Asia-Pacific Financial Markets (2021) 28:397-427
https://doi.org/10.1007/510690-020-09327-z

ORIGINAL RESEARCH

®

Check for
updates

Stock Crashes and Jumps Reactions to Information Demand
and Supply: An Intraday Analysis

Gang Chu' - Xiao Li2® - Dehua Shen’ - Yongjie Zhang'

Accepted: 1T November 2020 / Published online: 9 November 2020
© Springer Japan KK, part of Springer Nature 2020

Abstract

The objective of this paper is to examine the possible linkage between the intraday
stock price crashes and jumps and public information by using data from the Chi-
nese stock market and Baidu Index. We divided public information into two kinds of
information: supply through online media and information demand across inquiries
by individual investors. Using a large sample from Chinese listed firms from 2013
to 2019, our evidence clearly indicates that online information supply and demand
both have a positive impact on the intraday crashes and jumps; this is, the firm with
higher information supply and demand more likely to experience intraday crashes
and jumps. The results are robust to an alternative measure of crash risk. Moreover,
we further examine whether the market conditions have an impact on the relation-
ship between information flow and intraday crashes and jumps, and find that the
marginal effect of information supply on intraday price crashes and jumps is smaller
in the bull market phase. Moreover, the bull market phase enhances the effect of
information demand on intraday price crashes and jumps.

Keywords Information asymmetry - Information supply - Information demand -
Intraday crashes - Intraday jumps

1 Introduction

Information is an essential part of the financial market and plays a prominent role
in asset pricing (Dyck and Zingales 2003; Boudoukh et al. 2013; Engelberg, Reed,
and Ringgenberg 2012). In perfect information efficient financial markets, prices
respond to new information immediately when it becomes available. However,
before the stock price fully reflects public information, the information needs to pass
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through the whole path of transmission, which is described by the chain of informa-
tion release, dissemination, and reception. First, firms need to release and dissemi-
nate all relevant information (information supply). Then, investors need to receive
and digest all relevant information (information demand) and include it in financial
decision-making (Wang 2018; Schroff et al. 2016). The information supply and
demand are the two key factors to drive the movement of the stock price (Vlastakis
et al. 2012; Hu et al. 2017; Chronopoulos et al. 2018).

According to the agency’s theoretical framework of Jin and Myers (2006), man-
agers have a tendency to withhold the bad news for various reasons. This causes the
information asymmetry between the inside managers and outside investors. When
the accumulative bad news reaches a threshold level, managers must release it, and
all negative firm-specific news becomes public, leading to an immediate crash. The
crash risk in security prices has attracted increasing attention in recent years. A large
amount of literature has tried to investigate the determinates of stock price crash
risk, and find it associates with several causes, such as opaque financial reports
(Hutton et al. 2009), corporate social responsibility (Kim et al. 2014), corporate tax
avoidance (Kim et al. 2011a, b), firm’s ownership by institutional investors (An and
Zhang 2013), CEO age (Andreou, et al. 2017), stock liquidity (Chang et al. 2017),
and media coverage (Aman 2013). More recently, researchers also find that stock
price crash risk is related to investor sentiment (Yin and Tian 2015), and investor
attention (Wen et al. 2019). However, to the best of our knowledge, the question of
how the diffusion process for firm-specific information released by a firm affects
intraday price movement remains unanswered.

This paper investigates the role of information supply and demand in intraday
stock price crash risk. An increasing, but still limited, many studies have investigated
the relationship between information supply, information demand, and stock pricing.
The existing literature provides limited evidence of information demand effects on
stock market volatility (Vlastakis et al. 2012), on stock returns (Wang 2018), and on
return predictability (Chronopoulos et al. 2018). However, they all focus on the nor-
mal stock returns, ignoring the extreme change of price returns. Aman (2012) exam-
ines the relationship between media and price crashes and jumps with weekly data,
but the intraday crash risk is more worth studying in the period of high-frequency
trading. Our study further explores how the daily firm-specific information supply
and demand affects intraday price crashes and jumps.

We use the data from China to complete our empirical study. There are several
reasons for using Chinese data: first, compared with Western developed coun-
tries, the Chinese stock market is dominated by individual investors. According to
Gao and Yang (2018), more than 60% of market participants are individual inves-
tors in China. On the one hand, individual investors more rely on public informa-
tion released by the corporates to make financial decisions. On the other hand, the
information demand of individual investors is easier to measure. Second, despite
regulators constantly raise the regulatory standards and try to improve the market
transparency, the investors in the Chinese financial market are still disturbed by the
issue of information asymmetry. The problems of low information quality, failure
to disclosure firm-specific information, and information fraud still exist in the Chi-
nese financial market, and these all affect stock price crashes. Thus, investigating the
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effect of information supply and demand on intraday price crash risk in the Chinese
financial market can help us understand the diffusion process of information and
improve market efficiency.

The contribution of our study is that, first, in studying the determinates of stock
price crashes at the firm level, we focus on the intraday effect. The above-mentioned
prior literature (Aman 2012; Hutton et al. 2009; Kim et al. 2014) attribute to the
effect of crashes all based on the weekly returns. In the modern trading environment,
security prices react much faster to news (Cui and Gozluklu, 2016). An increasing
number of studies investigate the price movement with intraday high-frequency per-
spective. Examples include examinations of intraday momentum (Elaut et al. 2018;
Zhang et al. 2019; Chu et al. 2019), and intraday liquidity (Mazza 2015). We employ
1-min returns data to examine the intraday extremely price change, and further
investigate the determinates of intraday price crashes and jumps. Our examinations
of the intraday crashes and jumps can be valuable for broad literature on finance
because the intraday extremely downside risk has attracted more attention in asset
pricing research (Kirilenko et al. 2017; Brogaard et al 2014).

Second, we joint use of attention forms the information supply and demand side
to examine the effect of information diffusion on intraday price crashes and jumps.
In this paper, we employ the number of articles published in the Baidu News chan-
nel as the proxy for information supply and use search data to proxy for individual
information demand. There several reasons for using Internet data: First, the internet
has made a revolution in the financial market (Antweiler and Frank 2004; Rubin and
Rubin 2010; Moussa et al. 2017). Second, Baidu is the largest Chinese search engine
in the world, and the Baidu information-collecting process is regular and credible.

Finally, we revisit the relationship among the information supply, the information
demand, and intraday price extremely changes by examining whether it varies with
the financial cycle of bull and bear markets. Gordon and St-Amour (2000) suggest
that the investors’ attitudes and preferences toward stock market risk should be more
related to bull and bear market. Several early empirical studies provide evidence
that the relationship between risk and return depends on the bull and bear market
period (Chen 1982; Wu and Lee 2015). Thus, it is interesting to examine whether
the market conditions have an impact on the relationship between information flow
and intraday crashes and jumps.

The remainder of this paper is organized as follows. Section 2 reviews the rele-
vant literature and outlines the research background. In Sect. 3, we discuss the data-
sets for measuring information supply and demand and describe the measures of
crash frequency. This section also provides a preliminary descriptive analysis. Sec-
tion 4 presents our main empirical results. The final section concludes the paper.

2 Literature Review and Hypothesis Development
2.1 The Literature on Stock Price Crash Risk

A considerable body of literature has focused on firm-level stock price crash
risk, which is defined as the negative skewness of return distributions. Those
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studies show that corporate managers often possess higher-level private infor-
mation about firm operation, asset values, and development prospects than out-
side investors. In particular, managers have a tendency to withhold or delay the
disclosure of the bad news for an extended period. This tendency mainly arises
from managerial incentives such as: keeping their own career position (Gra-
ham, Harvey, and Rajgopal 2005; Kothari et al. 2009), maintaining the esteem
of peers (Ball 2009), increasing the value of the option in short term (Kim et al
2011a). If managers successfully prevent the flow of negative information into
the market, the uninformed investor would overvalue the stock price and make
the distribution of stock returns asymmetric (Hutton et al. 2009; Kothari et al.
2009). When the accumulation of bad news reaches a threshold, all the negative
firm-specific information becomes public at once, leading to a large negative
drop in stock price.

For the determinants of crash risk, one stream of the existing literature focus
on the agency on the agency framework. Jim and Meyer (2006) argue that the
existence of information asymmetries corporate managers and outside investors
could cause crash risk. Using earnings management as a measure of opacity,
Hutton et al. (2009) find that opaque firms are more prone to stock price crashes.
Corporate tax avoidance is another technique for managing earnings and thereby
withholding bad news. Kim (2011) finds that corporate tax avoidance increases
crash risk, which is consistent with the opinion that aggressive tax strategies
allow manages to conceal negative information, thereby causing crashes. As a
non-financial reporting activity, corporate social responsibility disclosures are a
kind of voluntary disclosure tool. Kim et al. (2014) show that firms with better
corporate social responsibility have lower crash risk.

Another steam of literature relating internal corporate governance mecha-
nisms with crash risk. Better corporate governance plays an important role in
financial disclosure and reporting quality (Bedard et al. 2004; Larcker et al.
2007) and hence in reducing crash risk (Andreou et al. 2016). Chen et al. (2017)
focus on the strength of internal control on Chinese corporates and find that
high-quality internal control alleviates crash risk. Callen and Fang (2013) report
a negative relationship between institutional investor stability and stock price
crash. Xu et al. (2017) find that firms with disproportionately more analysts
herding in their coverage are associated with higher crash risk in china. Aman
(2013) investigates the linkage between stock price crashes and jumps and media
coverage by using data from Japanese stock markets and newspaper articles.
Their evidence indicates that media coverage has no effect on price jumps, but
has a positive effect on price crashes. Other determinant factors, like political
connections (Lee and Wang 2017), religiosity (Callen and Fang 2015b), stock
liquidity (Chang et al. 2017), and investors’ attention (Wen et al. 2019).

