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Abstract 

Mass media sentiment of financial news significantly influences investment decisions of investors. 

Hence, studying how this sentiment emerges is important. In years past this was straightforward, often 

dictated by journalists who cover financial news, but this has become more complex now. In this 

paper we focus on how social media sentiment affects mass media sentiment. Using data from Sina 

Weibo and Sina Finance (around 60 million weibos and 6.2 million news articles) we show that social 

media does influence mass media sentiment emergence for financial news. The sentiment consistency 

between social media reaction and prior news articles amplifies the persistence of mass media 

sentiment over time.  By contrast, we found limited evidence of social media reducing the persistence 

of mass media sentiment over time. The results have significant implications for understanding how 

two types of media, treated separately in the literature, may be connected. 
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1. INTRODUCTION 

Sentiment is an important driver of investment decisions in the stock market (Deng, Huang, Sinha, 

& Zhao, 2018; Huang, Jiang, Tu, & Zhou, 2015). Mass media has long been the main source of this 

sentiment in the financial markets. Based on this link, many scholars have explored how mass media 

sentiment affects stock market performance (Tetlock, 2007, 2014; Tetlock, Saar-Tsechansky, & 

MacSkassy, 2008). For example, using deep leaning techniques to tap into stock-relevant news, Hu et 

al. (2018) tried to predict stock trends. Tetlock (2007) recorded the different reactions of Dow Jones 

returns to negative sentiment in mass media short-term versus long-term. Tetlock et al. (2008) further 

focused on negative words in firm-specific news and found that such negative sentiment predicts firms’ 

low financial performance. But how does mass media sentiment about financial news emerge? In years 

past this was primarily driven by how reporters covered the news, but in recent years this has become 

more complex due to the role of social media. In this paper we examine exactly how social media 

impacts mass media sentiment in financial markets.  

The sentiment expressed in mass media is certainly not easy to predict, even in a seemingly 

objective context such as financial news. Even in cases where the information about a stock is the 

same, the sentiment of mass media articles can be different. For instance, Alphabet, the parent 

company for Google, released its Q3 financial earnings on Oct 28, 2019. The Independent, a journal 

based in London, reported this announcement in a positive light: “Alphabet results: Google parent 

company announces 20 percent revenue increase.” By contrast, some journals marked the same news 

as negative, including Business Insider, who entitled the report “Alphabet's Q3 earnings missed the 

Street's expectations by a mile.”  

Why does this happen? The fact that reader preferences are important (Mullainathan & Shleifer, 

2005) suggests that social media might play a role in mass media sentiment emergence. In particular, 

Mullainathan and Shleifer (2005) argued that readers prefer to see news that are consistent with their 

prior beliefs and mass media may slant their news articles’ sentiment to cater to such preference of 

readers.  

Following this conceptual argument from Mullainathan & Shleifer (2005), we further argue, social 

media may act as a sentiment filter in affecting mass media sentiment in the stock market context. That 

is, social media reacts to news reports and modifies (amplifies or reduces) the persistence of mass 

media sentiment on the same topic over time. Based on this “demand-driven media bias” as illustrated 

by Mullainathan & Shleifer (2005) and Gentzkow & Shapiro (2010), and other alternative explanations 

(see Section 3 for details), there could be two competing mechanisms for the sentiment filter role. 
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One is this media bias: mass media caters somewhat to readers’ preferences in setting the sentiment 

of news articles. The other is a mechanism of mass media where it evaluates and corrects social media’s 

possible noise (for example, by rejecting rumors or correcting overreactions). In this case, given the 

same information and social media’s discussion of the information, mass media may intentionally 

correct the social media’s sentiment. This mechanism originates from the purported desire of mass 

media to pursue news objectivity. Our analysis in this paper provides important perspectives in this 

context by evaluating both mechanisms and reporting results.  

We analyzed a large and unique dataset from Sina Finance and Sina Weibo in the Chinese stock 

market. Sina Finance as a financial news platform includes almost all financial news articles available 

on the Chinese stock market. Sina Weibo is a microblogging service similar to Twitter. Our original 

dataset includes 6.2 million pieces of stock-related news and 59.36 million stock-related weibos from 

these two platforms for the years 2013 and 2014. The dataset allows us to trace the sentiment flow 

from one platform to another.  

We present strong evidence in support of social media’s filter role that is driven by the mechanism 

of “demand-driven media bias” in affecting mass media sentiment. Our results provide clear evidence 

for the amplifying filter role: the sentiment consistency between social media reaction and prior news 

articles amplifies the persistence of mass media sentiment over time. We found only limited, if any, 

evidence for the reducing filter role.   

 

2. LITERATURE REVIEW 

2.1 Media Biases 

Mass media typically claim themselves as objective information channels. However, literature has 

shown that mass media may have a bias (Gentzkow, Shapiro, & Stone, 2015; Puglisi & Snyder, 2015). 

This also holds in the stock market, often considered a utilitarian setting and less subject to any media 

bias (Tetlock, 2007, 2015). There are two sources of media bias, which we discuss below.  

The first is caused by supply-side factors, such as pressure from ownership and governments 

(Ansolabehere, 2006; Larcinese, Puglisi, & Snyder, 2011; Puglisi & Snyder, 2015). For example, Ahern 

and Sosyura (2014) argued that “the timing and content of financial media coverage may be biased by 

firms seeking to manipulate their stock price.”. Dougal et al. (2012) found evidence that journalists’ 

characteristics (e.g., optimism/pessimism about the market, experience, education, and industry 

expertise) are associated with the quality of their financial news articles. Reuter and Zitzewitz (2006) 

found that some personal finance publications more frequently recommend a mutual fund that spends 
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more on advertising, while this mutual fund does show better post-recommendation returns. The 

authors further concluded that the independence of mass media is compromised by the advertising. 

If these were the only factors, mass media sentiment emergence should be treated as random and 

exogenous. 

