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Abstract 

Using unique social media data to construct a composite measure of retail investor attention 

(RIA), this paper investigates the impact of RIA on stock crash risk in the China stock market. 

First, evidence shows a significantly positive effect of RIA on crash risk. Second, the effect is 

stronger for non-state-owned, small-cap, profitable, young, high-turnover, high-volatility, and 

low-institutional-ownership firms. Third, the effect with a sample of shortable stocks 

substantially weakens, supporting the importance of short-sale constraints on the effect. Finally, 

using a sample of attention-grabbing stocks, trading behavior of retail investors offers a crucial 

linkage from RIA to crash risk. 
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1. Introduction 

The purpose of this paper is to explore the impact of retail investor attention (RIA) on 

crash risk in the China stock market. Crash risk of a given stock refers to the likelihood of an 

extreme price collapse of that stock. The collapses of individual stock prices seriously harming 

stockholders’ wealth take place occasionally in stock markets. If numerous stock price crashes 

happen at the same time, they could even endanger the real economies. To protect shareholders’ 

wealth and maintain stock market stability, it is crucial to clarify why and how a crash occurs. 

Prior studies have examined possible determinants that affect crash risk from firm-specific 

and investor-behavior viewpoints. Studies from the firm-specific viewpoint mainly concentrate 

on the agency theory;1 while those from the investor-behavior viewpoint focus on the impact 

of investor behavior and psychological biases on stock price crashes.2  As noted by recent 

papers (e.g., Goldstein et al., 2011; Colombo et al., 2014; Easley et al., 2016; Goldstein and 

Yang, 2017), the availability of information and information itself may play important roles in 

asset price behavior as well as trading behavior of investors. 

In classical finance theory, investors equipped with sufficient information collecting and 

processing abilities maximize their utility by acquiring a large amount of information to guide 

their own decision making. In reality, however, the sufficiency of such information collecting 

and processing abilities varies across investor groups (Merton, 1987). For example, 

institutional and retail investors are generally believed to be informed and noise traders, 

                                                             
1 Kothari et al. (2009) argue that, firm managers tend to disclose good news on time and delay or refrain from 

disclosing bad news for the sake of their own careers and the interests of the associated firms. When the cost of 

hiding bad news is too high to sustain, the firms’ stock prices inevitably suffer downward pressure or even crashes 

once bad news is revealed (Jin and Myers, 2006; Hutton et al., 2009). Relevant studies employ tax avoidance and 

option incentives (Kim et al., 2011a; 2011b), accounting robustness (Kim and Zhang, 2016) and other firm-

specific reasons to investigate the determinants of crash risk. 
2  The existing literature analyzes the relationship between investor behavior and crash risk as well as the 

economic consequences on the financial market, from the viewpoints of agents’ heterogeneous beliefs (Hong and 

Stein, 2003), institutional ownership (An and Zhang, 2013; Callen and Fang, 2013), investor preferences (Liu et 

al., 2016), and short-sale constraints (Yin and Tian, 2017). 
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respectively (e.g., Lee et al., 2004; Griffin et al., 2003; Barber and Odean, 2008). Unlike 

institutional investors, retail investors faced with non-trivial search costs are eagle but unable 

to afford to collect necessary information and precisely interpret it. Even with ample and 

accessible information, most of them may still be unsure how the information might shape the 

future (Nofsinger, 2001a; Hirshleifer and Teoh, 2003; Peng and Xiong, 2006). 

Given the rapid development of Internet that provides investors with affordable 

information sources and easy interface, the tendency of retail investors accessing information 

through Internet has been clearer than ever. Nevertheless, Ying et al. (2015) state that investor 

attention to news and events through the Internet is considered a scarce resource. Barber and 

Odean (2008) believe that, given the scarcity of investor attention and abundance of possible 

investment opportunities, the transactions of retail investors are likely to concentrate on stocks 

whose information is freely available. 

Recent studies (e.g., Aboody and Lev (2000), Da et al. (2011), Ding and Hou (2015), 

Goddard et al. (2015), Drake et al. (2016), Han et al. (2018)) also indicate that the scarcity of 

investor attention affects the choice of assets and their allocation, leading to changes in price 

dynamics of assets, investor behavior, and trading activities. However, to our knowledge, no 

prior study has systematically examined the impact of investor attention (especially RIA) on 

crash risk. Different from these prior studies, this paper focuses on the China stock market and 

explores how RIA affects firm-specific crash risk. Thanks to our rich data sets, including unique 

social media data and intraday trade data, we pay extra attention to the role of trading behavior 

of retail investors in the RIA effect on crash risk in the China stock market. 

As the largest emerging stock market in the world (Ng and Wu, 2007; Nartea et al., 2017), 

the China stock market has uncommon microstructures that provide an ideal platform for this 

goal. First, unlike fully developed stock markets such as the ones in U.S., where a majority of 
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transactions occur among institutional investors, the China stock market is dominated by retail 

investors with higher risk appetites (Lee and Wong, 2009; Chen et al. 2017; Nartea et al., 2017; 

Yao et al., 2019). Thus, such an investor composition may help distinguish the roles of trading 

behavior of retail investors in trading activities from those of institutional investors. 

Second, the China stock market still has imposed strict short-sale constraints under which 

differences of opinion engender overpricing that cannot be quickly corrected, because only 

optimists can fully express their views (Miller, 1977; Harrison and Kreps, 1978). Given these 

uncommon institutional backgrounds on which psychological biases are easily developed and 

thanks to the richness of our data, we can detect the roles of attention of retail investors and 

their trading behavior in determining crash risk. 

To proxy for RIA, we develop a composite measure using unique and comprehensive 

social media data for the China stock market. We collect five proxies for investor attention that 

have been separately employed by prior studies. They are (1) the number of posts on the Guba 

Eastmoney Forum (e.g., Bollen et al. (2011) and Huang et al. (2016)), (2) the Baidu Search 

Volume (Joseph et al. (2011), Yu and Zhang (2012), and Zhang et al. (2014)), (3) the Hexun 

RIA index (Wang and Yang (2014), Huang et al. (2016), and Jin et al. (2017)), (4) the number 

of times for which a stock is mentioned in news on Sina Finance (Antweiler and Frank (2004), 

Das and Chen (2007), Kim and Kim (2014), and Bajo et al. (2016)), and (5) trading volume 

(Gervais et al. (2001), Peng and Xiong (2006), and Barber and Odean (2008)). 

Our evidence shows that, first, RIA in the China stock market positively and significantly 

relates to future crash risk. Second, the attention effect varies across firm characteristics, 

aggregate states, and policy shocks. For example, the effect is stronger for non-state-owned, 

small-cap, profitable, young, high-turnover, high-volatility, and low-institutional-ownership 

firms. Third, the RIA effect on crash risk is substantially weaker for shortable stocks. Finally, 
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using a sample of attention-grabbing stocks, we confirm that the attention-induced trading 

behavior of retail investors acting well as a linkage explains why RIA increases crash risk. 

This paper is expected to contribute to the literature as follows. First, motivated by Kumar 

et al. (2016) and Jiang et al. (2017), we develop a new and composite RIA covering a broad set 

of RIA channels, including online searches through the Internet, posts on stock message boards, 

Internet news, and trading activities. These channels all have been separately studied by prior 

research. Our composite RIA measure is expected to more precise and comprehensive. 

Second, complementing prior studies that explore what causes crash risk from the 

viewpoints of heterogeneous beliefs and institutional ownership, this paper concludes that RIA 

strongly relates to future crash risk. In addition, paying attention to policy shocks as well as 

attention-grabbing stocks, we analyze how investor cognition (attention) influences practical 

crash risk through retail investors’ net-buys. Our study enriches the literature by, for the first 

time ever, highlighting the attention-induced trading behavior of retail investors acting as a 

linkage from RIA to crash risk. 

Finally, most previous studies on investor attention are based on fully developed markets 

like the U.S. and European markets (Peng and Xiong, 2006; Da et al., 2011; Peltomäki and 

Vähämaa, 2015), while few studies are on emerging markets with different microstructures and 

underdeveloped financial systems. For instance, due to trader composition and market 

inefficiency, RIA easily leads to mispricing. Our evidence can provide policy makers of 

emerging markets with insight into how to reasonably guide RIA to maintain a smooth and 

orderly development of stock markets. 

The rest of this study is organized as follows. Section 2 presents the research hypotheses. 

Section 3 describes the data and presents the methodologies used to examine the effect of RIA 

on crash risk in the China stock market. Section 4 shows our empirical results. Section 5 
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explores the economic mechanisms linking RIA and crash risk from different perspectives. 

Section 6 presents the robustness checks. A brief conclusion and discussion are provided in 

Section 7. 

 

2. Literature review and hypotheses development 

2.1. Limited investor attention and the attention-induced trading behavior 

The availability of information plays an important role in retail investors’ decision making 

(Nofsinger, 2001b; Colombo et al., 2014; Easley et al., 2016; Goldstein and Yang, 2017). 

Traditional financial theory regards that market investors with Bayesian rationality have strong 

information acquisition and processing ability, and they can maximize their utility by acquiring 

and processing a large amount of information to guide their decision making. 

However, related literature (e.g., Merton 1987; Hirshleifer and Teoh, 2003; Barber and 

Odean, 2008) posits that attention is a scarce resource. When there are many alternatives, 

choices that attract attention are more likely to be chosen. For example, Merton (1987) argues 

that investors trade only stocks they are aware of, because information is costly. Non-trivial 

(search) costs prevent them from allocating their limited attention to all available information, 

although they are eager to have much information about price dynamics of stocks. As a result, 

they can only collect and react to information that attracts their attention (Barber and Odean, 

2008). Recently, more and more studies find that limited attention of retail investors not only 

limits their learning and decision-making process but also affects their trading behavior (Hong 

and Stein, 1999; Pashler et al., 2001; Statman et al., 2006; Aboody et al., 2010). 

Extant studies (e.g., Hong and Stein, 1999; Statman et al., 2006; Barber and Odean, 2008; 

Da et al., 2011) also provide evidence on the attention-induced trading behavior of retail 

investors. Namely, they tend to attach more weight to information they pay attention to, which 
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induces themselves to net-buy the corresponding stocks in the short term, due to their limited 

cognitive ability and non-trivial search costs. 