However, in the Chinese stock market, which is dominated by retail investors,
the role of retail investors’ information demand and online information supply
on intraday crash risk is not clear. This study employs high-frequency data to
extends the literature on crash risk.
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2.2 The Literature on Information Supply

Information flow plays an important role in the financial market. Many existing
studies are based on the hypothesis that market activity, such as return volatility and
trading volume, is directly related to the rate of information arrival in the market.
The link between information flow and financial market stems from the so-called
“Mixture of Distribution Hypothesis” (Clark 1973; Richardson and Smith 1994)
(DMH). The DMH provides an explanation to the observed association between vol-
atility and trading volume by requiring a joint dependence of both the volume and
return on a hidden information process.

Since the information flow cannot be directly observed, seeking a suitable proxy
for information flow is crucial when empirically study its effect on financial markets
(Vlastakis et al. 2012). Using the number of macroeconomic and firm-specific news
announcement in the Wall Street Journal, Mitchel and Mulherin (1994) find that the
displaying pattern of flow of information is consistent with the behavior of asset
prices. They also find evidence of a statistically significant relationship between
information and volume. Barber and Odean (2001) emphasize how technological
development and more internet use has an impact on financial markets. The Internet
has become the main channel to release information for listed companies, and inves-
tors also rely more on the Internet to get information for making decisions (Eran and
Amir Rubin 2010). Antweiler and Frank (2004) find that the significant effect of
web information on stock returns.

The information supply literature related to this study is on online media reports
and stock returns. Tetlock (2007) uses linguistic analysis to judge the emotion of
news article, and find that the pessimistic tone predicts downward pressure on price
and a subsequent reversal. Fang and Peress (2009) show a persistent no-media
coverage premium, hence, the stocks without media coverage have a higher cross-
sectional stock return. Aman (2013) investigates the linkage between stock price
crashes and jumps and media coverage in the Japanese stock market, and find media
coverage can induce higher crash frequency. Moussan et al. (2017) evaluate the
impact of information demand and supply on stock market return and volatility, and
find that public information effect is conditioned by the nature of disclosure. How-
ever, the relationship between the online firm-specific information supply and intra-
day extremely change of stock price has not yet been studied empirically.

2.3 The Literature on Information Demand

Information demand plays a crucial role to ensure the public information obtained
by investors and reflected in assets price in the final. Merton (1987) introduce the
concept of investor recognition and provide theoretical frameworks to study the rela-
tionship between information demand and stock markets. He finds that an increase
in investor information demand leads to positive price pressure in short-term and
lower returns in the long-term. Barber and Odean (2008) suggest that retail inves-
tors tend to search for more firms related information when selecting stocks. The
retail investors can implement their positive expectations on any company by buying
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its stock, however, their negative expectations cannot be transformed into trading
behavior because of the limitation on sell short. This provides an explanation of why
investor information demand leads to temporary upward pressure on the stock price.
Based on this evidence, several other theoretical studies highlight the importance
of information demand in investors’ trading behavior and investigate the effect of
information flow on market activity (Peng and Xiong 2006; Tetlock 2010; Latoeiro
et al. 2013).

The empirical studies in information demand remain challenging since the lack
of direct measure. Barber and Odean (2008) and Gervais (2001) use high trading
volume and extreme return as the proxies for investor attention. For the reason that
these two indirect measures are associated with the arrival of information. More
recently, Internet search queries are widely adopted in a growing number of litera-
ture. Da et al. (2011) use Google search volume to measure the individual inves-
tors’ attention and find the short-term upward price pressure on the stock market,
which is consistent with Barber and Odean (2008). Vlastakis and Markellos (2012)
find a positive relationship between information demand and trading activity and
volatility. Aouadi et al. (2013) find that Google search volume is a reliable proxy of
investor attention and suggest that investor attention is strongly correlated to trad-
ing volume, stock market liquidity, and volatility. Chronopoulos et al. (2018) use
the daily internet search volume index from Google as the proxy for information
demand and show that investor information demand can improve the volatility fore-
casts for GARCH models.

2.4 Hypothesis Development

There are two conflicting hypotheses about the effect of information supply on crash
risk. One is crash-reducing hypotheses, which hypothesize that information supply
can smooth the firm-specific information into the price. This suggests that the price
crash decrease with the firm-specific information supply. The information asym-
metries between the inside and outside of the firm and between professional and
retail investors are mitigated with the firm-specific information continuously releas-
ing (Raimondo 2019). Hutton et al. (2009) show that improved accounting transpar-
ency contributes to reducing the price crash. Actually, not only the accounting trans-
parency but also the other types of information supply are important to mitigate the
extremely falling of stock price. Chan (2003) demonstrates that media reports are
important for price movement, but find that price has the tendency to draft slowly
after bad news. Fang and Peress (2009) show that press coverage improves the infor-
mation efficiency of the stock market in the US. Song et al. (2016) find that banks
experience less crash when their information environment is more transparent. Kim
et al. (2014) show that better corporate social responsibility disclosure can reduce
information asymmetry and crash frequency.

Another is crash-induce hypotheses, which hypothesize that information dis-
closure exacerbates extremely falls of stock price; that is to say, the firm-specific
information supply would increase the crash frequency. Several studies have pro-
vided evidence that media exacerbate investors’ irrational instead of limiting it.
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Media coverage might generate irrational attention about a certain firm, attention-
grabbing information may lead to trading activity towards misplaced expectations
and cause the extremely large market response (Hong and Stein, 2007; Raimondo,
2019). Chan et al. (2001) find that the daily volatility increases with the public sali-
ent political news in the Kong Hong stock market. Tetlock (2007) shows that the
content of newspaper articles has an over effect on investors’ behavior, and inducing
downward pressure on the stock price. Xu et al. (2013a, b) find that the stock price
crash increase with the firm’s analyst coverage in the Chinese stock market, and this
is more pronounced when analysts are more optimistic. In addition, Aman (2013)
using data from Japanese stock markets and newspaper articles, find that intensive
media reports on firm cause extremely large reactions in the market to corporate
news.
Therefore, according to the above discussion, we propose the hypotheses are:

Hypothesis 1a Corporate information supply is positively associated with intraday
stock price crash risk.

Hypothesis 1b Corporate information supply is negatively associated with intraday
stock price crash risk.

Information is the most important and valuable scarce resource in the financial
market. The public available information does not imply that information is instan-
taneously received by all market participants. Investors must expend effort to obtain
the information via various channels (Drake et al. 2012). With the development of
technology, more market participants use online brokerage firms and no longer need
professional advice from traditional brokers. This leads investors to rely more on
the Internet to acquire information for making decisions (Barber and Odean 2001).
When investors are aware of pending bad news, they would express their demand
for public information and seek more information to help them make the correct
decision. If investors acquire more useful information about stock, the informa-
tion asymmetry between the firms and investors would be mitigated (Ding and Hou
2015; Gao et al. 2018). We can expect that individual investor information demand
would reduce the stock price crash. However, if investors cannot obtain valuable
information from an Internet search, the information asymmetry causes higher trad-
ing between informed and uninformed investors (Chen et al. 2001), and this would
increase the crash risk.

Hypothesis 2a The positive relationship between individual information demand
and intraday crash risk.

Hypothesis 2b The negative relationship between individual information demand
and intraday crash risk.
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3 Sample and Variable Construction
3.1 The Sample

CSI 300 index consists of the 300 largest and most liquid A-share stocks and can
reflect the overall performance of the China A-share market. This index within
the scope of the IOSCO Assurance Report on 30 September 2018, and is the most
important index in the Chinses stock market. Our sample consists of all listed firms
incorporated in the CSI300 index from January 2013 through April 2019, excluding
the delisted firms and the firms with insufficient online media and Internet search
data, because some firms in the market are too short and not timely included in the
Baidu Search Index and Baidu News channel. In addition, similar to earlier stud-
ies, we exclude financial services and utility firms, because financial characterizes
in these industries are different from other industries. (Kim, Li and Zhang 201 1a,
b; Andreou et al. 2016; An and Zhang 2013) As Table 1 shows, our final sample
includes 417 firms with 571,419 firm-day observations, and the sample period cov-
ers from January 1, 2013 to April 1, 2019.

3.2 Data and Variables
3.2.1 Crash and Jump Variables

Crash risk, defined as the remote and negative outlier in firms’ residual stock return
(Jim and Myers 2006), captures asymmetry in risk and is important for investment
decision and risk management. To construct our crash risk measures, we calculate
I-min logarithmic returns from high-frequency intraday stock price data, which is
acquired from Wind Financial Database. We follow expanded index model regres-
sion of Hutton et al. (2009) and Chang et al. (2017) by calculating the firm-specific
returns per minute (residual returns) for each firm in each day:

Tim = PBo + Bilssem—1 + ol imam—1 + Balviken + Palinam + PsTatrsmer + PeTndme1 + Eim

)
where m is the return on stock i in the minute m, ryy, ,, is the return on the CSMAR
value-weighted A-share market index, r;,, , is the return on China Securities Index’s
value-weighted industry index, and ¢;,, is the error term. Compared with the fun-
damental CAPM market model, we introduce the lead and lag market and industry
index return to handle the nonsynchronous trading (Dimson, 1979).! This regression
can separate firm returns into two components: the returns due to market-wide and
industry-wide movements, and firm-specific returns as captured by the residuals of
regression. In this study, we focus on firm-specific returns. We define firm-specific
minutely returns for firm i in minute m (M; ) as the natural logarithm of 1 plus the
residual (M;,, = In(1 + ¢; ).