The second media bias may be conceptualized as demand-driven media bias. Due to competition, 

media outlets compete for viewership in an effort to increase advertising revenues. Therefore, they 

may report the same information set with different sentiments catering to different audience groups 

(Gentzkow & Shapiro, 2010; Mullainathan & Shleifer, 2005). Our paper is more aligned with this 

stream of the literature and presents compelling evidence for this in the stock market.  

To the best of our knowledge, there is no empirical evidence from prior literature on demand-

driven media bias in the stock market. For investors, demand-driven media bias can be even more 

dangerous than supply-driven bias in the stock market. The supply-driven bias is generated randomly 

and the bias can decrease with the increasing competition (Gentzkow & Shapiro, 2008). By contrast, 

demand-driven media bias may be persistent and possibly lead to market bubbles and crises because 

it is caused by bias from investors, who consequently reinforce their bias by reading biased mass media 

news that they caused in the first place, creating an echo chamber effect.  

 

2.2 The Role of Social Media in Financial Markets 

There is also a large body of work showing how social media affects investors. Broadly, this 

suggests that social media may provide information to investors, but also plays an important role in 

investor sentiment. 

One stream of work in this context relates to “information”. It argues that social media 

reveals information that is unobtainable from traditional mass media on how customers perceive a 

firm’s product and brand performance, both of which are associated with a firm’s fundamental value 

(Luo, Zhang, & Duan, 2013). This stream of literature does not argue that social media affects its 

users, but serves as a proxy for a source of fundamental information. 

A second stream of literature relates to “sentiment”. It argues that social media affects users 

directly as social media users may be individual investors. For example, Deng et al. (2018) explicitly 

argued that social media captures the sentiment of market participants. They proposed that social 

media information, especially at the hourly level, drives social media users to incorrectly react in the 

stock market. An abundance of finance literature also claims this mechanism (Dong & Gil-Bazo, 2020; 

Renault, 2017). For example, Renault (2017) documented that the association between social media 
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and stock returns is mainly driven by the sentiment of novice traders. Another example shows that 

social media sentiment can affect bitcoin prices as social media users may be trading bitcoins (Mai, 

Shan, Bai, Wang, & Chiang, 2018).  

The emerging consensus here is that, not surprisingly, social media sentiment directly affects social 

media users. Our paper follows this stream of literature and defines social media sentiment as 

representing the sentiment of market participants. Accordingly, our paper provides a different 

mechanism for how social media affects the stock market. We argue that there may be a flow of 

sentiment from social media to mass media. Our focus here is on the impact of social media sentiment 

on the sentiment of the news, not that on the information content in the news. Consequently, by 

affecting future mass media sentiment, social media sentiment not only affects its own users but also 

affects mass media readers, a much larger group.  

 

3. HOW SOCIAL MEDIA AFFECTS MASS MEDIA SENTIMENT 

How does social media affect mass media sentiment? In general, social media may play two roles 

in affecting mass media sentiment emergence: 1) acting as a sentiment generator, and 2) acting as a 

sentiment filter. As a generator, social media could create new sentiment, which mass media later 

reports. As a filter, social media reacts to news reports and modifies (amplifies or reduces) the 

persistence of mass media sentiment on the same topic over time. Pew Research (2019)1 showed about 

43% of American adults receive, share and comment on news from Facebook.  

In a general market, mass media may monitor the sentiment of social media events and set the 

sentiment of news articles on related topics – this is the sentiment generator role of social media. For 

example, in the entertainment industry, mass media monitors the emotions of fans of certain 

celebrities and report news on these celebrities using the same suggested sentiment (Liang & Shen, 

2016), in part to attract more eyeballs and thus more advertising revenues.  

However in the financial market, mass media plays a dominant role in diffusing sentiment (Ahern 

& Sosyura, 2015; Tetlock, 2015). Hence we posit that it is unlikely for social media to act as a sentiment 

generator for financial news. Therefore, in this paper, we focus on the other more apparent sentiment 

role of social media in the financial market, which serves a sentiment filter: social media may discuss the 

prior news articles, developing a sentiment; mass media may react to this sentiment in setting the 

 
1 https://www.pewresearch.org/fact-tank/2019/05/16/facts-about-americans-and-facebook/ 
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sentiment of later news articles on the same topic. If this is the case, future mass media articles on the 

same stock/topic will reflect the new curated sentiment. 

In the next two subsections, we argue that social media amplifies or reduces the persistence of 

mass media sentiment over time, driven by two possible mechanisms. One mechanism argues mass 

media plays a role in information diffusion by catering to their readers’ preferences. The other 

mechanism argues mass media may play a role to correct misinformation in social media in the stock 

market.  

 

3.1 Mechanism #1: Demand-driven Media Bias 

In the first mechanism, mass media is driven by the demand of readers – this is the theoretical 

argument of “demand-driven media bias” (Gentzkow & Shapiro, 2010; Mullainathan & Shleifer, 2005). 

People are subject to some psychological vulnerabilities, known as bounded rationality (Simon, 1982). 

In particular, people may experience psychological stress when they receive information that is 

contradictory to their existing opinions and, therefore, they may prefer information that confirms their 

previous beliefs, known as “cognitive dissonance theory” or “confirmation bias” (Festinger, 1957; 

Park, Konana, Gu, Kumar, & Raghunathan, 2013). In order to attract readers’ attention and increase 

the viewership of the news articles, which can further attract advertising revenues, mass media outlets 

may want to provide news sentiment that is consistent with readers’ beliefs, which can be proxied and 

traced by social media (Mullainathan & Shleifer, 2005).  

In other words, the desire to attract viewership leads mass media outlets to slant news sentiment 

toward catering to social media sentiment. For example, as cognitive dissonance theory shows, people 

are more likely to comment and share sentiment that they agree with (Harmon-Jones & Mills, 2004). 