2.2. The impact of short-sale constraints 

Miller (1977) notes that divergences of opinions among investors have a significant 

impact on asset pricing, particularly under short-sale constraints. Optimistic traders can fully 

express their opinions by buying stocks in the market, while pessimists are kept out of the 

market by short-sale constraints. The asymmetric actions make prices reflect a more optimistic 

valuation and result in a slower price discovery (Hong and Stein, 2007; Yu, 2011; Chatterjee et 

al., 2012; Cen et al., 2013). Along with psychological biases of investors (e.g., overconfidence 

and herd mentality), mispricing could be strengthened and price discovery could be further 

delayed (Hou et al., 2006; Baker and Wurgler, 2006; Kumar and Lee, 2006; Seybert and Yang, 

2012; Wurgler, 2012; Kim et al., 2014; Stambaugh et al., 2012, 2014). 

2.3. Research hypotheses 

To study the relationship between RIA and crash risk, first, we conjecture that the 

attention-induced trading behavior suggested by Barber and Odean (2008) not only matters, 

but also acts as a linkage from RIA to crash risk. That is, investors paying a great deal of 

attention to stocks tend to net-buy those stocks, plausibly affecting trading activities and 

generating temporary upward pressure on the stock prices (Merton, 1987; Barber and Odean, 

2008; Joseph et al., 2011; Ding and Hou, 2015). 

Many studies have noted that such a price increase is often caused by overconfidence and 

trading behavior induced by attention without support of fundamental changes (Takeda and 

Wakao, 2014; Yao et al., 2019; Mandi et al., 2019). Moreover, under binding short-sale 

constraints, overreaction could strengthen short-term overpricing, which will eventually be 

corrected in the long run as investors observe future news and realize their errors (Savor, 2012; 



8 

 

Da et al., 2013; Hameed and Mian, 2015). 

More importantly, under short-sale constraints, the process of stock price recovery are also 

relatively slow (Chen et al., 2002; Diether et al., 2002; Hong and Sraer, 2016; Jiang and Zhu, 

2017). Therefore, different trading behaviors of investors with disagreement beliefs under 

short-sale constraints conceal huge stock price crash risk, and it is highly possible that the stock 

prices may fall once true information is revealed and impounded into the prices in the future 

(Xu et al., 2013). 

In summary, this paper conjectures that RIA to a given stock may induce their optimism 

and net-buy demands for the stock. Their subsequent attention-induced trading behavior could 

generate overreaction and positively impact the stock price. Under short-sale constraints, the 

optimism and the associated mispricing may conceal a likelihood of stock price crash. Based 

on the above arguments, we propose the following two research hypotheses: 

Hypothesis 1: RIA increases future crash risk. 

Hypothesis 2: The attention-induced trading behavior of retail investors acts as a linkage from 

investor attention to future crash risk. 

 

3. Data and methodology 

3.1. Sample selection and data sources 

The major part of our sample comes from three datasets, covering from 2006 to 2017. 

First, we include all A-share stocks listed on the Shanghai Stock Exchange (SHSE) and the 

Shenzhen Stock Exchange (SZSE). Stock returns and accounting information are available 

from the Chinese Stock Market and Accounting Research (CSMAR) database. Second, 

measuring one of the selected aggregate states, market sentiment proxied by the composite 



9 

 

investor sentiment index in China’s stock market (CICSI) on a monthly basis is collected from 

CSMAR.3  Third, the intraday trade data measuring investor trading behavior are available 

from the RESSET Financial Database. Finally, the remaining part of our sample applied to 

construct the individual RIA measures are hand-collected. 

Following Callen and Fang (2013), Xu et al. (2014), and Chang et al. (2017), we exclude 

(1) firms with fewer than 30 weeks of stock return data in a fiscal year, (2) financial services 

firms, (3) the first-month data after IPO, and (4) firm-year observations without sufficient 

financial data to calculate control variables in regressions. 

3.2. Developing a composite RIA index 

Although RIA is theoretically and empirically appealing and has spawned considerable 

academic interest, a primary challenge is the lack of a direct empirical measure. Extant studies 

have applied numerous indirect measures of RIA, including, for example, extreme stock returns 

(Barber and Odean, 2008), trading volume (Peng and Xiong, 2006), and advertising expenses 

(Grullon et al., 2004). However, these traditional measures may fall short of capacity to capture 

RIA particularly in recent years, given the rapid development of Internet technology (Da et al., 

2011). Thanks to the Internet, retail investors have increasingly used new media resources (e.g., 

the online search engine, stock message boards, and free chat rooms) that can effectively reduce 

the costs of acquiring information. 

Different from those studies, this paper explicitly accommodates the development of the 

Internet and introduces in a composite RIA measure, on a daily basis. This measures integrates 

five direct and indirect RIA measures applied by recent studies. Specifically, they are (1) the 

                                                             
3 Similar to Baker and Wurgler (2006), Yi and Mao (2009) employ a principal component analysis to form a 

composite index of investor sentiment for China’s stock market (CICSI). The index accommodates the common 

variations in six underlying proxies for investor sentiment: the closed-end fund discount, the number of IPOs, the 

average first-day IPO returns, the market turnover, the consumer confidence, and the number of newly opened 

brokerage accounts. Moreover, Yi and Mao remove business cycle variation from CICSI. 
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number of posts on the Guba Eastmoney Forum (D_Guba), (2) the Baidu Search Volume 

(D_BSV), (3) the Hexun index (D_Hexun), (4) the number of times for which a stock is 

mentioned in news on Sina Finance (D_Sina),4  and (5) trading volume (D_Tover). Their 

detailed descriptions are recorded in Appendix A.5 The composite RIA measure is expected to 

increase the comprehensiveness and preciseness of existing measures. 

However, due to the limited availability, the five measures are not all available over the 

entire sample period, 01/2006-12/2007. The availability of each measure is described in the 

following: 

Period Available measures 

01/2006-06/2007 D_Sina and D_Tover 

07/2007-05/2009 D_Guba, D_Sina, and D_Tover 

06/2009-12/2010 D_Hexun, D_Guba, D_Sina, and D_Tover 

01/2011-12/2017 D_BSV, D_Hexun, D_Guba, D_Sina, and D_Tover 

We construct the composite RIA measure as follows. First, we calculate an abnormal index 

for each of the available RIA measures by separately computing the deviation from the normal 

or time-trend level, as suggested by Jiang et al. (2017): 

𝐴𝑏𝑛_𝐷_𝐴𝑡𝑡𝑖,𝜃,𝜏 =
𝐷_𝐴𝑡𝑡𝑖,𝜃,𝜏 − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝐷_𝐴𝑡𝑡𝑖,(𝜏−3,𝜏−1))

𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝐷_𝐴𝑡𝑡𝑖,(𝜏−3,𝜏−1))
, (1) 

where i indexes firms and 𝜃 and τ respectively denote days and months. 𝐷_𝐴𝑡𝑡𝑖,𝜃,𝜏 is the 

daily RIA to firm i on day  in month , using each of available measure, i.e., 

𝐷_𝐴𝑡𝑡𝑖,𝜃,𝜏{𝐷_𝐺𝑢𝑏𝑎𝑖,𝜃,𝜏 , 𝐷_𝐵𝑆𝑉𝑖,𝜃,𝜏, 𝐷_𝐻𝑢𝑥𝑒𝑛𝑖,𝜃,𝜏, 𝐷_𝑆𝑖𝑛𝑎𝑖,𝜃,𝜏, and  𝐷_𝑇𝑜𝑣𝑒𝑟𝑖,𝜃,𝜏}. 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝐷_𝐴𝑡𝑡𝑖,(𝜏−3,𝜏−1)), the average of the daily RIA of previous two months, denotes the 

                                                             
4 Particularly, extant studies (e.g., Antweiler and Frank (2004), Das and Chen (2007), Kim and Kim (2014), and 

Bajo et al. (2016)) collect information from Yahoo! Finance to measure investor attention in U.S. As the top 

financial Internet media in China, Sina Finance covers more than 80% of financial and economic news 

(http://top.chinaz.com/hangye/index_shenghuo_caijing.html). More importantly, the accesses are free of change. 

Therefore, it is appropriate to collect information from Sina Finance to measure RIA in the China stock market. 
5 Table A1 of Appendix A shows that the correlation coefficients between the five RIA measures. As a result, the 

correlation coefficients, ranging from 10.8% to 46.9%, indicate that these five measures embedding information 

from various sources attempt to capture RIA from different angles. 
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normal or time-trend level of RIA. 

Second, taking an approach motivated by Kumar et al. (2016), we integrate these abnormal 

indices into a composite RIA index on a daily basis. Specifically, on each day we assign all 

selected stocks into 20 groups, based on (𝐴𝑏𝑛_𝐷_𝐴𝑡𝑡𝑖,𝜃,𝜏) , separately using available 

measures. Then, each stock has n ranks each of which lies between 1 and 20, where n is the 

number of available measures. Finally, we sum up all ranks of each stock to a score ranging 

from n to (20n) and normalize the score by (20n − n) as the composite RIA index as follows: 

𝐷_𝑅𝐼𝐴𝑖,𝜃 =
𝑠𝑐𝑜𝑟𝑒𝑖,𝜃 − 𝑛

20 × 𝑛 − 𝑛
, (2) 

where 𝑠𝑐𝑜𝑟𝑒𝑖,𝜃 is the sum of n ranks of stock i on day . Since crash risk and other control 

variables are measured on an annual basis, we average all its daily composite RIA in the same 

year as the yearly RIA. 

3.3. Measures of stock price crash risk 

Following Jin and Myers (2006), Hutton et al. (2009) and Kim et al. (2011a, 2011b), we 

define a stock price crash as a remote and negative outlier in a firm’s residual return. We employ 

two measures of firm-specific crash risk: the negative conditional skewness (NCSKEW) and 

the down-to-up volatility (DUVOL). Specifically, we first estimate the following expanded 

index model to calculate firm-specific weekly returns for each firm-year: 

𝑟𝑖,𝜃 = 𝛼𝑖 + 𝛽1,𝑖𝑟𝑚,𝜃−2 + 𝛽2,𝑖𝑟𝑚,𝜃−1 + 𝛽3,𝑖𝑟𝑚,𝜃 + 𝛽4,𝑖𝑟𝑚,𝜃+1 + 𝛽5,𝑖𝑟𝑚,𝜃+2 + 𝜀𝑖,𝜃, (3) 

where 𝑟𝑖,𝜃 and 𝜀𝑖,𝜃 are respectively the raw and the firm-specific returns on stock i in week 

𝜃, and 𝑟𝑚,𝜃 is the value-weighted market return. The lead and lag market returns are included 

to allow for nonsynchronous trading (Dimson, 1979). Then, we estimate the firm-specific 
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weekly return on firm i in week 𝜃, 𝑊𝑖,𝜃, as the natural logarithm of 1 plus the firm-specific 

return in Eq. (3) (i.e., 𝑊𝑖,𝜃 = 𝑙𝑛(1 + 𝜀𝑖,𝜃)). 