J.m

! Our findings below are qualitatively unchanged if we only include the lags but not the leads in the
expanded index model.
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Table 1 Sample development, industry membership, and fiscal years of sample

Number of firms

Panel A: Sample development

All constituents of CSI300 2013-2019 615
Excluding firm:
With incomplete stock return data 7
Financial services and utilities 124
With insufficient internet data to calculate the infor- 67
mation demand and supply variables
Final sample 417
Industry Number of firms Number of firm
trading days
Panel B: China securities industries
Energy 30 42,644
Materials 80 109,901
Industrials 106 145,362
Consumer discretionary 63 83,257
Consumer staples 35 50,276
Health care 45 62,170
Information technology 50 66,550
Telecommunication Services 8 11,259
Total 417 571,419
Fiscal year Number of
observations

Panel C: Observations in each year

2013 75,945
2014 90,446
2015 85,548
2016 93,316
2017 94,833
2018 97,505
2019 32,826
Total 571,419

This table reports the detail information about the sample selection. Our sample covers the firms
included in the CSI300 index over the seven years from January 1, 2013 to April 1, 2019, excluding the
delisted firms and the firms with insufficient online media and internet search data. The total number
of firms in the final sample is 417, and the sample has 571,419 daily firms’ observations. The sample
includes 8 of the 10 China Securities industry definitions. Panel A reports the sample development. Panel
B reports the industry division of the listed firms in our sample. Panel C reports the number of observa-
tions in each fiscal year

We measure the likelihood of crashes or jumps based on the number of the firm-
specific minutely returns exceeding 3.09 standard deviations below or above its
mean value, respectively. The number of 3.09 is chosen to generate a 0.1% frequency
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Fig. 1 Bull and bear market phases for each cycle from January 1, 2013 to April 1, 2019

in the normal distribution. The first crash measure, crash frequency (Crash Freq), is
the frequency of Firm-Specific Minutely Returns falling 3.09 standard deviations
below the mean minutely firm-specific return for that trading day. The alternative
crash measure, crash dummy (Crash), equals to 1 if a firm experience 1 or more
Firm-Specific Minutely Returns that are 3.09 standard deviations below the mean
minutely firm-specific returns over the trading day; otherwise, Crash is set equal to
Zero.

The jump is widely used to examine extreme adverse price movements in com-
parison with crashes. Similarly, Jump Freq is the frequency of jump minutes for that
trading day. And the Jump, an indicator variable, is set equal to 1 if a firm experi-
ences 1 or more jump minutes over the trading day and equals O otherwise. Specifi-
cally, the jump minutes are defined as those when a firm experiences Firm-Special
Minutely Returns that are 3.09 standard deviations above the mean firm-specific
minutely returns over the trading day.

According to Anas et al. (2008) algorithm to identify different market cycle
phases. The detail produce is described as follow: (1) The identification of a first
candidate set of turning points on the time series of CSI 300 Index (y,) is deter-
mined by the Bry and Boschan (1971) algorithm, the peak at ¢ when

V> VoV > Viwk=1,...,K and the trough at t when
Ey, <V Ve <V k=1,...,K}, where K =2 for quarterly time series,K =5 for
monthly time series, and K = 120 for daily time series. (2) Turning points within six
months of the beginning or end of the series are disregarded. (3) To make sure that
peaks and troughs alternate, if there is a double trough, the lowest value is chosen;
and if there is a double peak, the highest value is chosen. (4) A phase of the market
cycle must at least 6 months and a complete market cycle must have a minimum
duration of 15 months. (5) The deepness of each phase must larger than 0.005. The
deepness is calculated as Deepness = @, where X, and X are respectively the

T
values of the series at the peak and trough of the market cycle to be considered. To
locate the bull and bear market phase in our sample period, we run this algorithm,
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Table 2 Bull and bear market phases for each cycle

Bull market period Bear market period
Cycle 1 January 1, 2013—-March 20, 2014
Cycle 2 March 21, 2014-June 8, 2015 June 9, 2015-January 28, 2016
Cycle 3 January 29, 2016-January 24,2018 January 25, 2018-January 3, 2019
Cycle 4 January 4, 2019-April 30, 2019

This table reports the division results of the bull and bear market phases for each cycle over the seven
years from January 1, 2013 to April 1, 2019

and the bull and bear market cycle phase is presented in Fig. 1. The detail bull and
bear phases are reported in Table 2

In Table 3, Panel A reports that 57.6% of the firm-days in our sample experienced
at least one crash (329,165 firm-days); 69.86% of the firm-days experience at least
one jump (399,064 firm-days). Panel B reports the comparison results for the intra-
day crash and jump frequency in two market cycle phases, bull market phase and
bear market phase. As the Panel B shows, 56.12% of firm-days experience at least
one crash (178,711 firm-days) in the bull market phase and 59.47% (150,454 firm-
days) in the bear market phase. In addition, 70.04% of the firm-days experience at
least one jump (223,008 firm-days) in the bull market phase, and 69.58% (176,038
firm-days) in the bear market phase.

Panel C reports the mean of raw minutely returns for two subsamples of firm-
minutes: Crash minutes and Jump minutes. The third column represents the average
value of minutely raw returns for individual firms. The mean minutely returns for
Crash minutes is -0.64%, for Jump minutes, 0.69%. The fourth column represents
statistics results for the market index. In this panel, Crash (or Jump) minutes refer to
any minute in which any firm in the sample crashes (or jumps). The last column rep-
resents the statistics averaging across industries. If any firm in an industry crashes
(or jumps) in a given minute, that is defined as a crash (or jump) minute for the
industry.

3.2.2 Measuring Information Supply

To consider the information supply impact, we use the Baidu Media Index, which
is the number of news items containing a specified keyword in their headlines col-
lected by the Baidu News channel as the proxy for the information supply. The
Baidu news channel features articles from around 400 online Chinese-language
news sources, including the largest portals in china (e.g., 163.com, sohu.com, sina.
com, chinanews.com, and yahoo.com), the main financial website (e.g., China
Securities Journal (www.cs.com), Shanghai Securities News (www.cnstock.com),
Securities Time (www.stcn.com), Securities Daily (www.zqrb.com), and Weekly
on Stock (www.hongzhoukan.com)), and websites of popular daily newspapers and
weekly magazines. It is important to note that the same headlines of news from dif-
ferent news sources may be repeatedly counted in Media Index. However, this repro-
duction of certain news from a mass of news sources precisely reflects the relative
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Table 3 Crashes and jumps, frequency and the returns per minute

Frequency Number of observations Percent of sample

Panel A: Intraday crash and jump frequency
Crashes in the trading day

0 242,254 42.40% 0 242,254
1 201,822 35.32% 1 201,822
2 92,656 16.22% 2 92,656
3 26,778 4.69% 3 26,778
4 7909 1.38% 4 7909
Total 571,419 100.00% Total 571,419
Jumps in the trading day
0 172,373 30.17% 0 172,373
1 189,408 33.15% 1 189,408
2 130,819 22.89% 2 130,819
3 56,419 9.87% 3 56,419
4 22,400 3.92% 4 22,400
Total 571,419 100.00% Total 571,419
Crashes in the trad-  Bull market period Bear market period
ing day
Frequency Number of observa- Percent of sample Number of observa- Percent of sample
tions tions
Panel B: Intraday crash and jump frequency in bear market period and bull market period
0 139,706 43.88% 102,548 40.53%
1 112,336 35.28% 89,486 35.37%
2 49,359 15.50% 43,297 17.11%
3 13,370 4.20% 13,408 5.30%
4 3646 1.15% 4263 1.68%
Jumps in the trading Bull market period Bear market period
day
Frequency Number of observa- Percent of sample Number of observa- Percent of sample
tions tions
Panel B: Intraday crash and jump frequency in bear market period and bull market period
0 95,409 29.96% 76,964 30.42%
1 104,787 32.91% 84,621 33.45%
2 73,341 23.03% 57,478 22.72%
3 31,986 10.05% 24,433 9.66%
4 12,894 4.05% 9506 3.76%
Total 318,417 100.00% 253,002 100.00%
Minute classification Number of observa-  Firm return Market index Industry index
tions
Panel C: Return in the crash and jump minutes
Crash minutes 329,165 —0.0064 — 0.0000642 —0.000073
Jump minutes 399,046 0.0069 0.0000666 0.0001027
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Table 3 (continued)

Panel A reports the summary statistics for the frequency of intraday crash and jump, and represent the
number of observations and the percent of sample for each intraday crash and jump frequency. Panel B
reports the comparison results for the intraday crash and jump frequency in two market phases, bull mar-
ket period and bear market period. Panel C reports the mean of raw return per minute for crash minutes
and jump minutes. The third column represents the average value of raw return per minute for individual
firms. The fourth column represents statistics results for the market index. In this panel, Crash and Jump
minutes refer to any minute in which any firm in the sample crashes and jumps. The last column repre-
sents the statistics averaging across industries. If any firm in an industry crashes and jumps in a given
minute, that is defined as a crash and jump minute for the industry. The return per minute for 728,088
firm-days in the sample period from January 1, 2013 to April 1, 2019. The detailed definition of the crash
and jump frequency is presented in Table 1

importance of that news in the whole Chinese market. We note that the ticker sym-
bols in the Chinese stock market are chosen to be unique, which are composed of six
digits. Compared with the ticker symbol, firm name (Chinese abbreviation) accords
with Chinese individual investors’ search habits much more than the six-digit ticker
symbols in the Chinese stock market (Zhang et al. 2013; Shen et al. 2017). Thus,
we use the stock name (Chinese abbreviation) rather than the stock ticker as the
keywords to acquire everyday Media Index from the Baidu Index websites with a
crawler program during the period from January 1, 2013 to April 1, 2019.