Such sentiment consistency between mass media sentiment and social media sentiment can amplify 

the mass media sentiment persistence over time. In other words, mass media sentiment at t-1 is more 

persistent toward t when mass media sentiment at t-1 and social media sentiment at t-1 are consistent 

(both positive or both negative). On the other hand, if social media users disagree with news sentiment, 

such disagreement can reduce the mass media sentiment persistence. That is, mass media at t-1 is less 

persistent toward t  when mass media sentiment at t-1 and social media sentiment at t-1 are inconsistent 

(one is positive and the other is negative, or vice versa).  
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3.2 Mechanism #2: Mass Media Correcting Social Media’s Noisy Reaction to Prior News 

Motivated by recent studies on rumors and fake news (Allcott & Gentzkow, 2017; Shu, Sliva, 

Wang, Tang, & Liu, 2017; Vosoughi, Roy, & Aral, 2018), we argue that in the second mechanism 

social media users may intentionally or accidentally spread rumors or fake news in response to the 

news articles of certain companies or stocks reported from mass media professionals. Previous 

literature documented that social media diffuses non-fundamental information, defined as any 

information that is not associated with the fundamental value of the company (Deng et al., 2018; Jiao, 

Veiga, & Walther, 2020).  Mass media with the purpose of providing objective information may work 

to correct social media sentiment: when social media users overreact or underreact to mass media 

sentiment at t-1, mass media sentiment at t may be inconsistent with social media sentiment at t-1 as 

mass media attempts to correct/reduce the perceived incorrect social media sentiment at t-1. In this 

mechanism, we predict a different result of the filter role: mass media sentiment persistence over time 

(from t-1 to t) increases (decreases) when mass media sentiment at t-1 and social media sentiment at t-

1 are inconsistent (consistent).  

Both mechanisms above predict that social media plays a sentiment filter role, having two subroles: 

the amplifying filter role and the reducing filter role and suggesting the impact on mass media 

sentiment emergence, but with different directions. Therefore, we propose two sets of competing 

hypotheses (see Table 1). The first set (H1a and H1b) is motivated by “the demand-driven media bias” 

argument. The second set (H2a and H2b) is motivated by the “mass media correcting social media’s 

noises” argument, as described above.  

H1a. The sentiment consistency between social media reaction and prior news articles (both positive 

or both negative) amplifies the persistence of mass media sentiment over time.   

H1b. The sentiment inconsistency between social media reaction and prior news articles (one positive 

and the other negative, or vice versa) reduces the persistence of mass media sentiment over time.   

H2a. The sentiment inconsistency between social media reaction and prior news articles (one positive 

and the other negative, or vice versa) amplifies the persistence of mass media sentiment over time. 

H2b. The sentiment consistency between social media reaction and prior news articles (both positive 

or both negative) reduces the persistence of mass media sentiment over time.   
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Table 1. Two Sets of Competing Hypotheses for the Sentiment Filter Role of Social Media 
Hypotheses The working mechanism Brief explanation  

H1a (the amplifying filter role)  
H1b (the reducing filter role)  
 

Demand-driven media bias  Mass media slants toward readers’ 
preferences (here social media sentiment) 
in setting their news article sentiment. 

H2a (the amplifying filter role)  
H2b (the reducing filter role)  
 

Mass media correcting social 
media’s noisy reaction to 
prior news  

Assuming that social media may be a 
source of noises, mass media in the 
financial market is filtering out the noises 
and correcting any “incorrect” sentiment. 

 

 

Figure 1 illustrates the two mechanisms when mass media sentiment is positive at t-1 as an example. 

Figure 1. The Two Mechanisms (When Mass Media Sentiment at t-1 is Positive as an Example) 

Driven by the Demand-driven Media Bias Mechanism 

 

Driven by the Correcting Mechanism 
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Whichever mechanism is dominant, our research has significant implications. If the former 

mechanism is dominant (related to H1a and H1b), mass media, even in the financial market, may be 

subject to a systematic demand-driven media bias in setting sentiment, which may lead individual 

investors, who are usually the news consumers, to reinforce their (biased, if any) beliefs on stocks. If 

the latter mechanism is dominant (related to H2a and H2b), assuming that social media may be a 

source of noises, mass media in the financial market is filtering out the noises and correcting any 

“wrong” sentiment – this suggests a more unbiased role of mass media in financial markets where 

mass media strives to maintain the “correct” sentiment of news. 

 

4. DATA AND VARIABLES 

  We analyzed data from Sina Finance – a finance news platform that distributes stock-related 

news and Sina Weibo, a microblogging service in China. The two platforms are independent. The 

Chinese stock market is an ideal market for our study because most recipients of information in this 

market are individuals. According to the China Securities Depository and Clearing Corporation 

Limited, as of the end of 2014, more than 99.6% of investors in the Chinese stock market, or 72.71 

million investors, were individuals, and 85.37% of trading volume corresponded to trades of individual 

investors. Another reason is that in China, by law, companies can only release their announcements 

via mass media (for details, please see Subsection 5.2.2) – we can leverage this unique characteristic of 

the Chinese stock market to relieve the endogeneity issue, i.e., sentiment flows from mass media to 

social media, to the extent possible. All authors do not receive monetary incentives from Sina and 

claim no conflict of interest. 

 

4.1 Social Media Sentiment 

The microblogging data from Sina Weibo is from 2013 to 2014. As reported in the 2015 annual 

report of Sina, as of December 2015, Sina Weibo had 235.7 million active monthly users and an 

average of 106.3 million active daily users. Weibo is considered the most influential microblogging 

platform in China (Harwit, 2014). Sina provided us with the original sentiment data.  