The first measure of crash risk is NCSKEW, calculated by taking the negative value of the 

third moment of firm-specific weekly returns for each year and normalizing it by the standard 

deviation of the firm-specific weekly returns raised to the third power. Specifically, for each 

firm i in year t, crash risk is computed as: 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡 = − [𝑛(𝑛 − 1)
3
2 ∑ 𝑊𝑖,𝜃

3

𝜃

] [(𝑛 − 1)(𝑛 − 2) (∑ 𝑊𝑖,𝜃
2

𝜃

)

3
2

]⁄ , (4) 

where n is the number of observed firm-specific weekly returns on stock i in year t. The higher 

the NCSKEWi,t, the more crash prone the stock i. 

To compute the second measure of crash risk, DUVOLi,t, we separate all trading weeks 

into up and down weeks, based on firm-specific weekly returns in Eq. (3). Those weeks with 

the firm-specific returns above (below) the annual mean and assigned to the up-week (down-

week) group. DUVOLi,t, is computed as the natural logarithm of the ratio of the standard 

deviation in the down weeks to that in the up weeks: 

𝐷𝑈𝑉𝑂𝐿𝑖,𝑡 = log {[(𝑛𝑢 − 1) ( ∑ 𝑊𝑖,𝜃
2

𝜃∈𝐷𝑂𝑊𝑁_𝑤𝑒𝑒𝑘𝑠

)] [(𝑛𝑑 − 1) ( ∑ 𝑊𝑖,𝜃
2

𝜃∈𝑈𝑃_𝑤𝑒𝑒𝑘𝑠

)]⁄ , } (5) 

where 𝑛𝑢  and 𝑛𝑑  are the numbers of up and down weeks, respectively. The higher the 

DUVOLi,t, the greater the crash risk firm i faces. 

3.4. Panel regression model 

To examine the attention effect on crash risk, we propose a panel regression model on a 
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yearly basis as follows. 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 = 𝛽0 + 𝛽1𝑅𝐼𝐴𝑖,𝑡 + ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1, (6) 

where i indexes firms and t denotes years, and Controlsk,i,t is a set of controlled variables on an 

annual basis, including NCSKEWi,t, Sigmai,t, Reti,t, Dturni,t, Sizei,t, BMi,t, LEVi,t, ROAi,t, and 

AbsACCi,t, considered crucial in related studies. Appendix B provides the definitions of all 

control variables used in our analysis. Note that the one-year lagged measure of crash risk 

(NCSKEWi,t) is included as a control variable to avoid potential endogenous effects. In addition, 

to control for the sample’s heterogeneity caused by year and industry, we adopt a two-way 

fixed effect model to estimate the regressions. Except the measure of RIA, all other continuous 

variables are winsorized at the 1% level in each tail.6 

 

4. Empirical results: the preliminary evidence 

This section empirically analyzes the RIA effect on crash risk. First, Section 4.1 provides 

a descriptive analysis and a correlation coefficient matrix of the main variables. Then, Section 

4.2 shows the unconditional results of the model introduced in Section 3.4. Finally, in Section 

4.3 we study the results conditional on the selected firm characteristics and aggregate states. 

4.1. Descriptive statistics and correlation coefficient matrix 

First, we conduct a basic descriptive analysis for the employed variables. Adopting the 

Fama-Macbeth (1973) approach, we first estimate the cross-sectional statistics (mean, standard 

deviation, Q1, median, and Q3) among the selected variables each year. Then, we calculate the 

time-series averages of cross-sectional statistics in the first step and report them in Table 1. 

                                                             
6 By construction, the value of the composite RIA index ranges from 0 to 1, so no winsorization is necessary. 
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According to Panel A of Table 1, NCSKEWi,t and DUVOLi,t have different profiles in terms 

of the mean, standard deviation, and median. Panel B shows that the correlation coefficients 

between RIAi,t and crash risk proxied by NCSKEWi,t+1 and DUVOLi,t+1 are all positively 

correlated. For example, the Spearman correlation coefficient between RIAi,t and crash risk 

proxied by NCSKEWi,t+1 (DUVOLi,t+1) is 0.094 (0.102). The preliminary evidence supports that 

RIA may increase future crash risk.7 

[Insert Table 1 here] 

4.2. The unconditional analysis 

Table 2 presents the baseline regression results of Eq. (6). As observed in Table 2, the 

coefficients on RIAi,t are all significantly positive, regardless of the applied measures of firm-

specific crash risk. For example, in Model (2) using NCSKEWi,t+1 as the dependent variable 

and including the control variables, the coefficient on RIAi,t is 0.130 and significant at the 1% 

level. Intuitively, the higher the RIAi,t, the higher the stock’s future crash risk. The unconditional 

result clearly supports Hypothesis 1. 

Moreover, the coefficients on the control variables are generally in line with prior studies. 

For example, the coefficient on NCSKEWi,t (DUVOLi,t) is 0.057 (0.062) and significant at the 

1% level, which is in line with Chang et al. (2017). This follows that firms with higher crash 

risk may continue to face higher crash risk in the future. The coefficients on the past stock 

return volatility (Sigmai,t), past returns (Reti,t), and firm size (Sizei,t) are significantly positive, 

which is consistent with Jin and Myers (2006), Hutton et al. (2009), and Xu et al. (2014). 

Intuitively, firms with higher past volatility, higher past returns, or larger market capitalization 

                                                             
7 To ensure the impact of RIA on crash risk, Appendix B additionally examines the effect of RIA on control 

variables price crashes. For each stock, we regard stock price declines within a given fiscal year by more than 

20%, 30% and 50% separately as the events of real stock price crashes. Using logit regressions, Table A2 

corroborates a significantly positive RIA effect on real stock price crashes. 
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are more prone to experience future price crashes. Finally, the coefficients on BMi,t and on 

ROAi,t are significantly negative, consistent with Hutton et al. (2009) that stocks with higher 

book-to-markets or higher profitability are less likely to experience price crashes in the future. 

[Insert Table 2 here] 

4.3. Conditional analyses on firm characteristics and aggregate states 

In this subsection, we conduct conditional analyses on the RIA effect on crash risk to 

examine whether the effect varies across firms and time (aggregate states). The selected firm 

characteristics mostly relate to information uncertainty or asymmetry with which firms are 

impacted more by excessive investor sentiment. On the other hand, the selected aggregate states 

reflect different levels of investor overconfidence and the associated trading behavior. 

4.3.1 Firm characteristics 

Regarding firm characteristics, Stambaugh et al. (2012), Baker and Wurgler (2006), and 

Takeda and Wakao (2014) conclude that investor sentiment has significant effects on the cross-

section of stock prices. Particularly smaller firms or firms with analogous characteristics that 

have a great deal of uncertainty are likely to be most sensitive to speculative demands and to 

be more affected by shifts in investor sentiment. Greater uncertainty about stocks and their 

fundamentals could lead to investor overconfidence and room for psychological biases 

(Hirshleifer, 2001). 

The first selected firm characteristic is firm size. Baker and Wurgler (2006) and 

Stambaugh et al. (2012) conclude that, smaller firms or firms with analogous characteristics 

indicating room for information uncertainty are likely to be most sensitive to speculative 

demands and to be more affected by shifts in investor sentiment. Greater uncertainty about 

stocks and their fundamentals could engender investor overconfidence and other psychological 

biases (Hirshleifer, 2001). Moreover, as suggested by Zhang (2006), small-cap firms are less 



16 

 

diversified and have less information available for the market than large-cap firms. Small-cap 

firms may also have fewer customers, suppliers, and shareholders, and may not bear high 

disclosure preparation costs. Ozoguz (2009) finds that uncertainty about the economy leads to 

significant variations across portfolios based on size. 

The second firm characteristic is about whether or not a given firm is a state-owned 

enterprise (SOE). Bai et al. (2006) state that one of the initial objectives of the China 

government to develop its equity market is to help SOEs relax external financing constraints, 

so policies are mostly in favor of SOEs or companies with close ties to the government. 

Moreover, China’s banking system mainly controlled by the government is obligated to take 

political objectives rather than pure commercial judgments into consideration (Huang et al., 

2019). In general, SOEs in China enjoying operating and financial advantages over private-

owned enterprises have less information uncertainty and are considered less risky. 

The third, fourth, and fifth selected firm characteristics proxying for information 

uncertainty are respectively turnover, price volatility, and age. Information uncertainty for 

firms with higher turnover, firms with higher return volatility, and younger firms is expected 

to be more severe (Jiang et al., 2005, Baker and Wurgler, 2006; Zhang, 2006). 

The sixth applied firm characteristic is institutional ownership. Institutional investors are 

often regarded as sophisticated investors who process information more effectively for 

predicting future earnings than retail investors. Thus, as institutional ownership increases, stock 

prices should reflect more concurrent information that is predictive of future earnings 

(Jiambalvo et al., 2002). Agarwal (2007) suggests that competition among institutional 

investors accelerates the process in which private information is impounded into prices, 

reducing uncertainty about future payoffs. 

The seventh employed dummy variable relates to analyst coverage. Financial analysts can 
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access first-hand (firm-specific) information, digest the information, and distribute the 

information across financial markets. Previous research has shown that financial analysts help 

to reduce information asymmetries between managers and investors (Kross et al., 1990; 

Brennan and Subrahmanyam, 1995; Bushee et al., 2010). Hong et al. (2000) consider that 

analyst coverage could accelerate firm-specific information flows across the investing public.8 

We divide the full sample separately into larger/smaller cap, SOE/non-SOE, higher/lower 

turnover, higher/lower volatility, older/younger, higher/lower institutional-ownership, and 

higher/lower analyst coverage groups, based on the corresponding firm characteristics. Then, 

we re-estimate Eq. (6) separately with the above groups. 

Documenting various conditional effects, Table 3 indeed reveals clear cross-sectional 

patterns. As shown in Panel A, for example, when NCSKEWi,t+1 is adopted to measure crash 

risk, the coefficients on RIAi,t in Models (3), (4), (6), (8), (9), (12), (13), and (14) are 

significantly positive, while those in Models (1), (2), (5), (7), (10), and (11) are not significant. 

Intuitively, the positive effect of RIA on crash risk is more pronounced for smaller-cap, non-

SOE, higher turnover, higher volatility, younger, lower institutional ownership, and lower 

analyst coverage firms. Panel B of Table 3 adopting DUVOLi,t+1 to measure future crash risk 

finds similar results. 