3.2.3 Measuring Information Demand

To measure information demand, we employ the volume of internet search que-
ries as provided by Baidu Search Index. Baidu Index is a keyword-searching tool
launched by Baidu, the largest search engine in China. Similar to Google Trend,
Baidu Index is calculated based on the search frequency of keywords by internet
users through the Baidu search engine. There are two different keyword method-
ologies to capture investors’ information demand expressed for individual stocks.
One is to identify search volume by company ticker symbol (Da, Engelberg, and
Gao 2011; Drake et al. 2012), the other is to use ordinary company names (Bank,
Larch, and Peter 2011; Fan et al. 2017). For Chinese keyword analysis, the stock
name is better than the stock ticker for the keyword. The main reason is that Chinese
retail investors are more likely to use the stock Chinese name when searching for
information on the Internet, and Baidu does not provide the search volume of the
stock ticker. For each stock in our sample, we manually attempt to obtain search vol-
ume (information demand). During the period of search volume availability, Baidu
reports weekly and daily search volume from PC, mobile phone, and total number.
In our analysis, we focus on the daily total search volume. There are 608 listed firms
are included in the CSI 300 Index from 2013 to 2019, we finally acquire 541 stocks
daily data from Baidu Index in the sample period.

We note that there is variation in the raw Baidu search volume index (BSVI)
across the days of the week, specifically, Baidu search volume is considerably lower
on weekends than it is on weekdays. To remove the influence of potential day-of-
the-week effects, we model the expected level of BSVI. We follow Drake et al.
(2012) to measure the expected level of search volume separately for each day of the
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week as the average raw search volume for the same day of the week k over the prior
10 weeks. Then, we calculate the abnormal search volume (Ab_BSVI) for firm i on
day ¢ as the raw BSVI minus the average raw BSVI for the same day of the week
k over the prior 10 weeks, scaled by the average raw BSVI for the same day of the
week k over the prior 10 weeks. The calculation formula is given as follow,

BSVI,,
Ab_BSVIi’t = — - — 1 (2)
BSVI ir
- 1 10
BSVIi,z = E kleSVIi,t—70+7><k 3)

where BSVI,, is the raw BSVI for firm i on day .

3.2.4 Control Variables

We include several control variables used in existing models. To incorporate the
effect of crashes and jumps caused by the large change in liquidity, we include the
turnover of trading volume (Turnover), which is used as the proxy for liquidity and
is defined as the ratio of trading volume to the number of shares outstanding on a
daily basis. Considering the lower trading cost can prompt the information to be
reflected in the price, we expect that the increased liquidity to reduce the probabil-
ity of crash and jump. We control for firm size (Size) using the natural logarithm
of the market capitalization, and the market-to-book ratio (MB) because these two
variables are closely associated with crash risk (Hutton, et al. 2009). The large firms
usually have superior transparency because they continuously receive more atten-
tion from security analysts and other financial institutions, we expect that the crash
risk is declined with firm size. The MB is used to measure the growth opportunities
(Chang, et al. 2017) and the extreme price falls caused by adjustments in overvalu-
ation (Aman H. 2013). We further control for leverage (Leverage), defined as the
firm’s total liabilities scaled by total assets, return on assets (ROA), defined as an
indicator of how profitable a company is relative to its total assets, and price earn-
ings ratio (PE), defined as the current market price of a company share divided by
the earnings per share of the company. Highly leveraged and less-profitable firms
are expected to exhibit more price crash. The detailed definitions of the variables are
represented in Table 4.

3.3 Descriptive Statistics

Table 5 reports the descriptive statistics. The mean value of crash frequency
(CrashFreq) is 0.8734, and the standard deviation is 0.9392. As for another key
variable, crash dummy (Crash), the mean value is 0.5760 and the standard devia-
tion is 0.4942. These figures indicate that more than half of firms experience a
large-scale crash over the course of trading days. The mean value of jump fre-
quency (JumpFreq) is 1.2424, and 0.6983 for jump dummy (Jump). These results
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Table 4 The definitions of variables

Variable  Definition

Crash An indicator variable that equals 1 when a firm experience at least 1 crash minute during the
trading day, and zero otherwise

Crash freq The frequency of abnormal returns falling into the lower tail (0.1%) of the normal distribu-
tion over the trading day on a one-minute basis

Jump An indicator variable that equals 1 when a firm experience at least 1 jump minute during the
trading day, and zero otherwise

Jump freq The frequency of abnormal returns falling into the upper tail (0.1%) of the normal distribu-
tion over the trading day on a one-minute basis

Nskew The ratio of the third moment of firm-specific minutely returns over the standard deviation of
firm-specific minutely return raised to the third power and then multiplied by —1

Lnnews The nature logarithm of 1 plus the number of articles reporting on the firm over the day
displayed in Baidu News Channel

Ab_BSVI The average value of raw Baidu Search volume Index (BSVI) for a given day t minus the
average BSVI for the same weekday over the past 10 weeks, scaled by the average BSVI
for the same weekday over the past 10 weeks

SIZE The natural logarithm of total assets at fiscal quarter-end
MB The ratio of market value to book value of equity

LEV The ratio of total liabilities to total assets

ROA The ratio of income before extraordinary items to equity (%)

Turnover  The ratio of trading volume the number of shares outstanding on a daily basis (%)

PE The ratio of quarter profit to equity
Period An indicator variable that equals 1 when market prosperity (Bull market period), and zero
otherwise

suggest that the firm in our sample experiences more intraday jumps than crashes
in the sample period.

Turning to the statistics to information supply and demand in Table 5. The
mean value of the daily number of articles published in the Baidu News channel
(News) is 4.9128. The median of News is 1 and the largest value is 163. The large
difference between the mean and median may influence the regression results.
Thus, in our regression, we use the natural logarithm to adjust for this problem.
In addition, the mean of the daily abnormal search volume (Ab_BSVI) is 0.07342,
which indicates that the average value of daily investors’ information demand is
7.32% greater than the normal level.

Table 6 reports the correlations among our key variables and other control vari-
ables. The correlation coefficient between crash frequency (CrashFreq) and online
information supply (LnNews) is 0.0399, and 0.0257 for crash dummy (Crash).
Moreover, the correlation coefficient between crash frequency (Crash Freq) and
investor information demand (Ab_BSVI) is 0.0806, and 0.0552 for crash dummy
(Crash). These results indicate that crash risk (Crash Freq and Crash) is posi-
tively associated with information supply and demand throughthe scale is small.
For jumps, the frequency measure (Jump Freq) and jump dummy (Jump) are both
positively correlated with information supply and demand, respectively.
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Table 5 Descriptive statistics

Variables Obs Mean Std. Dev Min Max Skew Kurt
Crash 571,419 0.5760 04942 0 1 —0.3078 1.0947
Crash freq 571,419 0.8734 09392 0 4 0.9943 3.5843
Jump 571,419 0.6983 04589 0 1 —0.8643 1.7469
Jump freq 571,419 1.2424 1.1044 0 4 0.6494 2.6922
News 571,419 49128 18.4507 0O 163 7.5688 62.004
Lnnews 571,419 0.9998 09468 0O 5.0999 1.3346 6.2383
Ab_BSVI 571,419 0.07342 0.3735 —0.7103 1.9351 2.2323 10.5961
SIZE 571,419  23.5897 0.9799 19.4936 28.4948 0.3902 4.8508
MB 571,419 3.7448 4.5627  0.6704 18.8444 12.8967 663.6814
LEV 571,419 0.4825 0.1978 —0.0119 2.6801 —0.1027 2.8852
ROA 571,419 3.5485 4.9963 —121.815  57.0705 0.8113 25.9031
Turnover 571,419 1.6424 2.1449  0.0019 70.3134 5.1646 61.3933
PE 571,419 724808  226.2826  —63.7697  840.5381 31.0119  3025.128
Period 571,419 0.3558 04787 O 1 0.6026 1.3631

This table reports the mean, standard deviation (Std. Dev.), minimum (Min.), maximum (Max.), skew-
ness (Skew.), and kurtosis (Kurt.) of the main variables used this study. The detailed definitions of these
variables are represented in Table 1. The sample includes 571,419 observations of 541 listed firms. The
sample period extends from January 1, 2013 to April 1, 2019. All values of these variables are win-
sorized at 1% significant level

4 Empirical Results
4.1 The Impact of Information Supply on Stock Price Crash and Jump Risk

In this section, we employ regression analysis to examine the relation between intra-
day crash (or jump) risk and online information supply. To formalize this evidence
in a multivariate setting, we employ a fixed-effects Poisson regression analysis.
Because, crash (or jump) frequency and crash (or jump) dummy are based on typical
count data with a discrete integer value, and the OLS regression model is not suit-
able. Standard errors are clustered at the firm level in all regressions. The regression
specifications are as follows:

Crash;, = By + B LnNews;, + p,MB;, + pyTurnover;, + p,PE;, + psROA,
+ BSIZE; , + B, LEV;, + €,
(4a)
CrashFreq;, = fy + p;LnNews,; + pMB, ; + p3Turnover;, + p,PE;; + fsROA;,
+ BSIZE; , + B, LEV,, + €,
(4b)
Jump;, = By + pLnNews;, + p,MB; , + p3Turnover;, + p,PE; , + fsROA;,
+ BeSIZE; , + B, LEV;, + €;,
(4¢)
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Table 7 The impact of online information supply on intraday crash and jump risk
Crash risk Jump risk
Model 1 Model 2 Model 3 Model 4
Crash Crash freq Jump Jump freq

Lnnews 0.0254 %% 0.0524 % 0.0167%%** 0.0409%**
(0.00187) (0.00149) (0.00169) (0.00125)

MB 0.0130%** 0.0176%** 0.0110%%*%* 0.0151%**
(0.000338) (0.0002438) (0.000317) (0.000218)

Turnover 0.0196%** 0.0198*** 0.0297%%** 0.0419%**
(0.000714) (0.000569) (0.000599) (0.000389)

PE — 0.0000883#** — 0.000135%** — 0.00005*** — 0.0000957%#%*%*
(0.00000549) (0.00000402) (0.0000050) (0.00000337)

ROA 0.008987%** 0.01 1 1%** 0.005197%** 0.00568%**
(0.000387) (0.000307) (0.000357) (0.000262)

SIZE — 0.0468*** — 0.0830%** — 0.0148%** — 0.0375%#*
(0.00201) (0.00164) (0.00182) (0.00137)

LEV — 0.368%** — 0.483%** — 0.315%** — 0.424 %%
(0.00961) (0.00776) (0.00875) (0.00651)

Intercept 0.5997##%* 1.879%#:%* 0.0181 1.121%%*
(0.0470) (0.0383) (0.0424) (0.0319)

Obs 571,419 571,419 571,419 571,419

Number of firms 417 417 417 417

x? 7460.57%** 20,368.11%#%** 7523.49%%* 28,117.09%**

Log likelihood —506,702.48 —693,413.12 —538,263.49 — 804,284.565

This table reports results of the regression of online information supply on the intraday crash for a sam-
ple of public firms incorporated in CSI300 from January 1, 2013 to April 1, 2019. Regressions using the
Poisson model and run with both firm and year fixed-effects. This table also reports the number of obser-
vations, the number of firms, the )(2, and the value of Log Likelihood. Standard errors cluster at the firm
level is shown parentheses

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

JumpFreq;, = fy + pLnNews;, + pMB, , + p;Turnover;, + p,PE; , + fsROA;,
+ BeSIZE;  + B;LEV, + €,
(4d)
where i denotes the firm, ¢ denotes the day, and iy is the error term.