Sina used Ticker and Jiancheng (literally: the short name of stocks in Chinese), to extract all weibos 

(microblogs) that mentioned Chinese stocks during 2013 and 2014. This method of using Ticker to 

identify social media posts on relevant stocks is commonly used in the literature (Da, Engelberg, & 

Gao, 2011). An interesting feature in the Chinese stock market is that Ticker is typically a series of 

numbers. We also provided some examples in Table A.5. The Tickers do not have practical meanings 
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in daily life. As such, Sina may perfectly match Weibo posts with the stocks they mentioned. We argue 

that our social media sentiment captures sentiment of market participants in the stock market, rather 

than sentiment of consumers as documented in Luo et al., (2013). Then Sina used its proprietary 

sentiment dictionary to measure the sentiment of microblogs – Sina gives a sentiment score for each 

word and sums all the scores of words that appreared in each weibo.  If the overall sentiment score 

for a weibo is positive, netural, or negative, Sina considers the weibo as positive (1), neutral (0), or 

negative (-1). We cannot retrieve the content of the Weibo posts. As such, we validated Sina’s 

sentiment measure to ensure the sentiment word dictionary that Sina used was robust. Specifically, we 

randomly selected 40,000 news items from December 2014. We used BosonNLP, a third-party 

commercial software and used in Zheng et al. (2019), to calibrate the tones of these news items. We 

found that 82.67% of the sample provided by Sina has the same sentiment as that determined by the 

third-party software.  

Our original dataset includes nearly 60 million microblogs from January 2013 to December 2014, 

each of which refers to at least one stock. There are very few weibos (around 0.007%) mentioning 

more than one stock. We dropped those observations. We also dropped 96 stocks that are delisted or 

inactive (the number of trading days is more than one third, or 161 days, of the overall trading days 

during our sample period). The final data includes 58,705,064 Weibo posts covering 2,501 stocks 

during the 2013 and 2014 period. Our dataset covers 96.3% of the stocks traded in the stock market 

(2597 stocks) and 97.8% of the market capitalization. We calculated social media sentiment the same 

way as Antweiler and Frank (2004) and Deng et al. (2018) did:  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,# = 𝑙𝑛	(
1 + 𝑃𝑊!,#

1 + 𝑁𝑊!,#
) 

where 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#	is the proxy for social media sentiment on stock i at day t, and 𝑃𝑊!,# (𝑁𝑊!,# ) is 

the number of microblogs with positive (negative) sentiment on stock i at day t.2  

 

4.2 Mass Media Sentiment 

Sina directly provided us with more than 6.2 million financial news articles for the same time 

period (2013 and 2014). We only kept the news articles mentioning stocks, which left more than 1 

million news articles in our dataset. We then dropped news articles that included more than one stock 

 
2 Following the standard financial literature (Antweiler & Frank, 2004; García, 2013), t indicates 
natural/calendar days.  
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because a news article with more than one stock may discuss the stock market rather than the 

individual stocks. We confirmed that the news articles that we dropped are at the industry and market 

level rather than at the individual stock level. Finally, our database included 462,984 news articles. This 

data processing procedure is standard in the literature (Tetlock, 2011).  

Sina Finance provided news sentiment in the same way as in how Weibo provided social media 

sentiment. That is, a news article can be positive (coded as 1), neutral (0), or negative (-1). Similar to 

the variable definition of social media sentiment, we calculated the news sentiment (“SentNews”) for 

each stock. Specifically,  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,# = 𝑙𝑛	(
1 + 𝑃𝑁!,#
1 + 𝑁𝑁!,#

) 

where	𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,# is the proxy for mass media sentiment on stock i at day t, and 𝑃𝑁!,# 	(𝑁𝑁!,# ) is the 

number of news articles with a positive (negative) sentiment on stock i at day t.  

We used stock and day to merge the two Sina datasets and the stock market data to create a panel 

dataset. We obtained the stock market data from the Resset dataset, which is a commonly used 

academic database on the Chinese market (Li, Song, & Wu, 2015). The dataset provides stock 

characteristics on the 2,501 Chinese stocks during the time period of 2013 and 2014. 

 

4.3 Differentiating Positive Sentiment from Negative Sentiment 

We differentiated positive sentiment from negative sentiment for both social media and mass 

media. We aimed to test how mass media reacts to prior social media sentiment. As such, the 

coefficient of our main variables of interests – the coefficient of the interaction term between prior 

social media sentiment and prior mass media sentiment for the sentiment filter role of social media – 

may vary depending on whether the sentiment is positive or negative (for details see the next section.) 

 Following the definitions in Sections 4.1 and 4.2, we defined positive social media sentiment 

(𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#), negative social media sentiment (𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#), positive mass media sentiment 

(𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#), and negative mass media sentiment (𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#) as the natual logarithm of one 

plus the volume of the positive (negative) Weibo posts or news articles:  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,# = 𝑙𝑛	(1 + 𝑃𝑊!,# ) 

where	𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,# is the proxy for the positive social media sentiment on stock i at day t, and 

𝑃𝑊!,# 	is the volume of positive social media posts on stock i at day t.  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,# = 𝑙𝑛	(1 + 𝑁𝑊!,# ) 
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where	𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,# is the proxy for the negative social media sentiment on stock i at day t, and 

𝑁𝑊!,# 	is the volume of negative social media posts on stock i at day t.  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,# = 𝑙𝑛	(1 + 𝑃𝑁!,#) 

where	𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,# is the proxy for the positive mass media sentiment on stock i at day t, and 

𝑃𝑁!,# 	is the volume of positive mass media news articles on stock i at day t.  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,# = 𝑙𝑛	(1 + 𝑁𝑁!,#) 

where	𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,# is the proxy for the negative mass media sentiment on stock i at day t, and 

𝑁𝑁!,# 	is the volume of negative mass media news articles on stock i at day t. 

All variables’ definitions, summary statistics, and correlations can be found in the Appendix. In 

Panel A of Table A.4 in the Appendix, we provided the distribution of Weibo posts and News articles 

across the stocks. In Panel B, we gave examples of the top 10 stocks mentioned in Weibo posts and 

news articles during our sample period.  