[Insert Table 3 here] 

4.3.2 Aggregate states 

Regarding aggregate states, Cooper et al. (2004), Baker and Wurgler (2006), Avramov et 

al. (2016), and Yao et al. (2019) argue that an up market or a market with rising investor 

sentiment can stimulate investor overconfidence and speculative demands. Inexperienced retail 

                                                             
8 Yao et al. (2019) and Xu et al. (2013) find that institutional ownership and analyst coverage increasingly act as 

“market stabilizers” and “information diggers” in the China stock market. 
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investors are more likely to be subject to sentiment than institutional investors. Motivated by 

their arguments, first, we define an up-market (down-market) year when the excess market 

returns are non-negative (negative). Second, following Yi and Mao (2009), we construct the 

investor sentiment index in China (CICSI). A high (low) sentiment year is the year when CICSI 

is greater (lower) than the sample average. Then, we separately re-estimate Eq. (6) with the 

above sub-groups. 

As shown in Panels A and B of Table 4, the coefficients on RIAi,t in Models (1) and (2) are 

all significantly positive, while those in Models (3) and (4) are not significant. This suggests 

that positive aggregate states under which investor sentiment is high and overconfidence is 

severe are likely to strengthen the RIA effect on future crash risk. Putting together the 

conditional results, the RIA effect really varies across firms and time. 

[Insert Table 4 here] 

 

5. An economic linkage from RIA to crash risk 

Although we have unconditionally and conditionally confirmed the positive RIA effect on 

crash risk, however, if not accompanied or followed by real trades, only RIA itself could never 

change the dynamics of trading activities and stock prices. Recall the discussion of Hypothesis 

2 in Section 2 concerning the potential importance of retail investors’ behavior, possibly 

induced by attention, in affecting real trading activities such as trading volume and volatility. 

The attention-induced trading behavior of retail investors seems to serve as a bridge between 

intangible RIA and real trading activities. 

In addition, recall the strengthening timing-varying RIA effects when investor sentiment 

and overconfidence is high. Plausibly, the aggregate states can further stimulate the attention-

induced trading behavior of retail investors. If the behavior acts as the linkage, its increase can 
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aggravate the associated psychological biases and result in higher crash risk. In this section, we 

test Hypothesis 2 by studying the role of the attention-induced trading behavior of retail 

investors in the observed RIA effect on crash risk. 

As a first step, we sharpen our focus by employing a sample of attention-grabbing stocks 

to study how retail investors trade on those stocks and how their trades impact crash risk of 

those stocks. Then, in an auxiliary analysis, we examine the RIA effect before and after an 

exogenous policy shock that is likely to substantially change the trading behavior of retail 

investors. Finally, we highlight the importance of short-sale constraints in the RIA effect on 

crash risk. These tests are expected to pin down what the linkage between in the RIA effect and 

crash risk is and how the linkage behaves over-time. 

5.1. Trading behavior of retail investors 

As suggested by Barber and Odean (2008), attention of retail investors is likely to induce 

their trading behavior that could change stock price dynamics, at least in the short run. 

Motivated by their suggestion, we consider that the attention-induced behavior of retail 

investors may serve as a linkage from RIA to crash risk. To validate the existence of such a 

linkage, in the following, we use a sample of stocks – those appearing on the “Dragon-Tiger 

List” – in the China stock market and examine the comovements of RIA, the attention-induced 

behavior of retail investors, and crash risk. 

After the market closes every trading day, on the official websites of SHSE and SZSE they 

routinely disclose the List that contains stocks experiencing extreme changes in their prices 

and trading volumes. 9  Immediately afterwards, this information is quickly and widely 

disseminated through major financial news media and social platforms that mostly attract RIA 

                                                             
9  The disclosure website of SHSE is http://www.sse.com.cn/disclosure/diclosure/public/, and the disclosure 

website of SZSE is http://www.szse.cn/disclosure/deal/public/index.html. Stocks appearing on the list are the top 

three stocks with an increased deviation of more than 7% in their daily closing prices or a daily turnover of more 

than 20%. 

http://www.sse.com.cn/disclosure/diclosure/public/
http://www.szse.cn/disclosure/deal/public/index.html
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(Feng, 2017). Those stocks, as noted by Barber and Odean (2008), certainly have attention-

grabbing features.10 

To examine how retail investors trade on those features, we need to trace their trading 

records. However, due to limited data availability, we do not have information regarding 

investor identifications. Instead, following Lee and Radhakrishna (2000), Hvidkjaer (2008), 

and Wang et al. (2011), we classify all trades by dollar-based trade size and apply small-size 

trades (each of which is less than RMB 100,000) to distinguish trades by retail investors.11 

Furthermore, adopting Grinblatt and Keloharju (2000), Ng and Wu (2007), and Barber 

and Odean (2008), (𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿), denoting the trade imbalances initiated by small trades, 

proxies for the retail investors’ net-buy behavior on stock i on day d: 

𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 =

𝐵𝑈𝑌𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 − 𝑆𝐸𝐿𝐿𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿

𝐵𝑈𝑌𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 + 𝑆𝐸𝐿𝐿𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿, (7) 

where 𝐵𝑈𝑌𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿  and 𝑆𝐸𝐿𝐿𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿  are respectively the buy- and sell-initiated trading 

volumes of stock i by retail investors on day d following the stock’s appearance on the Dragon-

Tiger List, and 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 is regarded as the net-buys of the stock by retail investors 

We follow Lee and Ready (1991) to distinguish trading directions. 

Then, we attempt to confirm a causality from attention of retail investors to their net-buys 

of stocks appearing on the Dragon-Tiger List. Simply speaking, of interest is whether RIA 

induces retail investors’ net-buys. We propose the following: 

                                                             
10  Barber and Odean (2008) show that attention-grabbing stocks mainly attract retail investors rather than 

institutional investors with financial expertise and a large investment scale. Our untabulated results show that RIA 

to stocks on the day following their appearances on the List is significantly higher than that to other stocks with 

similar government ownership, size, and age, but without appearing on the List. 
11 In untabulated experiments, we separately apply RMB 30,000 and 50,000 as the cut-off points to distinguish 

small-size trades. As a result, the alternative applications will not qualitatively change our conclusions. 
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∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+𝑛,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏

= 𝛽0 + 𝛽1 ∑ 𝐷_𝑅𝐼𝐴𝑖,𝜏+1,𝑡

𝜏

+ ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡, (8) 

where  is a set of date(s) in year t on which stock i appears on the Dragon-Tiger List, and n 

denotes the number of days following a given appearance, n = 1 or 2. Eq. (8) tests whether RIA 

induces the subsequent net-buys by retail investors following the appearances. Note that stock 

i may appear more than once on the List in year t. 

If stock i ever appears on the List in year t, we sum up the net-buys by retail investors 

(∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 , i. e. , 𝑛 =  1)  over the first days following individual appearances (the 

yearly net-buys) as the dependent variable. Likewise, (∑ 𝐷_𝑅𝐼𝐴𝑖,𝜏+1,𝑡𝜏 ) is the sum of RIA to 

the stock. Moreover, to avoid potential endogeneity between (∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 )   and 

(∑ 𝐷_𝑅𝐼𝐴𝑖,𝜏+1,𝑡𝜏 ) , we test the effect of (∑ 𝐷_𝑅𝐼𝐴𝑖,𝜏+1,𝑡𝜏 )  or the aggregate RIA on 

(∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+2,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 , i. e. , 𝑛 =  2)  or the retail investors’ net-buys on all the second days 

following individual appearances in year t. 

As shown in Table 5, the coefficients in Models (1) and (2) with n = 1 show that the RIA 

effect on the net-buys by retail investors is significantly positive for stocks on the day 

immediately following their appearances on the Dragon-Tiger List. The coefficients in Models 

(3) and (4) with n = 2 exhibit similar results. The evidence clearly suggests that RIA to the 

attention-grabbing stocks appearing on the Dragon-Tiger List indeed induces the subsequent 

net-buys by retail investors. 

[Insert Table 5 here] 

After establishing the positive RIA effect on the subsequent net-buys by retail investors, 

we go a step further to see whether their net-buys act as a linkage from RIA to crash risk. If we 

observe that their net-buys does affect future crash risk, similar to the previous observation that 

RIA affects crash risk, then the linkage firmly exists, given that RIA induces the net-buys by 
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retail investors. To test the effect of retail investors’ net-buys on crash risk, we again take the 

stocks appearing on the Dragon-Tiger List as the sample and propose a regression as follows: 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝑌_𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1

= 𝛽0 + 𝛽1 ∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏

+ ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1, (9) 

where ∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏  is the retail investors’ net-buys in year t calculated as the sum of 

the net-buys (𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1
𝑆𝑀𝐴𝐿𝐿) over the first days follows the appearances on the Dragon-

Tiger List in year t. 

In addition, to be more cautious, first, we divide the sample into three sub-groups: low, 

middle, and high, based on the proportion of small-size trade volume (STR) of individual 

stocks over a given year. It is calculated as the average of the proportions of small-size trade 

volume (STR) over all trading days in that year. The higher the STR of a given stock, the more 

the retail investors proportionately trade on the stock. Then, we study the relationship between 

(∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 ) and crash risk in different STR groups. If retail investors’ net-buys can 

affect crash risk, the impact is plausibly stronger in the high STR group. 

Table 6 reports that, using all stocks appearing on the Dragon-Tiger List, the coefficients 

of crash risk, proxied by NCSKEWi,t+1 and DUVOLi,t+1, on (∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 )  are 

respectively 0.258 and 0.210 and both significantly positive at the 1% level. This implies that 

there is a positive relationship between (∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 ) and crash risk. Moreover, the 

impact is, as expected, more pronounced on stocks in the high STR group, irrespective of the 

applied measures of crash risk. The results demonstrate the role of the net-buys by retail 

investors in linking their attention and crash risk. 

[Insert Table 6 here] 

To dig deeper into the extent of the net-buys by retail investors in acting as the linkage, 
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we examine the explanatory power of RIA orthogonal to the net-buy. To do so, first, we 

construct an alternative measure of RIA (the “residual” RIA) by purging the part of RIA relating 

to the net-buys by retail investors. Then, we analyze the impact of this residual RIA on crash 

risk. If the impact vanishes, we can confidently conclude the induced net-buys by retail 

investors play a primary role in linking RIA and crash risk. Using the full sample and a pooled 

regression, the derivation of the residual RIA is as follows: 

𝑅𝐼𝐴𝑖,𝑡 = 𝛼0 + 𝛼1𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑡
𝑆𝑀𝐴𝐿𝐿 + ∑ 𝛼2𝑌𝑒𝑎𝑟 + ∑ 𝛼3𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝜇𝑖,𝑡, (10) 

where 𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑡
𝑆𝑀𝐴𝐿𝐿is the average daily net-buys of firm i in year t, and Year and Industry are the 

dummy variables. We employ the estimated residual (�̂�𝑖,𝑡)  in Eq. (10) as the residual RIA 

unexplained by the net-buys by retail investors. As a result, the estimated coefficient on 

𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑡
𝑆𝑀𝐴𝐿𝐿 is 0.061 with a t-ratio of 7.87, showing a tight concurrent relation between RIA 

and the net-buys by retail investors. 