Table 7 reports the main estimation coefficients and associated standard errors clus-
ter at the firm level. The t-statistics are calculated using standard errors adjusted for
heteroskedasticity and clustering at the firm level. Model 1 shows the results for the
crash dummy (Crash) (Eq. 4a). The coefficient of information supply (LnNews) is
positive and statistically significant at 1% level, suggesting that firms with high infor-
mation supply are more likely to experience intraday stock price crash. The marginal
effect of information supply (0.9468) on the crash dummy is 0.0240 (0.0254x 0.9468),
indicating that one standard deviation rises in firms’ information supply lead to 0.0254
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increase in crash probability. Model 2 reports the estimation results for the crash fre-
quency (CrashFreq) (Eq. 4b). The coefficient of information supply (LnNews) is posi-
tive and statistically significant at 1% level, which suggests that the more information
supply, on average, lead to more crash frequency. The effects of online information sup-
ply on crash risk is not only statistically significant but also economically meaning-
ful. These positive estimation coefficients imply that more information supply induces
more frequency and extremely large intraday price reactions to firm-specific informa-
tion. The effect of online information supply in increasing intraday crashes is impor-
tant, which is a contrast with the prior evidence of Jim ad Myers (2006) and Huton
et al. (2009), who find that the more information disclosure decrease crash frequency.
However, our findings are consistent with our Hypothesis 1a and Aman (2013), who
find that the more media reports lead to more weekly crash frequency.

Turning to jumps, Model 3 reports the estimation results of the effect of online
information supply on jump dummy (Jump) (Eq. 4c). The coefficient of online infor-
mation supply (LnNews) is positive and statistically significant at 1% level, which indi-
cates that the firm with more online information supply is more easily to experience
an intraday stock price jump. In term of economic significance, increasing of online
information supply by one standard deviation (0.9468) raise positive jump probability
by 0.0158 (0.0167 x 0.9468). Model 4 reports the estimation results for jump frequency
(JumpFreq). The coefficient of online information supply is positive and statistically
significant at 1% level, suggesting that more online information supply induce more
frequent extreme upward movements in intraday stock price. This result is inconsist-
ent with Hutton et al. (2009) and Aman (2013), who find no evidence of the disclosure
transparency and media coverage on jumps. Overall, it appears that the information
supply plays a more important role in disseminating both bad news and good news.

The results of the control variables are summarized as follows. The coefficient
of Turnover is positive and statistically significant both for crashes and jumps. This
indicating that increase liquidity tends to higher the crash and jump frequency, and is
consistent with Chang et al. (2017), who find that stock liquidity increases stock price
crash risk. The MB is positively correlated with crashes and jumps, which indicates that
a higher market-to-book ratio leads to more frequent crashes and jumps. The estimation
coefficient of Size indicates that larger firms tend to lower crash frequency but raise the
jump frequency. And, the higher Leverage causes less frequent crashes and jumps.

4.2 The Impact of Information Demand on Stock Price Crash and Jump Risk

In this section, we investigate the effect of the individual information demand on intra-
day stock crashes and jumps. Because crash (or jump) frequency and crash (or jump)
dummy are the discrete integer values, we fit a Poisson regression model to our data.
The regression models are as follows:

Crash;, = By + pAb_BSVI;, + pMB; , + p;Turnover;, + p,PE;,

+ psROA,, + BSIZE,, + p,LEV,, + €, cy
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Table 8 The impact of online information demand on intraday crash and jump risk
Crash risk Jump risk
Model 1 Model 2 Model 3 Model 4
Crash Crash freq Jump Jump freq
Ab_BSVI 0.0851%** 0.190%** 0.0725%%%* 0.175%**
(0.00484) (0.00379) (0.00436 (0.00311)
MB 0.0131%*** 0.0176%** 0.0111 0.0152%**
(0.000337) (0.000247) (0.000316) (0.000217)
Turnover 0.0154%** 0.0102%** 0.0261%** 0.0338***
(0.000778) (0.000630) (0.000655) (0.000437)
PE — 0.0000883%** — 0.000134%** — 0.0000593%** — 0.0000963***
(0.00000547) (0.00000399) (0.00000499) (0.00000335)
ROA 0.00912%** 0.0115%** 0.00532%%*%* 0.00605%**
(0.000387) (0.000307) (0.000357) (0.000263)
SIZE — 0.0427%%* — 0.0751%** — 0.0124%%* —0.0316%**
(0.00197) (0.00161) (0.00178) (0.00134)
LEV —0.368%** — 0.483%*** —0.315%** — 0.424%**
(0.0464) (0.00776) (0.00875) (0.00652)
Intercept 0.527%** 1.742%** —0.0242 1.019%**
(0.0464) (0.0379) (0.0419) (0.0316)
Obs 571,419 571,419 571,419 571,419
Number of firms 417 417 417 417
x? 7581.06%** 21,572.08%%** 7700.49%%*%* 30,127.46%+*
Log likelihood —506,642.24 —-692,811.13 —538,174.99 —803,279.38

This table reports results of the regression of online information demand on intraday crash risk for a
sample of public firms incorporated in CSI300 from January 1, 2013 to April 1, 2019. Regressions using
the Poisson model and run with both firm and year fixed-effects. This table also reports the number of
observations, the number of firms, the )(2, and the value of Log Likelihood. Standard errors cluster at the
firm level is shown parentheses

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

CrashFreq;, = fy + pAb_BSVI;, + p,MB; , + p3Turnover;, + f,PE;,
+ psROA;, + f¢SIZE; , + f,LEV,, + €,

(5b)

Jump[.’t = ﬁO + ﬂlAb_BSVIi’t + ﬁzMB[’t + ﬂSTurnoveri,t + ﬂ4PEi,l
+ PsROA,, + BeSIZE,, + ;LEV;, + €;,

(5¢)

JumpFreq;, = fy + pyAb_BSVI, , + p,MB; , + f;Turnover;, + B,PE;,
+ BsROA; , + B¢SIZE; , + p,LEV, + €,

here i denotes the firm, # denotes the day, and ¢;, is the error term.
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Table 8 reports the estimation results. Model 1 gives results for the crash dummy.
The coefficient of investor information demand (Ab_BSVI) is positive and statis-
tically significant at 1% level, indicating that firms with higher investor informa-
tion demand are more likely to experience an intraday crash. The marginal effect of
investor information demand on crash dummy is 0.0851, indicating that one stand-
ard deviation rises in investor information demand (0.3735) leads to 0.0318 (0.0851
X 0.3735) increase in crash probability. Model 2 reports the results for crash fre-
quency. The coefficient of investor information demand (Ab_BSVI) is positive and
statistically significant at 1% level, which suggesting that more investor information
demand induce more frequent and intraday extremely large price falls.

As for jumps, Model 3 shows the results for jump dummy (Jump). The coeffi-
cient of information demand (Ab_BSVI) is positive and statistically significant at
1% level, which suggests that individual investors’ information demand increases
the probability of price jump. This coefficient also suggests that one standard
deviation increase in information demand (0.3735) leads to a 0.0271 (0.0725 X
0.3735) increase in intraday jumps. Model 4 shows the results for jump frequency
(JumpFreq). The coefficient of information demand is positive and statistically sig-
nificant at 1% level, which indicates that individual investors’ information demand
induces higher intraday jump frequency. These results are consistent with Schroff
et al. (2015), who find that retail investor information demand induces an upward
price pressure on securities price.

Stock price crash (or jump) occurs when accumulated bad (or good) news is
released in the capital market (Habib, et al. 2017). The higher abnormal informa-
tion demand indicates that some investors are aware of pending bad (or good) news,
the trading activities between informed investors and the uninformed investor will
produce price crashes (or jumps) (Chen, et al. 2001). Our results are consistent with
Hypothesis 2a, suggesting that individual investors do get valuable information from
the Internet channel.

