −0.012 −0.9 −0.004 −0.3 −0.013 −1.0 0.004 0.3
𝑀𝑡−5 0.016 0.4 −0.005 −0.3 0.024∗ 1.9 0.011 0.7 0.033∗∗ 2.0

Panel B: Negative sentiment

1930–1944 1945–1959 1960–1974 1975–1989 1990–2005

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑀𝑡−1 −0.197∗∗∗ −4.7 −0.068∗∗∗ −3.5 0.002 0.1 −0.012 −0.8 −0.028∗∗ −1.9
𝑀𝑡−2 0.013 0.3 0.005 0.2 0.033∗∗ 2.2 −0.003 −0.2 −0.002 −0.1
𝑀𝑡−3 −0.062 −1.5 0.000 0.0 −0.001 0.0 −0.002 −0.2 −0.001 −0.1
𝑀𝑡−4 0.075∗ 1.9 0.002 0.1 0.019 1.2 0.008 0.5 −0.012 −0.9
𝑀𝑡−5 0.031 0.8 0.035∗∗ 2.0 −0.015 −1.0 0.016 1.1 0.006 0.4

Panel C: Pessimism index

1930–1944 1945–1959 1960–1974 1975–1989 1990–2005

Coeff. t -stat. Coeff. t -stat. Coeff. t -stat. Coeff. t -stat. Coeff. t -stat.

𝑀𝑡−1 −0.223∗∗∗ −5.1 −0.097∗∗∗ −4.9 −0.023 −1.3 −0.018 −1.2 −0.025 −1.6
𝑀𝑡−2 0.020 0.5 0.021 1.1 0.025 1.6 0.004 0.3 0.000 0.0
𝑀𝑡−3 −0.022 −0.5 −0.001 −0.1 −0.009 −0.6 0.005 0.3 −0.001 0.0
𝑀𝑡−4 0.070∗ 1.8 0.009 0.5 0.019 1.2 0.013 0.9 −0.012 −0.8
𝑀𝑡−5 0.017 0.4 0.031 1.8∗ −0.027∗ −1.8 0.006 0.4 −0.008 −0.5

This table reports the estimated coefficients 𝛽𝑀 of the model:

𝑅𝑡 = 𝛽𝑀𝑠(𝑀𝑡) + 𝛾𝑠(𝑅𝑡) + 𝜓𝑠(𝑅2
𝑡 ) + 𝜂 𝑋𝑡 + 𝑢𝑡 .

for 5 different time sub-samples. For more details, see Table A.2. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

It seems therefore likely that the increased competition of more timely media sources, such as TV and the internet, is contributing
o this decline (for more discussion, see Section 5.4).

Appendix B. Expressions to identify concurrent events

In Table B.1, we present the expressions we use to identify concurrent events in the SA articles published during U.S. trading
hours, along with their occurrence in the random sample of 100 articles, as well as in the total population. We also present in
Fig. C.1 an example of a SA article published during U.S. trading hours which we identify to cover concurrent events.

Table B.1
Expressions to identify concurrent events.

Expression Sample Population Fraction

This morning 9 2,863 12.23%
Pre-market 3 999 4.27%
Pre-game 2 279 1.19%
The European morning 1 10 0.04%
Early afternoon trading 1 8 0.03%
In overnight trading 1 107 0.46%
Intra-day 1 198 0.85%
Premarket 1 433 1.85%
Earlier today 1 97 0.41%
Finished higher today 1 28 0.12%
At the moment 1 983 4.20%
At the time of the writing 1 3 0.01%
Closed higher today 1 2 0.01%
Finished lower today 1 21 0.09%
Closed lower today 1 4 0.02%

Total 100 23,414

The table presents the expressions used to identify concurrent events, along with their occurrence in the
random sample of 100 Seeking Alpha (SA) articles, as well as in the total SA population.
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Fig. C.1. Sample article of the Today’s Market section on Seeking Alpha. The underlined text indicates expressions used to identify articles that refer to concurrent
events.

Appendix C. Macro-economic announcements

In this appendix, we present an overview of the macroeconomic announcements that we use when assessing the impact of reverse
causality on our results. Table C.1 provides information on the six U.S. macroeconomic variables, including data source, frequency,
and total number of observations from 2005 to 2020. While GDP data are quarterly, GDP estimates are updated on a monthly basis.
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Table C.1
Summary of U.S. macroeconomic announcements (2006–2020).

GDP PPI CPI UR RS TB

Panel A: Information

Source BEA BLS BLS BLS Census BEA
Frequency Quarterly Monthly Monthly Monthly Monthly Monthly
Number of announcements 177 180 180 180 180 177

Panel B: Number of announcements (by day of the week)

Monday 1 0 2 4 16 0
Tuesday 15 55 31 1 39 34
Wednesday 33 42 62 0 38 39
Thursday 72 45 41 5 34 55
Friday 56 38 44 170 53 47

Panel A provides an overview of the macro-economic announcements, including the data source, frequency, and total number of observations from 2005 to
2020. The six announcements are Gross Domestic Product (GDP), Producers Price Index (PPI), Consumer Price Index (CPI), Unemployment Rate (UR), Retail
Sales Growth (RS), and Trade Balance (TB). BEA is the U.S. Bureau of Economic Analysis, BLS is the Bureau of Labor Statistics, and Census is the U.S. Census
Bureau. We only consider announcements on trading days in the U.S. (a few announcements have been made on the weekend). Panel B provides the number
of announcements made by the day of the week.

Most macro-economics announcements, such as PPI and RS, are well distributed throughout the week. The unemployment rate
s typically announced on Friday. Also, macroeconomic announcements are rare on Mondays.

Appendix D. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.finmar.2025.100970.
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