Of great importance is the following regression in testing the predicting power of the 

residual RIA on future crash risk: 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 = 𝛽0 + 𝛽1�̂�𝑖,𝑡 + ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1. (11) 

The coefficient on �̂�𝑖,𝑡 (�̂�1) reflects the effect of the residual RIA, nothing to do with the net-

buys by retail investors, on crash risk. If �̂�1 is significantly different from zero, then the net-

buys by retail investors should not be the only linkage, implying that retail investors may use 

other ways to transform their attention and impact future crash risk. By contrast, if �̂�1  is 

insignificantly different from zero, then the observed RIV effect on crash risk is likely to mainly 

go through the linkage of the net-buys by retail investors. 

Table 7 reports the regression results of Eq. (11). Evidence shows that there is no 
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significant impact of the residual RIA on crash risk, regardless of the applied measures of crash 

risk. The results clearly corroborate the linkage of retail investors’ net-buys on the RIA effect 

and crash risk. Simply speaking, retail investors paying a great deal attention to certain stocks 

tend to bet-buy those stocks, which positively impacts future crash risk. 

[Insert Table 7 here] 

5.2. An extended analysis conditional on a legal interpretation 

Specifically, to study how the RIA effect on crash risk varies with retail investors’ trading 

behavior, we adopt an exogenous event – the publication of “the judicial interpretation of 

information network criminal cases” (hereafter, “Interpretation”). China’s Supreme People’s 

Court and Procuratorate issued the Interpretation on September, 2013, concerning the specific 

application of law in the handling of defamation through information networks. Internet users 

who share false information that is defamatory or harms the national interest face up to three 

years in prison if their posts are viewed over 5,000 times or forwarded over 500 times. Aiming 

to improve the objectivity and authenticity of information, the Interpretation is expected to not 

only confine excessive propagations of emotions and RIA, but also, to some extent, change 

retail investors’ trading behavior and the associated adverse effect. 

To accommodate its impact of the Interpretation, we revise Eq. (6) as follows. First, we 

introduce a dummy variable (Policyt) equal to one for the period between 2014 and 2017 

(during which the Interpretation took effect) and zero for the period between 2006 and 2012.12 

Second, to explicitly condition the RIA effect on the effectiveness of the Interpretation, we add 

an interaction term between Policyt and RIAi,t into Eq. (6) as follows:13 

                                                             
12 To avoid endogeneity and the associated bias, we exclude the data for the year 2013. 
13 In addition, using a sample of stocks appearing on the Dragon-Tiger List, an unreported experiment shows that 

the relationship between RIA and their net-buys under the Interpretation weakens. The evidence not only confirms 

the time-varying nature of retail investors’ trading behavior with this Interpretation, but also once again the 

importance of retail investors’ trading behavior as the linkage from RIA to crash risk. 
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𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1

= 𝛽0 + 𝛽1𝑅𝐼𝐴𝑖,𝑡 + 𝛽2𝑅𝐼𝐴𝑖,𝑡 ∙ 𝑃𝑜𝑙𝑖𝑐𝑦𝑡 + 𝛽3𝑃𝑜𝑙𝑖𝑐𝑦𝑡

+ ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1. 
(12) 

Table 8 shows the regression coefficients. Note that the coefficients on the interaction term 

(𝑅𝐼𝐴𝑖,𝑡 ∙ 𝑃𝑜𝑙𝑖𝑐𝑦𝑡) are significantly negative, regardless of the applied measures of crash risk. 

The evidence shows that the publication of the Interpretation not only plausibly diminishes 

RIA but also substantially weakens the RIA effect on crash risk. The result again suggests that 

the attention-induced trading behavior of retail investors acts as an important linkage from RIA 

to crash risk. 

[Insert Table 8 here] 

5.3. An extended analysis conditional on short-sale constraints 

So far, we have learned that the higher the RIA to a given stock, the more the attention-

induced net-buys, the higher the crash risk of the stock. Given the dominance of retail investors 

in the China stock market, their trade imbalances can easily change the stock price dynamics. 

However, most of the effects associated with the changes are likely to be transitory and 

eventually be corrected in the long run (Barber and Odean, 2008; Savor, 2012; Da et al., 2013; 

Hameed and Mian, 2015). 

Note that such a price adjustment could be slower under effective short-sale constraints. 

Moreover, stock prices mostly reflect the views of optimistic participants. Pessimistic investors 

are not allowed to short sell, stock prices are generally higher than what would be in the absence 

of short-sale constraints. Thus, short-sale constraints can prevent negative information from 

being impounded into stock prices, and disturb price discovery. Hopefully, during the past 

decade, adopting numerous measures to liberalize the stock market, the China government 

relaxed existing short-sale constraints in the early 2010s. 
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Before August 2010, the China stock market was subjected to strict short-sale constraints. 

Afterwards, in order to improve market liquidity and price efficiency, the market launched a 

short-sale liberalization program under which many individual stocks became shortable. To 

distinguish the role of short-sale constraints in the RIA effect on crash risk, we test the effect 

using a sample of all shortable stocks. 

Compared to Table 2 reporting a significantly positive effect of RIA on crash risk, Table 

9 surprisingly shows that the regression coefficients on RIAi,t are all insignificant. Moreover, 

their magnitudes are much smaller than those reported in Table 2, regardless of the applied 

measures of crash risk. In Models (2) and (4) of Table 9, the coefficients even turn to be 

negative.14 The results not only support the importance of short-sale constraints, but also lead 

to a valuable policy implication regarding the reduction of the adverse RIA effect on crash risk 

by the relaxation of short-sale constraints. 

[Insert Table 9 here] 

6. Robustness checks 

In this section, we report two more robustness tests. First, we deal with potential technical 

problems that arise from omitting time-invariant and firm-specific characteristics. Second, 

applying a Placebo test, we take a second look at the reliability of the observed impact of the 

Interpretation on the RIA effect. 

6.1. Firm fixed effects 

To mitigate potential problems that may arise from omitting time-invariant and firm-

specific characteristics, we re-estimate the regressions using the two-way fixed effect model 

                                                             
14 In an unreported experiment we test the RIA effect on crash risk using a sample of shortable stocks before the 

year 2010. The results show that, the positive effect of RIA on crash risk is still significantly positive at least at 

the 10% level. 
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including firm fixed effects and time fixed effects. The untabulated results indicate that the 

estimated coefficients on RIA are all significantly positive, which implies that our results are 

not driven by time-invariant and firm-specific characteristics. 

6.2. Placebo test: Reliability of the impact of the “Interpretation” 

One may argue the remoteness and arbitrariness of the Interpretation as well as the 

associated effect. To ensure the effect of the Interpretation with caution, we develop a placebo 

test by creating an artificial “Interpretation” event. We make up artificial event at the end of 

year 2009 to replace the real “Interpretation” in the Section 5.3 and redo the analysis. 

Specifically, first, we construct a dummy variable Arti_Policyt that equal to one for the period 

between 2010 and 2017 (during which the artificial policy took effect) and zero for the period 

between 2006 and 2008.15 

Second, we revise Eq. (6) by replacing 𝑃𝑜𝑙𝑖𝑐𝑦𝑡  and (𝑅𝐼𝐴𝑖,𝑡 ∙ 𝑃𝑜𝑙𝑖𝑐𝑦𝑡)  with 

𝐴𝑟𝑡𝑖_𝑃𝑜𝑙𝑖𝑐𝑦𝑡 and (𝑅𝐼𝐴𝑖,𝑡 ∙ 𝐴𝑟𝑡𝑖_𝑃𝑜𝑙𝑖𝑐𝑦𝑡), respectively. If the impact of the Interpretation is 

effective, we should not observe a significant coefficient on (𝑅𝐼𝐴𝑖,𝑡 ∙ 𝐴𝑟𝑡𝑖_𝑃𝑜𝑙𝑖𝑐𝑦𝑡) in the 

placebo test. Table 10 estimates the revised Eq. (6) and presents the results. As expected, the 

evidence corroborates that the regression coefficients on the interaction term are all 

insignificant, regardless of the applied measures of crash risk, which lends support to the 

exogeneity of the publication of the legal Interpretation in September, 2013. 

[Insert Table 10 here] 

7. Conclusion and policy implications 

This paper investigates the effect of RIA on crash risk. Using unique social media data 

from the China stock market, we construct a composite RIA index and investigate the impact 

                                                             
15 Similar to the explanation in footnote 13, the data for the year 2009 is excluded. 



28 

 

of RIA on crash risk. Evidence shows that RIA positively affects future crash risk. Moreover, 

the impact of RIA on crash risk is more pronounced for firms with more information 

uncertainty and asymmetry. 

More importantly, focusing on a sample of attention-grabbing stocks – those appearing on 

the Dragon-Tiger List – in the China stock market, we find that RIA takes effect on crash risk 

through the linkage of the net-buys by retail investors. In other words, RIA induces the retail 

investors’ net-buys that impacting crash risk of listed firms. In addition, an exogenous policy 

shock again ensures the role of the linkage. 

Our findings have valuable policy implications. According to the observed results of this 

paper, to promote a more stable development, this paper suggests that regulators can put forth 

efforts to prevent excessive RIA and the associated adverse effects by the following. First, from 

the firm-level viewpoint, the crash risk of firms with more information uncertainty are more 

sensitive to RIA. Policy makers should encourage firm managers to reduce firms’ information 

uncertainty. 

Second, from the macroeconomic viewpoint, governments can adopt measures to guide 

RIA and/or minimize the associate adverse effects. Firstly, the China government can 

effectively reduce the RIA effect on crash risk by proper regulations to control rumor 

dissimilation and excessive investor sentiment. Secondly, further market liberalizations that 

speed up price discovery possibly weaken the positive RIA effect on crash risk. The successful 

experience on the relaxations of short-sale constraints in this paper provides policy makers with 

a good reference of possible liberalization measures. 
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Table 1 

Descriptive statistics and correlation coefficients 

 

Panel A reports the descriptive statistics of the variables for the pooled sample of stocks used in our 

empirical study. The sample includes all stocks listed on SHSE and SZSE from 2006 to 2017. Adopting 

the Fama-Macbeth (1973) approach, we estimate the cross-sectional statistics (mean, standard deviation, 

Q1, median and Q3) among selected variables for each year in the first step. Then, in the second step, 

we calculate the time-series average of the cross-sectional statistics derived in the first step. Panel B 

reports the time-series averages of the cross-sectional Pearson (below diagonal) and Spearman (above 

diagonal) correlation coefficients. The correlations significant at the 5% level are expressed in bold font. 