4.3 Additional Test
4.3.1 Subperiod Analysis

To further investigate whether our findings are different in bull and bear market peri-
ods, several additional models are fitted. Table 2 presents the bull and bear market
phases over the period from January 1, 2013 to April 1, 2019. We defined phase
dummy variable as follows: Period equal to 1 if the market is prosperity (Bull mar-
ket period), and zero otherwise. Specifically, we estimate the following models:

Crash; (Jump;,) = By + p)LnNews;, + B, Period;, + p;(LnNews,, X Period; )
+p,Controls;, + €;,
(6a)
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Table9 The impact of online information supply on intraday crash and jump risk with considering the

market period

Crash risk Jump risk
Model 1 Model 2 Model 3 Model 4
Crash Crash freq Jump Jump freq
Lnnews 0.0261%** 0.0541%*** 0.0216%*** 0.0495%**
(0.00268) (0.00211) (0.00301) (0.00224)
Period — 0.0368** — 0.0598%** 0.0343*** 0.0782%**
(0.00518) (0.00420) (0.00501) (0.00379)
Period * Lnnews — 0.00673** — 0.0124s%%* —0.00738** — 0.0128%*%#%*
(0.00365) (0.00292) (0.00358) (0.00265)
MB 0.0131%** 0.0176%** 0.0110%** 0.0157] %%
(0.000338) (0.0002438) (0.000317) (0.000218)
Turnover 0.01997%%** 0.0203*#** 0.0297*#* 0.0419%**
(0.000713) (0.000568) (0.000599) (0.000389)
PE — 0.0000887##* — 0.000136%** — 0.0000586%*** — 0.0000948***
(0.00000548) (0.000000401) (0.00000501) (0.00000337)
ROA 0.00859 0.0105%** 0.00527*** 0.00586%**
(0.000388) (0.000307) (0.000357) (0.000263)
SIZE — 0.0428%** — 0.0762%** — 0.0147%** — 0.0372%**
(0.00203) (0.00166) (0.00182) (0.00137)
LEV — 0.37 1% — 0.487%%* — 0.315%%* — 0.423%%*
(0.00961) (0.00776) (0.00875) (0.00652)
Intercept 0.530%%#* 1.757%%%* —0.00968 1.057%#%%*
(0.0473) (0.038) (0.0427) (0.0321)
Obs 571,419 571,419 571,419 571,419
Number of firms 417 417 417 417
¥ 7614.18%%* 21,019.78%#%#%* 7588.65%** 28,766.79%**
Log likelihood —506,625.68 —693,087.28 —538,230.91 —803,959.71

This table reports regression results of online information supply on the intraday crash and jump risk
with considering the effect of the market period for a sample of public firms incorporated in CSI300
from January 1, 2013 to April 1, 2019. We divide the whole sample period into two subperiod: bull mar-
ket period from January 1, 2013 to June 11, 2015, and bear market period from June 12, 2015 to April 1,
2019. Regressions using the Poisson model and run with both firm and year fixed-effects. This table also
reports the number of observations, the number of firms, the y2, and the value of Log Likelihood. Stand-
ard errors cluster at the firm level is shown parentheses

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

CrashFreq; ,(JumpFreq;,) = By + i LnNews;, + B, Period; , + f;(LnNews;, X Period, )
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Crash, ,(Jump,,) = B, + p;Ab_BSVI,, + p,Period;, + p;(Ab_BSVI,, X Period, )

+p,Controls;, + €,
(6¢)

CrashFreq; ,(JumpFreq;,) = fy + p1Ab_BSVI;, + p,Period;, + p;(Ab_BSVI; , X Period,,)

+p,Controls;, + €;,
(6d)

here i denotes the firm, ¢ denotes the day, and Eiy is the error term. And Controls
include MB, Turnover, PE, ROA, SIZE, and LEV .

Table 9 reports the estimation results for regression 6 (a—b), showing that the impact
of information supply on intraday crash and jump risk with considering the interaction
of phase dummy. Model 1 shows the results for the crash dummy. The coefficient of
Period is-0.0368 and statistically significant at 1% level, meaning that the probability
of the crash occurs is lower in the bull market phase. The coefficient of online informa-
tion supply (LnNews) is positive and significant at 1% level. This result is also consist-
ent with Hypothesis 1(a), meaning that the online information supply would increase
the probability of crash risk. The coefficient of the interaction term (Period X LnNews)
is significantly negative, which means that online information supply explains more
of the probability of the crash in the bear market phase. Model 2 shows the results
for crash frequency. The coefficient of Period is -0.0598 and statistically significant
at 1% level, meaning that the crash frequency is higher in the bear market phase. The
coefficient of LnNews is significantly positive but the coefficient of the interaction term
is significantly negative, which means that the online information supply can explain
more crash frequency in the bear market phase. Model 3 and 4 show the results for
crash dummy and crash frequency, respectively. The coefficients of the market cycle
dummy (Period) are both significantly positive, meaning that the probability and fre-
quency of price jump are higher in the bull market phase. Meanwhile, the coefficients
of LnNews are both significantly positive, but the coefficients of the interaction terms
are both negative, which means that online information supply can explain more the
probability and frequency of price jumps in bear market phase. Overall, the evidence
shows that firms’ price more likely to experience extreme fall in bear market phase, but
the extreme price rise more likely to occur in the bull market phase. Furthermore, con-
sistent with Hypothesis 1 (a), the online information supply is positively related to the
extreme price change, but the online information supply plays a more important role to
explain crash and jump risk in the bear market phase.

Table 10 reports the estimation results for regression 6 (c—d). Model 1-2 show
results for crash dummy and crash frequency. We find that the investors’ information
demand has a significantly positive impact both on the probability and frequency of
crash. The coefficients of the market cycle dummy (Period) are both significantly nega-
tive, but the coefficients of the interaction term (Period X Ab_BSVI) are both signifi-
cantly positive, which means that price crash more likely to occur in bear market phase
and the investors’ information demand can explain more probability and frequency of
crash in bull market phase. Model 3—4 show the results for jump dummy and jump
frequency. We also find that there is a significantly positive relationship between the
investors’ information demand and price jump. The coefficients of the market cycle
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Table 10 The impact of online information demand on intraday crash and jump risk with considering the

market period

Crash risk Jump risk
Model 1 Model 2 Model 3 Model 4
Crash Crash freq Jump Jump freq
Ab_BSVI 0.0636%** 0.169%%#%* 0.0470%** 0.155%%*%*
(0.00739) (0.00571) (0.00836) (0.00600)
Period — 0.0597%** — 0.105%** 0.0191#*** 0.0479%**
(0.00362) (0.00296) (0.00350) (0.00566)
Period * Ab_BSVI 0.0491 %% 0.0583%#%%* 0.0297%** 0.0167%#**
(0.00923) (0.00717) (0.00946) (0.00675)
MB 0.0132%#* 0.0178%** 0.011 7%= 0.0152%%*
(0.000337) (0.000247) (0.000316) (0.000217)
Turnover 0.0149%#* 0.00947%%* 0.0262%** 0.0341%**
(0.000780) (0.000631) (0.000657) (0.000437)
PE — 0.0000892#3# — 0.000136%** — 0.0000592%%** — 0.0000958***
(0.00000545) (0.00000397) (0.00000499) (0.00000335)
ROA 0.00867*** 0.0107%** 0.00538*** 0.00617%**
(0.000388) (0.000308) (0.000357) (0.000263)
SIZE — 0.0391%** — 0.0681%** — 0.0125%** — 0.0314%**
(0.00199) (0.00162) (0.00178) (0.00134)
LEV — 0.373%** — 0.490%** — 0.315%** — 0.424%%%
(0.00962) (0.00777) (0.00875) (0.00652)
Intercept 0.478%%* 1.638%##* —0.0362 0.9797%#*
(0.0465) (0.0379) (0.0421) (0.0317)
Obs 571,419 571,419 571,419 571,419
Number of firms 417 417 417 417
¥ 7856.07%** 22,819.67%** 7745.46%** 30,485.84##*
Log likelihood —506,504.73 —692,187.34 —538,152.51 —803,100.19

This table reports regression results of online information demand on intraday crash and jump risk with
considering the effect of the market period for a sample of public firms incorporated in CSI300 from
January 1, 2013 to April 1, 2019. We divide the whole sample period into two subperiod: bull market
period from January 1, 2013 to June 11, 2015, and bear market period from June 12, 2015 to April 1,
2019. Regressions using the Poisson model and run with both firm and year fixed-effects. This table also
reports the number of observations, the number of firms, the ¥, and the value of Log likelihood. Stand-
ard errors cluster at the firm level is shown parentheses

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

dummy are both significantly positive, meaning that the firms’ price is more likely
to experience price jump in the bull market phase. Meanwhile, the coefficients of the
interaction term are both significantly positive, which means that the investors’ infor-
mation demand can explain more of the price jump in the bull market phase. Over-
all, we find that the investors’ information demand has a significant impact both on
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Table. 11 The impact of

information supply and demand

on crash risk: Alternative
measure

NCSKEW
Model 1 Model 2
LnNews 0.0162%%*%*
(16.05)
Ab_SVI 0.0578***
(26.22)
MB — 0.00179%** — 0.00161%***
(—7.58) (- 6.79)
Turnover 0.0304#** 0.0266%**
(77.99) (62.61)
PE 0.0000254 %33 0.0000249%3*
(6.84) (6.71)
ROA — 0.00157#** — 0.00131#**
(—7.63) (—6.38)
SIZE 0.0400%%** 0.0367***
(28.42) (26.06)
LEV — 0.0368*** — 0.0294%**
(- 3.40) (=2.71)
Intercept — 0.799%** — 0.707%**
(—24.12) (—21.38)
Obs 571,419 571,419
Number of firms 417 417
F 1106.9 1169.1
R? 0.0134 0.0142

This table reports the estimation results of the impact of informa-
tion supply and demand on crash risk for a sample of public firms
incorporated in CSI300 from January 1, 2013 to April 1, 2019. We
adopt an alternative measure of crash risk, the negative coefficient
of skewness (NCSKEW), which is defined as the ratio of the third
moment of firm-specific minutely returns over the standard deviation
of firm-specific minutely returns raise to the third power, and then
multiplied by -1. This regression adopts the OLS method and runs
with both firm and time effects. This table also reports the number of
observations, the number of firms, the value of F-statistics for each
regression, and R? for each regression. Robust ¢ statistics are cor-
rected for the clustering of the residual at a firm level

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

the price crash and jump, which is consistent with Hypothesis 2(a). The evidence also
shows that firms’ prices more likely to experience the crash in the bear market phase,
but the price jump more likely to occur in the bull market phase. Finally, the investors’
information demand plays a more important role to explain price extreme change in the

bull market phase.