 

5. METHODOLOGY AND RESULTS 

We examined how social media sentiment moderates the persistence of mass media sentiment 

over time. Specifically, we regressed mass media sentiment at t on mass media sentiment at t-1, social 

media sentiment at t-1, and their interaction terms. To relieve the endogeneity issue to the extent 

possible, we focused on a scenario where mass media sentiment at t-1 is calculated using companies’ 

announcements in the media at t-1 because, in China, by law, companies’ announcements should first 

be published through mass media as mentioned above. In other words, mass media sentiment of 

announcements at t-1 when the announcements were published for the first time should be irrelevant 

to mass media sentiment at t-2 and social media sentiment at t-2. Therefore, announcements can be 

viewed as external shocks in our setting. In the following subsections, we present the details of our 

tests.  

 

5.1 Methodology 

For analysis, we tested the following model.  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,# = 𝛼! + 𝛼# + 𝛽$𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#%$ × 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#%$ + 𝛽&𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#%$ ×

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#%$ + 𝛽'𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#%$ × 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#%$ + 𝛽(𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#%$ ×

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#%$ + 𝛽)𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#%$ + 𝛽*𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#%$ + 	𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝜀!,#       (1) 
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Where 𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#	is mass media sentiment on stock i at day t; 𝛼! and 𝛼# are stock fixed effects 

and day fixed effects; 	𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#%$  is the positive mass media sentiment on stock i at t-

1;	𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#%$ is the negative mass media sentiment on stock i at t-1;	𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#%$ is the 

positive social media sentiment on stock i at day t-1; 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#%$ is the negative social media 

sentiment on stock i at day t-1. Positive and negative social media sentiment at t-1 

(𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#%$, 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#%$ ), social media sentiment at t-2 and t-3 (𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#%& , 

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#%'), and mass media sentiment at t-2 and t-3 (𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#%& , 𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#%') are 

control variables. The reason of controlling for social media sentiment at t-2 and t-3 is that we want 

to include at least one control variable from the trading days (e.g., the Mondays sample should include 

the sentiment on Fridays). The standard errors are clustered at the stock and day level.  

Social media’s sentiment filter role suggests that social media may amplify or reduce the persistence 

of mass media sentiment over time. Specifically, to explain the equation in detail, we used the working 

mechanism where demand-driven media bias is functioning as one example: the amplifying filter role 

suggests 𝛽$ in Equation 1 to be positive and 𝛽( to be negative – as past social media sentiment is 

positive (negative) and past mass media sentiment is positive (negative), future mass media sentiment 

is also more positive (negative) – mass media sentiment is more persistent over time. The reducing 

filter role suggests that 𝛽& is positive and 𝛽' is negative – as past social media sentiment is positive 

(negative) and past mass media sentiment is negative (positive), future mass media sentiment is less 

negative (less positive), which is more conflicting with past mass media sentiment.   

Figure 2 conceptually demostrates our predictions driven by the demand-driven media bias 

mechanism. Here when social media sentiment at t-1 and mass media sentiment at t-1 are consistent 

(both positive or both negative), the persistence of mass media sentiment (from t-1 to t) is amplified, 

with future mass media sentiment being more positive or more negative. Otherwise, the persistence 

of mass media sentiment over time is reduced. Please note in this figure we only focused on the slope 

changes (positive changes or negative changes) and did not need to clarify the intercepts. 
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Figure 2. Conceptual Understanding of the Filter Role of Social Media  

 

The competing working mechanism is that mass media may correct social media sentiment. When 

this mechanism functions, the direction of the coefficient(s) that are explained above is opposite. 

Specifically, this mechanism predicts that the persistence of mass media sentiment over time decreases 

if past mass media sentiment and past social media sentiment are consistent, which is the reducing 

filter role. 𝛽$ is negative and  𝛽(	is positive. The mechanism also suggests that persistence of mass 

media sentiment over time increases if past mass media sentiment and past social media sentiment are 

inconsistent, which is the amplifying filter role. That is, 𝛽& is negative and 𝛽' is positive.  

Table 2 summarizes the explanations of Equation 1.  
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Table 2. Explanations of Equation 1   

𝜷  Explanation 

Expectations 
given the Demand 
-driven 
Mechanism 
(Figure 2) 

Expectations 
given the 
Correcting 
Mechanism  

Panel A: Effects from Positive Mass Media Sentiment  

𝛽) 
The persistence between mass media sentiment 
at t and positive mass media sentiment at t-1 
(main effect) 

+ + 

𝛽$ 
The change in the sentiment persistence because 
of positive social media sentiment at t-1  + − 

𝛽' 
The change in the sentiment persistence because 
of negative social media sentiment at t-1  − + 

𝛽) + 𝛽$ 

The persistence between mass media sentiment 
at t and positive mass media sentiment at t-1 
after considering positive social media sentiment 
at t-1 

++ (amplifying) +− (reducing) 

𝛽) + 𝛽' 

The persistence between mass media sentiment 
at t and positive mass media sentiment at t-1 
after considering negative social media 
sentiment at t-1 

+− (reducing) ++ (amplifying) 

Panel B: Effects from Negative Mass Media Sentiment  

𝛽*  
The persistence between mass media sentiment 
at t and negative mass media sentiment at t-1 
(main effect) 

− − 

𝛽& 
The change in the sentiment persistence because 
of positive social media sentiment at t-1 + − 

𝛽( 
The change in the sentiment persistence because 
of negative social media sentiment at t-1 − + 

𝛽* + 𝛽& 

The persistence between mass media sentiment 
at t and negative mass media sentiment at t-1 
after considering positive social media sentiment 
at t-1 

−+ (reducing) −− (amplifying) 

𝛽* + 𝛽( 

The persistence between mass media sentiment 
at t and negative mass media sentiment at t-1 
after considering negative social media 
sentiment at t-1 

−−  (amplifying) −+ (reducing) 
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5.2 Results 

5.2.1 Main Analysis 

      We started our analyses using all the data. We documented evidence on two effects – both 

amplifying and reducing – which confirms the working mechanism of the demand-driven media bias 

for the sentiment filter role of social media, suggesting that H1a and H1b were both supported, 

therefore H2a and H2b were rejected (See Colum 1 of Table 3): the persistence of mass media 

sentiment (from t-1 to t: both positive or both negative) is stronger when social media sentiment at t-