The detailed descriptions of all variables are shown in Appendix B. 

 

Panel A: Descriptive statistics 

Variables Mean Standard deviation 25th Median 75th 

NCSKEWi,t -0.178  0.726  -0.548  -0.142  0.239  

DUVOLi,t -0.333  0.879  -0.883  -0.318  0.232  

RIAi,t 0.500  0.145  0.403  0.494  0.587  

Sigmai,t 0.051  0.030  0.035  0.046  0.060  

Reti,t -0.166  0.814  -0.179  -0.102  -0.059  

Dturni,t -0.090  0.459  -0.267  -0.039  0.128  

Sizei,t 6.305  0.575  5.891  6.274  6.677  

BMi,t 0.915  1.235  0.374  0.618  1.067  

LEVi,t 0.581  12.932  0.257  0.417  0.579  

ROAi,t 0.027  0.472  0.011  0.036  0.066  

AbsAcci,t 0.075  0.138  0.021  0.047  0.092  
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Table 1. (Continued) 

Panel B: Spearman (above diagonal) and Pearson (below diagonal) correlation coefficients 

 NCSKEWi,t+1 DUVOLi,t+1 RIAi,t NCSKEWi,t Sigmai,t Reti,t Dturni,t Sizei,t BMi,t LEVi,t ROAi,t AbsAcci,t 

NCSKEWi,t+1  0.949 0.094 0.044 0.102 0.021 0.025 0.050 -0.095 0.033 -0.013 0.018 

DUVOLi,t+1 0.930  0.102 0.039 0.027 0.028 0.014 0.042 -0.097 0.030 -0.042 0.014 

RIAi,t 0.085 0.091  0.091 0.029 0.030 0.130 0.346 0.076 0.057 0.190 -0.038 

NCSKEWi,t 0.045 0.041 0.093  0.005 0.009 0.118 0.047 -0.131 0.058 -0.031 0.023 

Sigmai,t 0.027 0.039 0.024 0.021  -0.097 0.313 -0.076 0.057 0.190 0.190 -0.038 

Reti,t 0.025 0.056 0.035 0.048 -0.098  -0.315 0.076 0.103 0.028 0.096 -0.080 

Dturni,t 0.011 0.004 0.131 0.106 0.319 -0.324  0.118 0.112 0.006 -0.028 -0.024 

Sizei,t 0.053 0.048 0.382 0.052 -0.062 0.023 0.108  0.101 0.048 0.224 -0.062 

BMi,t -0.102 -0.104 0.127 -0.147 -0.103 0.080 0.108 0.169  0.483 -0.284 -0.092 

LEVi,t 0.021 0.020 0.040 0.048 -0.024 0.022 0.004 0.032 0.448  -0.387 0.068 

ROAi,t -0.017 -0.020 0.195 0.021 -0.100 0.096 -0.020 0.237 -0.175 -0.388  -0.027 

AbsAcci,t 0.024 0.021 0.009 0.020 0.087 -0.074 -0.010 -0.066 -0.086 0.080 -0.064  
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Table 2 

The effect of RIA on crash risk 

 

This table reports the coefficients of the regression as follows: 

 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 = 𝛽0 + 𝛽1𝑅𝐼𝐴𝑖,𝑡 + ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1, 

 

where 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 and 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 are the measures of crash risk of firm i in year t+1, 𝑅𝐼𝐴𝑖,𝑡 

denotes the RIA measure, and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡 is a set of control variables on a yearly basis, including 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡, 𝑆𝑖𝑔𝑚𝑎𝑖,𝑡, 𝑅𝑒𝑡𝑖,𝑡, 𝐷𝑡𝑢𝑟𝑛𝑖,𝑡, 𝑆𝑖𝑧𝑒𝑖,𝑡, 𝐵𝑀𝑖,𝑡, 𝐿𝑒𝑣𝑖,𝑡, 𝑅𝑂𝐴𝑖,𝑡, and 𝐴𝑏𝑠𝐴𝑐𝑐𝑖,𝑡. The detailed 

definitions of all variables are shown in Appendix B. Models (1) and (3) employ the fixed effects 

regressions without controls, while Models (2) and (4) employ the fixed effects regressions with 

controls. The data are from 2006 to 2017. To control for sample heterogeneity caused by year and 

industry, a two-way fixed effect model is applied to estimate the regressions. Except the RIA measure 

(𝑅𝐼𝐴𝑖,𝑡), all continuous variables are winsorized at the 1% level in each tail. The standard errors are 

corrected, using the double-clustering (firm and year) method, as discussed by Petersen (2009). t-

statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, 

respectively. 
 

Dependent variable = NCSKEWi,t+1 DUVOLi,t+1 

 (1) (2) (3) (4) 

RIAi,t 0.214*** 0.130** 0.275*** 0.219*** 

 (5.87) (2.61) (6.00) (3.71) 

NCSKEWi,t  0.057***  0.062*** 

  (9.58)  (7.93) 

Sigmai,t  5.804***  5.164*** 

  (4.69)  (4.38) 

Reti,t  0.684***  0.664*** 

  (3.51)  (3.65) 

Dturni,t  -0.039  -0.063 

  (-0.97)  (-1.01) 

Sizei,t  0.123***  0.151*** 

  (4.27)  (5.43) 

BMi,t  -0.059***  -0.074*** 

  (-5.17)  (-6.69) 

LEVi,t  0.051  0.082** 

  (1.50)  (2.26) 

ROAi,t  -0.153**  -0.159* 

  (-2.22)  (-1.86) 

AbsACCi,t  0.010  0.003 

  (0.19)  (0.04) 

Constant -0.489*** -1.115*** -0.544*** -1.489*** 

 (-6.86) (-6.62) (-8.62) (-9.41) 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.071 0.087 0.077 0.089 
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Table 3 

The impact of attention on crash risk under different firm characteristics 

 

This table reports the impact of attention on crash risk under different firm characteristics. We separately 

divide the full sample into the following sub-groups: larger /smaller cap, SOE/non-SOE, higher/lower 

turnover, higher/lower volatility, older/younger, higher/lower institutional ownership (IO), and 

higher/lower analyst coverage (AC) firms, based on size, government ownership, turnover, return 

volatility, the number of years for which a given stock has been listed in SHSE or SZSE, IO, and AC, 

respectively. Then, we use Eq. (6) in the context to estimate the impact of RIA on crash risk, using each 

of the above sub-groups. The data are from 2006 to 2017. To control for sample heterogeneity caused 

by year and industry, a two-way fixed effect model is applied to estimate the regressions. Except the 

RIA measure (𝑅𝐼𝐴𝑖,𝑡), all continuous variables are winsorized at the 1% level in each tail. The standard 

errors are corrected, using the double-clustering (firm and year) method, as discussed by Petersen 

(2009). t-statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% 

levels, respectively. 
 

Panel A: NCSKEWi,t+1 

 

Larger-

cap 

SOEs Higher-

turnover 

Higher-

volatility 

Older Higher-

IO 

Higher-

AC 

(1) (2) (3) (4) (5) (6) (7) 

RIAi,t 0.115 0.083 0.448** 0.184** 0.119 0.134** 0.099 

 (1.19) (1.44) (2.56) (2.14) (0.87) (2.25) (1.10) 

Constant -1.775*** -0.855*** 0.050 -0.817* -1.570*** -1.360*** -1.314*** 

 (-6.16) (-4.65) (0.09) (-1.89) (-3.65) (-5.48) (-4.99) 

Controlsk,i,t Yes Yes Yes Yes Yes Yes Yes 

Year Yes Yes Yes Yes Yes Yes Yes 

Industry Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.087 0.077 0.114 0.098 0.082 0.085 0.081 

        

 

Smaller-

cap 

Non-

SOEs 

Lower-

turnover 

Lower-

volatility 

Younger Lower-

IO 

Lower-

AC 

(8) (9) (10) (11) (12) (13) (14) 

RIAi,t 0.285*** 0.138* 0.031 -0.008 0.398** 0.211*** 0.175*** 

 (3.88) (1.80) (0.22) (-0.05) (2.32) (3.24) (3.97) 

Constant -1.046*** -1.502*** -1.489*** -0.584 -0.540 -1.797*** -0.903*** 

 (-3.69) (-6.04) (-4.19) (-1.44) (-1.23) (-6.94) (-4.36) 

Controlsk,i,t Yes Yes Yes Yes Yes Yes Yes 

Year Yes Yes Yes Yes Yes Yes Yes 

Industry Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.090 0.091 0.082 0.085 0.092 0.094 0.098 
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Table 3 (Continued) 

Panel B: DUVOLi,t+1 

 

Larger-

cap 

SOEs Higher-

turnover 

Higher-

volatility 

Older Higher-

IO 

Higher-

AC 

(1) (2) (3) (4) (5) (6) (7) 

RIAi,t 0.233** 0.194** 0.517** 0.260** 0.295* 0.194** 0.177 

 (2.11) (2.48) (2.33) (2.31) (1.72) (2.10) (1.24) 

Constant -2.433*** -1.052*** -0.676 -1.515*** -2.400*** -1.302*** -1.125 

 (-7.53) (-4.17) (-0.97) (-2.78) (-4.51) (-5.41) (-0.99) 

Controlsk,i,t Yes Yes Yes Yes Yes Yes Yes 

Year Yes Yes Yes Yes Yes Yes Yes 

Industry Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.092 0.084 0.079 0.083 0.075 0.079 0.079 

        

 

Smaller-

cap 

Non-

SOEs 

Lower-

turnover 

Lower-

volatility 

Younger Lower-

IO 

Lower-

AC 

(8) (9) (10) (11) (12) (13) (14) 

RIAi,t 0.400*** 0.244*** 0.184 0.093 0.512** 0.331*** 0.201*** 

 (4.39) (2.79) (1.04) (0.51) (2.45) (2.92) (3.88) 

Constant -1.585*** -1.913*** -1.942*** -1.058** -0.966* -1.773*** -1.101* 

 (-5.05) (-7.10) (-4.39) (-2.10) (-1.81) (-6.49) (-1.99) 

Controlsk,i,t Yes Yes Yes Yes Yes Yes Yes 

Year Yes Yes Yes Yes Yes Yes Yes 

Industry Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.099 0.094 0.101 0.086 0.086 0.083 0.081 
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Table 4 

The impact of attention on crash risk under different aggregate states 

 

This table reports the impact of attention on crash risk under different aggregate states. We separately 

divide the full sample into up/down market and higher/lower sentiment states. Up-market (Down-

market) denotes the years when the excess market returns are non-negative (negative). Following Yi 

and Mao (2009), Higher sentiment (Lower sentiment) denotes the years when investor sentiment is high 

(lower) than the sample average. Then, we use Eq. (6) to re-estimate the impact of RIA on crash risk 

with the above subsets separately. The data are from 2006 to 2017. To control for sample heterogeneity 

caused by year and industry, a two-way fixed effect model is applied to estimate the regressions. Except 

the RIA measure (𝑅𝐼𝐴𝑖,𝑡), all continuous variables are winsorized at the 1% level in each tail. The 

standard errors are corrected, using the double-clustering (firm and year) method, as discussed by 

Petersen (2009). t-statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 

5%, and 1% levels, respectively.  