@ Springer



422 G.Chuetal.

4.3.2 An alternative Measure of Crash Risk

To ensure our baseline results are robust, we conduct further analysis of alternative
model specification and variable definitions. We employ the negative coefficient of
skewness (NCSKEW) as an alternative measure of crash risk. We define NCSKEW
as the third moment of firm-specific minutely returns for each firm in a trading day
divided by the standard deviation of firm-specific minutely returns raised to the third
power, and then multiplied by-1 (Chen et al. 2001; Andreou et al. 2017). For a given
firm i in a trading day ¢, we compute NCSKEW as follows:

n(n —1)>/? > M3

NCSKEW;, = —1 X - 72 (7)

(n =1 -2 M)

here, n is the number of firm-specific minutely returns during the trading day .
A higher value of NCSKEW indicates a more left-skewed return distribution and the
firms more likely to experience crashes.

Table 11 reports the OLS regressions in which NCSKEW is used as a depend-
ent variable. Similar to crash dummy and crash frequency, information supply
and demand is positively and statistically significantly associated with NCSKEW .
This estimation coefficient of information supply (LnNews) is translated to the
economic scale of a 0.01534 (0.0162 x 0.9468) standard deviation increase in
NCSKEW responding to one standard deviation increase in LnNews. And the mar-
ginal effect of information demand (Ab_BSVI) on NCSKEW is 0.0578, which
suggests that a one standard deviation increase in information demand leads to
0.0214 (0. 0578 x 0.3735) increase in NCSKEW . That is, increase information
supply (or demand) is likely to increase the probability of crashes for firms. This
result supports our prior findings.

4.3.3 Exclude Special Observations

We note that our sample includes observations of a firm experiencing both crashes
and jumps on the same day. These special observations mean that there are both
crashes and jumps for the same information supply and demand. To test the robust-
ness of our results, it is necessary to make an appropriate distinction between cases
in which we observe either cash or jump and cases in which we observe both. Thus,
we exclude the observations where the company’s price is measured as both crash
and jump on the same day, then, we examine the relationship between information
supply (demand) and intraday price crash again.

Table 12 reports the results of online information supply and demand on intra-
day crash risk with the sample excluding the observations that experience both price
crash and jump on the same day. We find that the online information supply has a
significantly positive impact both on intraday crash probability and crash frequency.
Moreover, the coefficients of the investors’ information demand variable are both
significantly positive, which means that there is a positive relationship between the
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Table 12 The impact of information supply and demand on crash risk: Exclude special observations

Crash risk
Model 1 Model 2 Model 3 Model 4
Crash Crash freq Crash Crash freq
LnNews 0.0206%** 0.0376%**
(0.00400) (0.00327)
Ab_SVI 0.0322%** 0.108%##%*
(0.0113) (0.00903)
MB 0.00837%%** 0.0134%** 0.00839%** 0.0136%**
(0.000901) (0.000661) (0.000901) (0.000658)
Turnover 0.00284 0.0202%** 0.00166 0.0151%%**
(0.00188) (0.00138) (0.00202) (0.00150)
PE —0.0000338* —0.0000209 —0.0000335%* —0.000019
(0.0000196) (0.0000154) (0.0000195) (0.0000153)
ROA 0.0132%** 0.0168*** 0.0133%#* 0.0169%**
(0.000862) (0.000687) (0.000862) (0.000687)
SIZE — 0.0382%** — 0.0431%*** — 0.0336%** — 0.0355%**
(0.00410) (0.00341) (0.00399) (0.00332)
LEV — 0.286%** — 0.402%** — 0.285%%** — 0.401%**
(0.0203) (0.0167) (0.0203) (0.0167)
Intercept — 0.456%** 0.0156 0.545%%* —0.128
(0.0964) (0.0801) (0.0945) (0.0787)
Obs 319,642 319,642 319,642 319,642
Number of firms 417 417 417 417
x? 1054.79%#* 3454.95%%* 1036.56%** 3464.81%#*
Log likelihood — 186,770.02 — 256,234.87 - 186,779.14 —256,229.94

This table reports regression results of online information supply and demand on intraday crash risk with
considering the effect of the market period for a sample of public firms incorporated in CSI300 from
January 1, 2013 to April 1, 2019. We exclude the observations of a firm experiencing both crashes and
jumps on the same day. Regressions using the Poisson model and run with both firm and year fixed-
effects. This table also reports the number of observations, the number of firms, the )(2, and the value of
Log Likelihood. Standard errors cluster at the firm level is shown parentheses

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

investors’ information demand and intraday price crash. These results are consistent
with Hypothesis 1 (a) and Hypothesis 2(a), and prove that our finding is robust.

5 Conclusion
The economic role of information in the financial market is highly important and

has been widely examined. In this study, we investigate the impact of daily informa-
tion supply and demand on intra-daily stock price behavior, focusing particularly on
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the intraday crashes and jumps. The analysis employs a novel proxy for information
supply which is derived on the basis of the number of news items containing a speci-
fied keyword in their headlines collected by the Baidu News channel. The internet
search volume is used as the proxy for individual investors’ information demand.
Compared with previous literature, we first provide primary evidence to prove the
existence of intraday crashes and jumps in the Chinese stock market. Then, we fur-
ther investigate how firm-specific information is incorporated into price immediately
after the fundamentals of firms have changed.

We find a significant positive effect of firm-specific information supply on intra-
day crashes and jumps. This implies that crash (or jump) frequency tends to increase
with information supply. We argue that this finding stems from that information sup-
ply prompts investors’ extremely large reactions to information. This confirms that
firm-specific information supply causes the intraday crashes and jumps, both for
crash (or jump) dummy and crash (or jump) frequency.

Similar to the information supply, we find that positive and statistically significant
effect of firm-specific information demand on intraday crashes and jumps. This sug-
gests that information demand is likely to induce extremely price falls (or rise). The
investors’ information demand increases when they are aware of pending bad (good)
news before the firm disclosure it. The undisclosed information can also cause the
price extremely change.

Finally, we divide the whole sample period into two subperiods: Bull market
period and Bear market period, and find that firms are more likely to experience
crashes in bear market phase, but intraday price jump is more likely to occur in bull
market phase. In addition, the interaction term of market cycle phase dummy and
information supply shows the evidence of interactive effects. We find that the infor-
mation supply can explain more of the intraday crash in the bear market phase. As
for information demand, the interactive effect of information demand on the intraday
price crash is a lager in the bull market phase.

Acknowledgements This work is supported by the National Natural Science Foundation of China
(71771170, 71801136 and 71790594).

References

An, H., & Zhang, T. (2013). Stock price synchronicity, crash risk, and institutional investors. Journal
of Corporate Finance, 21, 1-15.

Anas, J., Billio, M., Ferrara, L., & Mazzi, G. L. (2008). A System for dating and detecting turning
points in the euro area. Manchester School, 76(5), 549-577.

Andreou, P. C., Antoniou, C., Horton, J., & Louca, C. (2016). Corporate governance and firm-specific
stock price crashes. European Financial Management, 22, 916-956.

Andreou, P. C., Louca, C., & Petrou, A. P. (2017). CEO age and stock price crash risk. Review of
Finance, 21(3), 1287-1325.

Antweiler, W., & Frank, M. Z. (2004). Is all that talk just noise? The information content of internet
stock message boards. Journal of Finance, 59, 1259-1294.

Ball, R. (2009). Market and political/regulatory perspectives on the recent accounting scandals. Jour-
nal of Accounting Research, 47, 277-323.

Bank, M., Larch, M., & Peter, G. (2011). Google search volume and its influence on liquidity and
returns of german stocks. Financial Markets and Portfolio Management, 25(3), 239-264.

@ Springer



Stock Crashes and Jumps Reactions to Information Demand and... 425

Barber, B. M., & Odean, T. (2001). The internet and the investor. Journal of Economic Perspectives,
15, 41-54.

Barber, B., & Odean, T. (2008). All that glitters: the effect of attention and news on the buying behav-
ior of individual and institutional investors. Review of Financial Studies, 21(2), 785-818.

Boudoukh, J., Feldman, R., Kogan, S., Richardson, M., (2013). Which news moves stock prices? a
textual analysis. Technical report. National Bureau of Economic Research.

Brogaard, J., Hendershott, T., & Riordan, R. (2014). High-frequency trading and price discovery.
Review of Financial Studies, 27(8), 2267-2306.

Bry, G., Granger, C. W. J., & Boschan, C. (1971). Cyclical Analysis of Time Series: Selected Pro-
cedures and Computer Programs. Journal of the Royal Statistical Society Series A (General),
135(2), 284.

Callen, J. L., & Fang, X. (2013). Institutional investor stability and crash risk: monitoring versus short-
termism? Journal of Banking and Finance, 37, 3047-3063.

Callen, J. L., & Fang, X. (2015). Religion and stock price crash risk. Journal of Financial and Quantita-
tive Analysis, 50, 169-195.

Chan, W. S. (2003). Stock price reaction to news and no-news: Drift and reversal after headlines. Journal
of Financial Economics, 70(2), 223-260.

Chan, Y. C., Chui, A. C. W., & Kwok, C. C. Y. (2001). The impact of salient political and economic news
on the trading activity. Pacific-Basin Finance Journal, 9, 195-217.

Chang, X., Chen, Y., & Zolotoy, L. (2017). Stock liquidity and stock price crash risk. Journal of Finan-
cial and Quantitative Analysis, 52(4), 1605-1637.

Chen, J., Chan, K. C., Dong, W., & Zhang, F. (2017). Internal control and stock price crash risk: evidence
from China. European Accounting Review, 26, 125-152.

Chen, S.-N. (1982). An examination of risk-return relationship in bull and bear markets using time-vary-
ing betas. Journal of Financial and Quantitative Analysis, 17, 265-286.