1 is also consistent with mass media sentiment at t-1 (both positive or both negative; 𝛽$ =

0.0256, p < 0.01; 𝛽( = −0.0430, p < 0.01), which confirms the amplifying filter role of social 

media; and the persistence of mass media sentiment (from t-1 to t: both positive or both negative) is 

weaker when social media sentiment at t-1 is conflicting with mass media sentiment at t-1 (positive 

and negative, or negative and positive; 𝛽& = 0.0141, p < 0.01; 𝛽' = −0.0079, p < 0.05), which 

confirms the reducing filter role of social media. The values of fixed effects of the first three stocks in 

our sample (Tickers: 000001, 000002, 000004) are 0.4921, 0.9901 and 0.0263. We also reported the 

mean of Variance Inflation Factors for our regressions to make sure that there is no issue of 

multicollinearity in our data analysis. All individual VIFs are below 10, the threshold documented in 

Kennedy (2008, pp 199).  

We acknowledge that there is an endogeneity issue in this analysis. One example is that sentiment 

flows from mass media to social media, a more common scenario. The current analysis does not 

exclude this possibility. In the following subsections, we aim to relieve this endogeneity issue to the 

extent possible.  
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Table 3. Estimation Results 
 (1)  (2)  (3)  (4) 

 Section 5.2.1  Section 5.2.2  Section 5.2.3  Section 5.2.4 

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#$% 

0.0257 ***  0.0197 ***  0.0167 ***  0.0199 *** 

(0.0020)   (0.0021)   (0.0030)   (0.0052)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#$% 

0.0131 ***  0.0106 **  0.0108    -0.0131 
 

(0.0034)   (0.0047)   (0.0074)   (0.0135) 
 

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#$% 

-0.0079 ***  -0.0017   -0.0081   -0.0129 * 

(0.0024)   (0.0037)   (0.0055)   (0.0075)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#$% 

-0.0413 ***  -0.0281 ***  -0.0320 ***  -0.0205 * 

(0.0033)   (0.0044)   (0.0102)   (0.0123)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$% 
0.1104 ***  -0.0102  ***  -0.0034 

  
-0.0213 * 

(0.0054)   (0.0036)   (0.0037) 
  

(0.0113) 
 

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$% 
-0.0609 ***  0.0047   0.0071 

  
0.0435 

 

(0.0068)   (0.0070)   (0.0081) 
  

(0.0271) 
 

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#$% 
0.0072 ***  0.0170 ***  0.0149 ***  0.0122 *** 

(0.0005)   (0.0007)   (0.0006)   (0.0009)  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#$% 
0.0003 

  
-0.0028 ***  -0.0029 ***  -0.0062 *** 

(0.0006) 
  

(0.0009)   (0.0007)   (0.0010)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#$& 
0.0029 *  0.0271 ***  

 
  

 
 

(0.0017)   (0.0019)   
 

  
 

 

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#$' 
0.0216 ***  0.0235 ***  

 
  

 
 

(0.0018)   (0.0019)   
 

  
 

 

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#$& 
0.0005 

  
0.0001 

  
-0.0012 ***  -0.0007 

 

(0.0003) 
  

(0.0004) 
  

(0.0003)   (0.0006) 
 

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#$' 
0.0013 ***  0.0008 **  0.0007 **  0.0019 *** 

(0.0003)   (0.0003)   (0.0003)   (0.0005)  

Stock Fixed Effects Yes   Yes   Yes   Yes  

Day Fixed Effects Yes     Yes     Yes     Yes   

Obs 1,818,2273   1,818,227   1,466,035   340,205  

Adj. R^2 0.1413   0.1193   0.0414   0.0425  

VIF 3.28     2.2     2.14     2.95  

Note: *p<0.10, **p<0.05, ***p<0.01. The standard errors are reported in the parentheses. The standard 
errors are clustered at the stock and day level. In Columns 2 through 4, 𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$%	and 	
𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$%	are calculated based on the announcements in the media at t-1.  

 

 

 

 
3 1,818,227 observations = 2501 stocks × (365 days per year x 2 years – 3 days), where the missing 
three days are due to the 3-day lagged control variables. 
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5.2.2 Analysis with SentNews at t-1 as the Sentiment of Announcements in the Media at t-1 

In this subsection, we focused on a specific scenario to relieve this endogeneity issue. In China, 

by law, companies’ announcements should first be published through mass media. The Act 6 of the 

Administrative Measures on Information Disclosure by Listed Companies (China Securities 

Regulatory Commission, 2008) explicitly states that “the information discloser cannot publish new 

information in its company webpage or through other channels before the designated mass media…” 

In other words, company announcement should not be known by the public before it is released in 

mass media. Mass media sentiment of announcements at t-1 when the announcements were published 

for the first time should be irrelevant to mass media sentiment at t-2 and social media sentiment at t-

2. Therefore, announcements can be viewed as external shocks in our setting.  

We recalculated mass media sentiment at t-1 with announcements, and we reran the above analysis 

in Equation 1. Column 2 in Table 3 records our results. We found that as positive (negative) social 

media sentiment at t-1 and positive (negative) mass media sentiment reporting announcements at t-1 

increase, mass media sentiment at t turns to be more positive or more negative (𝛽$ = 0.0197, p <

0.01 ; 𝛽( = −0.0281, p < 0.01 ). This suggests the amplifying filter role of social media as 

documented in H1a.  

Interestingly, we did not find strong evidence for the reducing filter role of social media. The 

coefficients of the interaction terms between negative (positive) mass media sentiment reporting 

announcements at t-1 and positive (negative) social media sentiment at t-1 are not as significant as the 

amplifying filter role, although the direction of the coefficients is consistent with our prediction (𝛽& =

0.0106, p < 0.05 ; 𝛽' = −0.0017, p > 0.10 ). Therefore, we confirmed that H1b was partially 

supported.  