 

Panel A: NCSKEWi,t+1 

 Up market Higher sentiment Down market Lower sentiment 

(1) (2) (3) (4) 

RIAi,t 0.212** 0.167* 0.021 -0.012 

 (2.18) (1.68) (0.26) (-0.11) 

Constant -0.946** -0.295 -0.968*** -2.603*** 

 (-2.63) (-1.44) (-4.85) (-7.61) 

Controlsk,i,t Yes Yes Yes Yes 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.089 0.108 0.075 0.076 

 

Panel B: DUVOLi,t+1 

 Up market Higher sentiment Down market Lower sentiment 

(1) (2) (3) (4) 

RIAi,t 0.369*** 0.277** 0.145 0.090 

 (3.14) (2.52) (1.38) (0.66) 

Constant -0.990** -0.499* -1.336*** -3.246*** 

 (-2.09) (-1.90) (-5.10) (-7.41) 

Controlsk,i,t Yes Yes Yes Yes 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.074 0.103 0.074 0.078 
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Table 5 

The effect of RIA on retail investors’ net-buys 

 

Taking the stocks appearing on the Dragon-Tiger List as the sample, this table reports the estimated 

results of the following regression: 

 

∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+𝑛,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏

= 𝛽0 + 𝛽1 ∑ 𝐷_𝑅𝐼𝐴𝑖,𝜏+1,𝑡

𝜏

+ ∑ 𝛽𝑘𝐷_𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡, 

 

where τ is the number of times for which the stock appears on the Dragon-Tiger List in year t, n = 1 and 

2. The dependent variable ∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+𝑛,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏  is calculated as the yearly average of the net-buys in 

small-size trades in day d (𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿) in year t, and 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿 is calculated as: 

𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 =

𝐵𝑈𝑌𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 − 𝑆𝐸𝐿𝐿𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿

𝐵𝑈𝑌𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 + 𝑆𝐸𝐿𝐿𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿 

where 𝐵𝑈𝑌𝑖,𝑑
𝑆𝑀𝐴𝐿𝐿 and 𝑆𝐸𝐿𝐿𝑖,𝑑

𝑆𝑀𝐴𝐿𝐿 are respectively the daily buy- and sell-initiated trading volumes, 

classified using the Lee and Ready (1991) method. Small-size trades are referred to the trades with 

dollar volume less than RMB 100,000. 𝐷_𝑅𝐼𝐴𝑖,𝜏 is calculated as the method described in the Section 

3.2. D_Controlsk,i,t is a group of control variables on a daily basis whose definitions are essentially 

similar to those variables’ on a yearly basis. To control for sample heterogeneity caused by month and 

industry, a two-way fixed effect model is applied to estimate the regressions. The standard errors are 

corrected, using the double-clustering (firm and year) method, as discussed by Petersen (2009). t-

statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, 

respectively. 

 

 n = 1 n = 2 

 (1) (2) (3) (4) 

D_RIAi,τ 0.615*** 0.332*** 0.104*** 0.095*** 

 (5.05) (7.79) (6.98) (8.81) 

Constant -0.237*** 0.837*** -0.063*** 0.090** 

 (-2.86) (8.49) (-4.21) (2.55) 

     
D_Controlsk,i,t No Yes No Yes 

Month Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.135 0.138 0.088 0.125 
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Table 6 

The effect of retail investors’ net-buys on crash risk 

 

Taking the stocks appearing on the Dragon-Tiger List as the sample, this table reports the estimated 

results of the following regression: 

 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 = 𝛽0 + 𝛽1 ∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦
𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏

+ ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1. 

 

where 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1  and 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1  are the measures of crash risk of firm i in year t+1, and 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡 is a set of control variables on a yearly basis, including 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡, 𝑆𝑖𝑔𝑚𝑎𝑖,𝑡, 𝑅𝑒𝑡𝑖,𝑡, 

𝐷𝑡𝑢𝑟𝑛𝑖,𝑡, 𝑆𝑖𝑧𝑒𝑖,𝑡, 𝐵𝑀𝑖,𝑡, 𝐿𝑒𝑣𝑖,𝑡, 𝑅𝑂𝐴𝑖,𝑡, and 𝐴𝑏𝑠𝐴𝑐𝑐𝑖,𝑡. The detailed definitions of all variables are 

shown in Appendix B. ∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏  is the retail investors’ net-buys in year t calculated as the 

sum of the net-buys over the first days following individual appearances on the Dragon-Tiger List in 

year t. In addition, the sample is divided into three sub-groups: low, middle, and high, based on the 

proportion of small-size trade volume (STR) of individual stocks over a given year. It is calculated as 

the average of the proportions of small-size trade volume (STR) over all trading days in that year. To 

control for sample heterogeneity caused by year and industry, a two-way fixed effect model is applied 

to estimate the regressions. All continuous variables are winsorized at the 1% level in each tail. The 

standard errors are corrected, using the double-clustering (firm and year) method, as discussed by 

Petersen (2009). t-statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 

5%, and 1% levels, respectively. 

 

Panel A: Dependent variable = NCSKEWi,t+1 

 Full Sample High STR Middle STR Low STR 

(∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 )  0.258*** 0.593** 0.543** 0.351 

 (4.38) (2.38) (2.48) (1.29) 

Constant -0.166*** -0.212*** -0.228** -0.150*** 

 (-6.81) (-5.08) (-2.31) (-6.93) 

Controlsk,i,t Yes Yes Yes Yes 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.047 0.054 0.044 0.028 

 

Panel B: Dependent variable = DUVOLi,t+1 

 Full Sample High STR Middle STR Low STR 

(∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝜏+1,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏 )  0.210*** 0.701** 0.384 0.155 

 (3.34) (2.60) (1.29) (1.28) 

Constant -0.258*** -0.326*** -0.214*** -0.473*** 

 (-8.42) (-5.46) (-7.02) (-3.83) 

Controlsk,i,t Yes Yes Yes Yes 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.039 0.061 0.027 0.021 
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Table 7 

The effect of the residual RIA on crash risk 

 

This table reports the coefficients of the regressions as follows: 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 = 𝛽0 + 𝛽1�̂�𝑖,𝑡 + ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1, 

where 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1  and 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1  are the measures of crash risk of firm i in year t+1, and 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑘,𝑖,𝑡 is a set of control variables on a yearly basis, including 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡, 𝑆𝑖𝑔𝑚𝑎𝑖,𝑡, 𝑅𝑒𝑡𝑖,𝑡, 

𝐷𝑡𝑢𝑟𝑛𝑖,𝑡, 𝑆𝑖𝑧𝑒𝑖,𝑡, 𝐵𝑀𝑖,𝑡, 𝐿𝑒𝑣𝑖,𝑡, 𝑅𝑂𝐴𝑖,𝑡, and 𝐴𝑏𝑠𝐴𝑐𝑐𝑖,𝑡. The detailed definitions of all variables are 

shown in Appendix B. The residual RIA (�̂�𝑖,𝑡) is derived as follows: 

𝑅𝐼𝐴𝑖,𝑡 = 𝛼0 + 𝛼1𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑡
𝑆𝑀𝐴𝐿𝐿 + ∑ 𝛼2𝑌𝑒𝑎𝑟 + ∑ 𝛼3𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝜇𝑖,𝑡 , 

where ∑ 𝐷_𝑁𝑒𝑡𝑏𝑢𝑦𝑖,𝑡
𝑆𝑀𝐴𝐿𝐿

𝜏   is the retail investors’ net-buys of firm i in year t. Models (1) and (2) 

employ the fixed effects regressions of crash risk on the residual RIA. The data are from 2006 to 2017. 

To control for sample heterogeneity caused by year and industry, a two-way fixed effect model is applied 

to estimate the regressions. All continuous variables are winsorized at the 1% level in each tail. The 

standard errors are corrected, using the double-clustering (firm and year) method, as discussed by 

Petersen (2009). t-statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 

5%, and 1% levels, respectively. 

 

Dependent variable = NCSKEWi,t+1 DUVOLi,t+1 

 (1) (2) 

�̂�𝑖,𝑡 -0.165 -0.583 

 (-0.12) (-0.38) 

NCSKEWi,t 0.159*** 0.158*** 

 (12.46) (9.82) 

Sigmai,t 6.654** 4.557 

 (2.45) (1.46) 

Reti,t 0.429 0.042 

 (1.22) (0.10) 

Dturni,t 0.061 0.108 

 (1.04) (1.52) 

Sizei,t 0.026 0.120 

 (0.30) (1.18) 

BMi,t -0.014 -0.034 

 (-0.40) (-0.78) 

LEVi,t 0.080* 0.090** 

 (1.78) (2.02) 

ROAi,t 0.031 0.045 

 (0.66) (0.52) 

AbsACCi,t 0.021 -0.002 

 (0.34) (-0.03) 

Constant -0.719 -1.232 

 (-0.84) (-1.20) 

Year Yes Yes 

Industry Yes Yes 

Adjusted R2 0.041 0.033 
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Table 8 

The relationship between attention and crash risk under the impact of “Interpretation” 

 

This table reports the coefficients of the regression as follows: 

 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1

= 𝛽0 + 𝛽1𝑅𝐼𝐴𝑖,𝑡 + 𝛽2𝑅𝐼𝐴𝑖,𝑡 ∙ 𝑃𝑜𝑙𝑖𝑐𝑦𝑡 + 𝛽3𝑃𝑜𝑙𝑖𝑐𝑦𝑡 + ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1, 

 

where 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 and 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 are the measures of crash risk of firm i in year t+1, 𝑅𝐼𝐴𝑖,𝑡 

denotes the RIA measure, and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡 is a set of control variables on a yearly basis, including 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡, 𝑆𝑖𝑔𝑚𝑎𝑖,𝑡, 𝑅𝑒𝑡𝑖,𝑡, 𝐷𝑡𝑢𝑟𝑛𝑖,𝑡, 𝑆𝑖𝑧𝑒𝑖,𝑡, 𝐵𝑀𝑖,𝑡, 𝐿𝑒𝑣𝑖,𝑡, 𝑅𝑂𝐴𝑖,𝑡, and 𝐴𝑏𝑠𝐴𝑐𝑐𝑖,𝑡. The detailed 

definitions of all variables are shown in Appendix B. 𝑃𝑜𝑙𝑖𝑐𝑦𝑡  is a dummy variable equal to one for the 

period between 2014 and 2017, and zero for the period between 2006 and 2012. To avoid possible 

endogeneity, observations in 2013 are eliminated. To control for sample heterogeneity caused by year 

and industry, a two-way fixed effect model is applied to estimate the regressions. Except the RIA 

measure (𝑅𝐼𝐴𝑖,𝑡), all continuous variables are winsorized at the 1% level in each tail. The standard 

errors are corrected, using the double-clustering (firm and year) method, as discussed by Petersen 

(2009). t-statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% 

levels, respectively.  
 