ChenHongStein, J. H. J. C. (2001). Forecasting crashes, trading volume, past returns, and conditional
skewness in stock prices. Journal of Financial Economics, 61, 345-381.

Chronopoulos, D. K., Papadimitriou, F. I., & Vlastakis, N. (2018). Information demand and stock return
predictability. Journal of International Money and Finance, 80, 59-74.

Chu, X., Gu, Z., & Zhou, H. (2019). Intraday momentum and reversal in Chinese stock market. Finance
Research Letter., 30, 83-88.

Clark, P. K. (1973). A subordinated stochastic process model with finite variance for speculative prices.
Econometrica, 41, 135-155.

Cui, B., & Gozluklu, A. E. (2016). Intraday Rallies and crashes: Spillovers of trading halts. International
journal of Finance & Economics, 21, 472-501.

Da, Z., Engelberg, J., & Gao, P. (2011). In search of attention. Journal of Finance, 66(5), 1461-1499.

Dimson, E. (1979). Risk measurement when shares are subject to infrequent trading. Journal of Financial
Economics, 7, 197-226.

Ding, R., & Hou, W. X. (2015). Retail investor attention and stock liquidity. Journal of International
Financial Markets Institutions and Money, 37, 12-26.

Drake, M. S., Roulstone, D. T., & Thornock, J. R. (2012). Investor information demand: Evidence
from google searches around earning announcements. Journal of Accounting Research, 50(4),
1001-1040.

Dyck, A., Zingales, L., (2003). The media and asset prices, Working paper, HBS and University of
Chicago.

Elaut, G., Frommel, M., & Lampaert, K. (2018). Intraday momentum in FX markets: Disentangling
informed trading from liquidity provision. Journal of Financial Markets, 37, 35-51.

Engelberg, J., Reed, A., & Ringgenberg, M. (2012). How are shorts informed? Short sellers, news, and
information processing? Journal of Financial Economics, 105, 260-278.

Fang, L., & Peress, J. (2009). Media coverage and the cross-section of stock returns. The Journal of
Finance, 64(5), 2023-2052.

Gervais, S., Kaniel, R., & Mingelgrin, D. H. (2001). The high-volume return premium. Journal of
Finance, 56(3), 877-919.

Gordon, S., & St-Amour, P. (2000). A preference regime model of bull and bear markets. American Eco-
nomic Review, 90, 1019-1033.

Graham, J. R., Harvey, C. R., & Rajgopal, S. (2005). The economic implications of corporate financial
reporting. Journal of Accounting and Economics, 40, 3-73.

@ Springer



426 G.Chuetal.

Habib, A., Hasan, M. M., & Jiang, H. (2017). Stock price crash risk: review of the empirical literature.
Accounting and Finance, 58, 211-251.

Hiroyuki, A. (2013). An analysis of the impact of media coverage on stock price crashes and jumps: Evi-
dence from Japan. Pacific-Basin Finance Journal, 24, 22-38.

Hong, H., & Stein, J. C. (2007). Disagreement and the stock return. Journal of Economic Perspective, 21,
109-128.

Hu, G. X., Pan, J., & Wang, J. (2017). Early peek advantage? Efficient price discovery with tiered infor-
mation disclosure. Journal of Financial Economics, 126(2), 399-421.

Hutton, A. P., Marcus, A. J., & Tehranian, H. (2009). Opaque financial reports, R?, and crash risk. Jour-
nal of Financial Economics, 94, 67-86.

Jin, L., & Myers, S. C. (2004). R? around the world: New theory and new tests. Journal of Financial Eco-
nomics, 79(2), 257-292.

Kim, J. B., Li, Y. H., & Zhang, L. D. (2011). CFOs versus CEOs: Equity incentives and crashes. Journal
of Financial Economics, 101, 713-730.

Kim, J.-B., Li, Y., & Zhang, L. (2011). Corporate tax avoidance and stock price crash risk: firm-level
analysis. Journal of Financial Economics, 100, 639—-662.

Kim, Y., Li, H., & Li, S. (2014). Corporate social responsibility and stock price crash risk. Journal of
Banking and Finance, 43, 1-13.

Kirilenko, A., Kyle, A. S., Samadi, M., & Tuzun, T. (2017). The flash crash: High-frequency trading in an
electronic market. Journal of Finance, 72(3), 967-998.

Kothari, S., Shu, S., & Wysocki, P. (2009). Do managers withhold bad news? Journal of Accounting
Research, 47, 241-276.

Larcker, D. F., Richardson, S. A., & Tuna, I. (2007). Corporate governance, accounting outcomes, and
organizational performance. Accounting Review, 82, 963-1008.

Latoeiro, P., Ramos, S.B., Veiga, H., (2013). Predictability of stock market activity using google search
queries. Working Paper. Universidad Carlos III de Madrid.

Lee, W., & Wang, L. (2017). Do political connections affect stock price crash risk? Firm-level evidence
from China. Review of Quantitative Finance and Accounting, 48, 643—676.

Mazza, P. (2015). Price dynamics and market liquidity: An intraday event study on euronext. Quarterly
Review of Economics and Finance, 56, 139-153.

Merton, R. C. (1987). A simple model of capital market equilibrium with incomplete information. Jour-
nal of Finance, 42(3), 483-510.

Mitchel, M. L., & Mulherin, J. H. (1994). The impact of public information on the stock market. Journal
of Finance, 49, 923-950.

Moussa, F., Delhoumi, E., & Ouda, O. B. (2017). Stock return and volatility reactions to information
demand and supply. Research in International Business and Finance, 39, 54-67.

Peng, L., & Xiong, W. (2006). Investor attention, overconfidence and category learning. Journal of
Financial Economics, 80(3), 563-602.

Raimondo, C. (2019). The Media and the Financial Markets: A review. Asia-Pacific Journal of Financial
Studies, 48(2), 155-184.
Richardson, M., & Smith, T. (1994). A direct test of the mixture of distributions hypothesis: Measuring
the daily flow of information. Journal of Financial and Quantitative Analysis, 29(1), 101-116.
Rubin, A., & Rubin, E. (2010). Informed investors and the internet. Journal of Business Finance and
Accounting, 37(7-8), 841-865.

Schroff, S., Meyer, S., & Burghof, H. P. (2016). Retail investor information demand—speculating and
investing in structured products. European Journal of Finance, 22(11), 1063—1085.

Shen, D., Zhang, Y., Xiong, X., & Zhang, W. (2017). Baidu index and predictability of Chinese stock
returns. Financial Innovation, 3(4), 1-8.

Song, L., Du, C., & Wu, J. (2016). Bank accounting disclosure, information content in stock prices and
stock crash risk: global evidence. Pacific Accounting Review, 28, 260-278.

Tetlock, P. C. (2007). Giving content to investor sentiment: The role of media in the stock market. Jour-
nal of Finance, 62(3), 1139-1168.

Tetlock, P. C. (2010). Does public financial news resolve asymmetric information? Review of Financial
Studies, 23(9), 3520-3557.

Vlastakis, N., & Markellos, R. N. (2012). Information demand and stock market volatility. Journal of
Banking and Finance, 36(6), 1808—-1821.

Wang, Y. (2018). Media and google: the impact of supply and demand for information on stock returns.
SSRN Electronic Journal. https://doi.org/10.2139/ssrn.3348513

@ Springer


https://doi.org/10.2139/ssrn.3348513

Stock Crashes and Jumps Reactions to Information Demand and... 427

Wen, F. H., Xu, L., Ouyang, G., & Kou, G. (2019). Retail investor attention and stock price crash risk:
Evidence from China. International Review of Financial Analysis, 65, 101376.

Wu, S.J., & Lee, W. M. (2015). Intertemporal risk-return relations in bull and bear markets. International
Review of Economics and Finance, 28, 308-325.

Xu, N., Chan, K. C,, Jiang, X., & Yi, Z. (2013a). Do star analysts know more firm-specific information?
Evidence from China. Journal of Banking and Finance, 37, 89—102.

Xu, N., Jiang, X., Chan, K. C., & Wu, S. (2017). Analyst herding and stock price crash risk: evidence
from China. Journal of International Financial Management and Accounting, 28(3), 308-348.

Xu, N, Jiang, X., Chan, K. C., & Yi, Z. (2013b). Analyst coverage, optimism, and stock price crash risk:
evidence from China. Pacific-Basin Finance Journal, 25, 217-239.

Yin, Y., & Tian, R. (2015). Investor sentiment, financial report quality and stock price crash risk: Role of
short-sales constraints. Emerging Markets Finance and Trade, 53, 493-510.

Zhang, W., Shen, D., Zhang, Y., & Xiong, X. (2013). Open source information, investor attention, and
asset pricing. Economic Modelling, 33, 613-619.

Zhang, Y., Ma, F., & Zhu, B. (2019). Intraday momentum and stock return predictability: evidence from
China. Economic Modelling., 76, 319-329.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published
maps and institutional affiliations.

@ Springer



	Stock Crashes and Jumps Reactions to Information Demand and Supply: An Intraday Analysis
	Abstract
	1 Introduction
	2 Literature Review and Hypothesis Development
	2.1 The Literature on Stock Price Crash Risk
	2.2 The Literature on Information Supply
	2.3 The Literature on Information Demand
	2.4 Hypothesis Development

	3 Sample and Variable Construction
	3.1 The Sample
	3.2 Data and Variables
	3.2.1 Crash and Jump Variables
	3.2.2 Measuring Information Supply
	3.2.3 Measuring Information Demand
	3.2.4 Control Variables

	3.3 Descriptive Statistics

	4 Empirical Results
	4.1 The Impact of Information Supply on Stock Price Crash and Jump Risk
	4.2 The Impact of Information Demand on Stock Price Crash and Jump Risk
	4.3 Additional Test
	4.3.1 Subperiod Analysis
	4.3.2 An alternative Measure of Crash Risk
	4.3.3 Exclude Special Observations


	5 Conclusion
	Acknowledgements 
	References