One concern of our results in this subsection is whether these results are affected by the diffusion 

speed of information. For example, social media users at t-1 may still react to prior firm 

announcements in the media (at t-2). We re-ran the regression using the announcements at t-2 and 

social media posts at t-1. Consistently, we found evidence for the amplifying filter role but not clear 

evidence for the reducing filter role.   

 

5.2.3 Analysis with SentNews at t-1 as the Sentiment of Announcements in the Mass Media at t-1 

& No Mass Media Coverage at t-2 or at t-3 

In subsection 5.2.2, we used the sentiment of announcements in the mass media at t-1 as a proxy 

of mass media sentiment at t-1. Because announcements are published by companies via the media, 
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past mass media sentiment or past social media sentiment is irrelevant. However, social media 

sentiment at t-1 might not react to the sentiment of the announcements; rather it might react to the 

news articles at t-2. Put differently, both mass media sentiment at t and social media sentiment at t-1 

are driven by mass media sentiment at t-2. To address this concern and to further address the 

endogeneity issue, we focused on a scenario when there is no mass media coverage at t-2 and t-3. We 

reran the regression and reported the results in Column 3. We found very similar results as in 

Subsection 5.2.2: 𝛽$  (𝛽( ) is significant and positive (negative) (𝛽$ = 0.0167, p < 0.01 ; 𝛽( =

−0.0320, p < 0.01), consistent with our prediction of the amplifying filter role of social media driven 

by the demand-driven media bias argument. Therefore, H1a was supported. 𝛽&  and 𝛽'  are not 

statistically siginicant. We did not find evidence supporting H1b.  

 

5.2.4 Analysis with SentNews at t-1 as the Sentiment of Announcements in the Mass Media at t-1 

& No Mass Media Coverage at t-2 or at t-3 & Social Media Sentiment at t-1 in the Opposite 

Direction of the Sentiment of the Stock Performance 

In this subsection, we aim to further address the endogeneity issue: both social media sentiment 

at t-1 and mass media sentiment at t may be affected by the stock market at t-1. As such, the association 

in our analysis may be driven by stock return at t-1. That is, social media sentiment at t-1 might not 

react to the sentiment of the announcements in the media (mass media sentiment at t-1); rather it 

might react to the sentiment of the relevant stock performance on the same day.  

Therefore, we focused on the scenario where first social media sentiment on the relevant stock’s 

company mentioned in the announcement at t-1 was in the opposite direction of the stock 

performance sentiment at t-1; and second there was no news coverage on the relevant stock at t-2 and 

at t-3. The logic here is to find observations where the stock market and the social media express 

different sentiments. By doing so, we relieve the endogeneity issue.  

We repeated the analysis in Column 3 and presented our results in Column 4 in Table 3. As the 

positive (negative) social media sentiment at t-1 and positive (negative) mass media sentiment 

reporting announcements at t-1 increases, mass media sentiment at t will increase to be more positive 

or decrease to be more negative (𝛽$ = 0.0199, p < 0.01; 𝛽( = −0.0205, p < 0.1). Therefore, we 

confirmed that H1a was supported. Similar to the previous tests, we did not find evidence for the 

reducing filter role of social media. The coefficients of the interaction terms between negative (positive) 

mass media sentiment reporting announcements at t-1 and positive (negative) social media sentiment 

at t-1 are not statistically significant. Here, H1b was not supported.  
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To summarize, we found strong evidence for the amplifying filter role of social media driven by 

the mechanism of “demand-driven media bias”. However, the reducing filter role driven by the same 

mechanism is unclear – there is limited evidence. Therefore, consistently, H1a was supported, and 

inconsistently, H1b was supported. Accordingly, H2a and H2b were both rejected. 

 

5.3 Robustness Tests 

In this section, we ran several robustness tests to make sure that our results are not biased 

because of our choices. The first concern is that our mass media sentiment is estimated using news 

articles that only mentioned one stock each, following the standard financial literature (Tetlock, 

2011). As such, we dropped more than half of the news articles. To relieve this concern, we ran a 

robustness test, in which we used all news articles, even if some of them each mentioned several 

stocks. Column 1 in Table 4 reports the results. Second, in the main regression, we controlled for 

both social media sentiment and mass media sentiment at t-2 and t-3. They may affect the main 

results. Therefore, in this robustness test, we did not control for these control variables. The results 

are reported in column 2 in Table 4. Third, another concern is about how we dealt with sentiment 

during the weekends, when there is no trading. We ran two robustness tests to relieve this concern. 

In the first test, we kept the observations on days from Tuesdays to Fridays, which do not involve 

the weekend sentiment. In the second test, following Deng et al. (2018), we combined the social 

media sentiment (and the news sentiment) during the weekends with those on Fridays (reported) or 

on Mondays (unreported). The results of two robustness tests are reported in Columns 3 and 4 in 

Table 4. The results are consistent to the results in Table 3.  
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Table 4. Estimation Results for Robustness Tests 
 (1)  (2)  (3)  (4) 

 All news  
Without 

sentiment at t-
2 and t-3 

 From Tuesday 
to Friday 

 

Sentiment on 
Fridays 

include that on 
Fridays and 
Weekends 

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#$% 

0.0145 ***  0.0258 ***  0.0248 ***  0.0239 *** 

(0.0021)   (0.0020)   (0.0020)   (0.0018)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#$% 

0.0077 **  0.0133 ***  0.0134 ***  0.0173 *** 
(0.0030)   (0.0034)   (0.0040)   (0.0036)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#$% 

-0.0013   -0.0077 ***  -0.0086 ***  -0.0037  

(0.0018)   (0.0024)   (0.0027)   (0.0024)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$%
× 𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#$% 

-0.0528 ***  -0.0421 ***  -0.0431 ***  -0.0409 *** 
(0.0033)   (0.0033)   (0.0039)   (0.0037)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑃!,#$% 
0.2073 ***  0.1112  ***  0.1372 ***  0.1042 *** 

(0.0066)   (0.0054)   (0.0056)   (0.0053)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠𝑁!,#$% 
-0.0696 ***  -0.0613 ***  -0.0677 ***  -0.0549 *** 

(0.0070)   (0.0069)   (0.0082)   (0.0075)  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑃!,#$% 
0.0368 ***  0.0082 ***  0.0093 ***  0.0102 *** 

(0.0023)   (0.0005)   (0.0006)   (0.0006)  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜𝑁!,#$% 
0.0074 ***  0.0000   -0.0001   0.0010  

(0.0017)   (0.0006)   (0.0007)   (0.0007)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#$& 
-0.0037 *     0.0111   0.0020  

(0.0022)      (0.0023)   (0.0022)  

𝑆𝑒𝑛𝑡𝑁𝑒𝑤𝑠!,#$' 
0.0375 ***     0.0262   0.0063 *** 

(0.0024)      (0.0022)   (0.0019)  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#$& 
0.0051      -0.0005   0.0008 * 

(0.0009)      (0.0005)   (0.0005)  

𝑆𝑒𝑛𝑡𝑊𝑒𝑖𝑏𝑜!,#$' 
0.0113 ***     0.0004   0.0004  

(0.0008)      (0.0004)   (0.0005)  

Stock Fixed Effects Yes   Yes   Yes   Yes  

Day Fixed Effects Yes     Yes     Yes     Yes   

Obs 1,818,227   1,818,227   1,466,035   340,205  

Adj. R^2 0.1413   0.1193   0.0414   0.0425  

VIF 3.28     2.2     2.14     2.95  

Note: *p<0.10, **p<0.05, ***p<0.01. The standard errors are reported in the parentheses. The standard 
errors are clustered at the stock and day level.  
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6. DISCUSSION  

6.1 Implications 

Our paper contributes to the literature in numerous important ways. First, we answered an 

important question: does sentiment emerge in each media type independently and perhaps 

randomly? Prior studies implicitly assumed that social media and mass media are independent 

(Dewan & Ramaprasad, 2014; Greenstein & Zhu, 2018). A recent study has shown possible spillover 

effects from social media into the broader domain (Botting, Dipper, & Hilari, 2017), we present 

evidence that mass media and social media are associated. In a utilitarian market like the financial 

market, the likelihood for mass media to follow social media in setting the sentiment of news articles 

should be low. Therefore, our findings are surprising and counterintuitive. 

Second, our findings here potentially also suggest a dark side of social media – mass media news 

is not always objective and accurate in the financial markets. This is dangerous as it opens up 

opportunities for social media to “manipulate” the media environment in the financial market and 

cause readers to have reinforced (biased) opinions, especially for investment decisions. Prior papers 

focused on the supply-factors of the media bias in this market (Ahern & Sosyura, 2014; Reuter & 

Zitzewitz, 2006). Our paper complements this literature by providing empirical evidence that 

demand-driven media bias also exists in the financial market. 

Third, our paper has strong contributions to the sentiment literature in the stock market (Deng 

et al., 2018; Luo et al., 2013; Sul, Dennis, & Yuan, 2017). There is an alternative way how social 

media sentiment affects the stock market. Social media may affect individual investors, and 

consequently, is associated with investor behaviors and stock returns. In this paper, we documented 

a different mechanism, in which social media not only affects its own users, but also affects a 

broader audience that includes mass media readers, who may later make trading decisions related to 

the stock market. 

Practically speaking, investors in financial markets need to think more critically about where the 

sentiment of the news is coming from – whether it is ‘objective’ in a sense, or only capturing 

investor opinions reflected in social media. Given our findings that reveal “demand-driven media 

bias” in a way, investors are likely better off focusing on the fundamental information underlying the 

news rather than on the sentiment presented there, if their objective is to find the fair value of firms. 

 

6.2 Limitations and Future Work 
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Our paper is made possible because of a unique opportunity that Sina.com provided us with:  

Our dataset has the full data of both platforms, Sina Finance and Sina Weibo, and enables a 

systematic look at the sentiment flow from one platform to another. Therefore, this dataset was not 

very recent – it is between 2013 and 2014. We call for studies that can replicate our findings using 

data of very recent years. 

Another generalizability issue lies in the Chinese stock market that we studied. In themselves, 

both the Chinese stock market and Chinese social media are important. One important characteristic 

of China is a tradition of news censorship. However, we do not think censorship affected our 

findings. Censorship is weaker in the stock market context than in a political setting. Second, 

censorship is applied more strongly to mass media than to social media. That is, censorship, if any, 

weakens the association between mass media and social media, meaning it would be more difficult 

to find significant results about the association.  

Some may ask if our findings can be replicated in a political setting. Individuals’ opinions on 

politics are likely to be persistent (for one party and against another), but that is not the case for 

investors’ opinions in the stock market; an investor can change his/her sentiment depending on the 

ever-changing stock price. Theoretically, in the stock market setting identifying the sentiment flow 

should be more challenging compared to that in the political setting. Future studies could examine 

the sentiment flow in other settings.  

 

7. CONCLUSION 

Mass media sentiment in financial markets can affect investor decisions and hence deserves 

careful consideration. However, there has been little investigation into exactly how mass media 

sentiment emerges for stock-related news. This paper specifically examined a question: how does 

social media sentiment affect mass media sentiment in financial markets? We argued for, and tested, 

the sentiment filter role of social media: social media may modify the persistence of mass media 

sentiment over time, either amplifying or reducing it, driven possibly by two competing mechanisms 

– (1) the mechanism of the demand-driven media bias and (2) the mechanism of mass media 

correcting social media’s noises (if any). We found evidence for the sentiment amplifying filter role 

of social media driven by the demand-driven media bias. We found limited evidence for the 

sentiment reducing filter role that is driven by the same mechanism.  
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