Dependent variable = NCSKEWi,t+1 DUVOLi,t+1 

 (1) (2) (3) (4) 

RIAi,t 0.177* 0.043 0.257** 0.192** 

 (1.77) (0.63) (2.03) (2.38) 

RIAi,tPolicyt  -0.040***  -0.049*** 

  (-3.45)  (-3.96) 

Policyt  -0.089  -0.080 

  (-1.05)  (-0.85) 

Constant -0.614** -1.039*** -1.090*** -1.502*** 

 (-2.17) (-3.41) (-3.11) (-4.19) 

Controlsk,i,t Yes Yes Yes Yes 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.077 0.075 0.073 0.067 
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Table 9 

The effect of RIA on crash risk using a sample of shortable stocks 

 

This table reports the effect of RIA on crash risk using a sample of shortable stocks in the China stock 

market and the regression model employed in Table 2. The data are from 2011 to 2017. To control for 

sample heterogeneity caused by year and industry, a two-way fixed effect model is applied to estimate 

the regressions. Except the measure of RIA (𝑅𝐼𝐴𝑖,𝑡), all continuous variables are winsorized at the 1% 

level in each tail. The standard errors are corrected, using the double-clustering (firm and year) method, 

as discussed by Petersen (2009). t-statistics are given in parentheses. *, **, and *** indicate significance 

at the 10%, 5%, and 1% levels, respectively.  

 

Dependent variable = 
NCSKEWi,t+1 DUVOLi,t+1 

(1) (2) (3) (4) 

RIAi,t 0.016 -0.032 -0.026 -0.063 

 (0.23) (-0.32) (-0.33) (-0.57) 

NCSKEWi,t  0.067***  0.092*** 

  (5.31)  (5.89) 

Sigmai,t  12.312***  10.372*** 

  (3.85)  (3.29) 

Reti,t  1.526***  1.260** 

  (2.86)  (2.37) 

Dturni,t  -0.049  -0.080* 

  (-1.46)  (-1.95) 

Sizei,t  0.064*  0.064 

  (1.76)  (1.48) 

BMi,t  -0.023*  -0.032** 

  (-1.79)  (-2.00) 

LEVi,t  -0.050  -0.075 

  (-0.78)  (-0.81) 

ROAi,t  0.442***  0.521* 

  (2.67)  (1.90) 

AbsACCi,t  -0.051  -0.033 

  (-0.62)  (-0.40) 

Constant -0.064 -0.087* -0.231* -0.049 

 (-0.63) (-1.83) (-1.93) (-0.61) 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.074 0.115 0.091 0.122 
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Table 10 

The RIA effect on crash risk conditional on an artificial Interpretation 

 

This table reports the coefficients of the regression as follows: 

 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 or 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1

= 𝛽0 + 𝛽1𝑅𝐼𝐴𝑖,𝑡 + 𝛽2𝑅𝐼𝐴𝑖,𝑡 ∙ 𝐴𝑟𝑡𝑖_𝑃𝑜𝑙𝑖𝑐𝑦𝑡 + 𝛽3𝐴𝑟𝑡𝑖_𝑃𝑜𝑙𝑖𝑐𝑦𝑡 + ∑ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡

𝑘

+ 𝜖𝑖,𝑡+1 

 

where 𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡+1 and 𝐷𝑈𝑉𝑂𝐿𝑖,𝑡+1 are the measures of crash risk of firm i in year t+1, 𝑅𝐼𝐴𝑖,𝑡 

denotes the RIA measure and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑘,𝑖,𝑡 is a set of control variables on a yearly basis, including 

𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡, 𝑆𝑖𝑔𝑚𝑎𝑖,𝑡, 𝑅𝑒𝑡𝑖,𝑡, 𝐷𝑡𝑢𝑟𝑛𝑖,𝑡, 𝑆𝑖𝑧𝑒𝑖,𝑡, 𝐵𝑀𝑖,𝑡, 𝐿𝑒𝑣𝑖,𝑡, 𝑅𝑂𝐴𝑖,𝑡, and 𝐴𝑏𝑠𝐴𝑐𝑐𝑖,𝑡. The detailed 

definitions of all variables are shown in Appendix B. 𝐴𝑟𝑡𝑖_𝑃𝑜𝑙𝑖𝑐𝑦𝑡  is a dummy variable equal to one 

for the period between 2010 and 2017, and zero for the period between 2006 and 2008. To avoid possible 

endogeneity, observations in 2009 are eliminated. To control for sample heterogeneity caused by year 

and industry, a two-way fixed effect model is applied to estimate the regressions. Except the RIA 

measure (𝑅𝐼𝐴𝑖,𝑡), all continuous variables are winsorized at the 1% level in each tail. The standard 

errors are corrected, using the double-clustering (firm and year) method, as discussed by Petersen 

(2009). t-statistics are given in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% 

levels, respectively.  

 

Dependent variable = NCSKEWi,t+1 DUVOLi,t+1 

 (1) (2) (3) (4) 

RIAi,t 0.212** 0.137 0.389*** 0.337** 

 (2.03) (1.06) (3.09) (2.15) 

RIAi,tArti_Policyt  0.077  0.017 

  (0.74)  (0.14) 

Arti_Policyt  0.321***  0.548*** 

  (4.32)  (6.14) 

Constant -0.863*** -0.875*** -1.277*** -1.339*** 

 (-3.06) (-3.25) (-3.75) (-4.13) 

Controlsk,i,t Yes Yes Yes Yes 

Year Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Adjusted R2 0.081 0.073 0.076 0.068 
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Appendix A 

A1. Detailed descriptions of the five RIA measures 

(1) Posts on the Guba Eastmoney Forum 

Using the symbol for each stock with a web crawler procedure programmed by Python, 

posts on the Guba Eastmoney Forum are obtained from the Eastmoney Securities website 

(http://www.eastmoney.com/). The Guba Eastmoney Forum is the most popular social platform 

serving mostly retail investors. The numbers of its users and page views are the largest among 

all retail investor social platforms in the China stock market (Huang et al., 2016). Taking “格

力电器” as an example,1 as shown in Figure B1, we first use crawler technology to obtain all 

posts about this stock on the “Gree Electric Appliance Forum” and then calculate the total 

number of posts each day. 

 
Figure B1. The posts in “Gree Electric Appliance Forum” 

(2) The Baidu Search Volume 

Combining the web crawler procedure and image recognition technology, the search 

volumes of each stock are obtained from the Baidu search website (https://index.baidu.com/),2 

                                                             
1 格力电器(000651), also known as “Gree Electric Appliances” is listed on SZSE. The website for this stock on 

the Guba Eastmoney Forum is http://guba.eastmoney.com/list,000651.html. 
2 The Baidu search engine, similar to the Google search engine in US, dominates other search engines in the 
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which provides information about how often a search term is entered into Baidu by reporting 

the search volume. However, unlike Google which allows users to directly download relevant 

search volume data, Baidu provides only volume trend charts for keyword searches, and users 

can export search images associated with any keyword. To extract useful information, we first 

employ a web crawling program that inputs each key word and downloads the associated search 

image. Second, we use image recognition technology to analyze all downloaded images and 

obtain the search volume for individual stocks, as suggested by Joseph et al. (2011), Yu and 

Zhang (2012) and Zhang et al. (2014). For example, taking a search using stock code “000651” 

as the keyword, we first query the search volume in the Baidu Index website and obtain the 

search volume trend chart shown in Figure B2. Then, we use the web crawler and image 

recognition technology to recognize its specific value. 

Extant studies mostly use one of the three types of keywords - stock code, brief firm name, 

and full firm name - to extract the search volume. For completeness and comprehensiveness, 

we sum up the search volumes associated with the three types of keywords. 

 
Figure B2. The Baidu search index trend chart using “000651” as the keyword 

(3) The Hexun RIA index 

                                                             
mainland China. Extant studies on other stock markets usually use the Google search volume as a proxy for RIA 

(e.g., Da et al., 2011; Aouadi et al., 2013). However, the influence of Google has gradually declined since it closed 

its search service in mainland China in March 2010. According to data published by StatCounter Global Stats in 

October 2018, Baidu accounted for 65.05% of the search engine’s market share in the mainland China, compared 

with only 2.47% for Google. Therefore, compared with Google search, Baidu has a stronger competitive 

advantage in mainland China. Recently, many studies, (e.g., Joseph et al. (2011), Yu and Zhang (2012), and Zhang 

et al. (2014)) have selected the Baidu search volume to measure RIA to investigate financial market phenomenon. 
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The index is provided by user data on the Hexun website (http://focus.stock.hexun.com/), 

the second largest financial website in China. Different from other sources of social network 

information, the Hexun website provides a RIA index, which is calculated using the website’s 

user data. Specifically, this index measures the number of people who pay attention to a stock 

(including the number of people who visited pages on the stock’s quotations, news, and social 

forums) in each trading day (00:00:00-23:59:59). Figure B3 shows the Hexun RIA index trend 

chart of “Gree Electric Appliances”.3 Similar to the method of obtaining the Baidu Search 

Volume, we use image recognition technology to obtain specific Hexun RIA index data. 

 
Figure B3. The Hexun RIA index trend chart for “Gree Electric Appliances” 

Note: The left axis expresses the specific Hexun RIA index, while the right axis expresses the rate of change of 

the Hexun RIA index. 

(4) The number of times for which the stock is mentioned in news on Sina Finance 

Combining the web crawler procedure and text mining technology, Sina financial news 

data are collected from the Sina Financial News website (http://finance.sina.com.cn/). As one 

of the financial news websites that is closely followed by retail investors in mainland China, 

the news released by the Sina Financial website can serve as a proxy to measure RIA to some 

extent. 

                                                             
3 The specific Hexun website for “Gree Electric Appliances” is http://focus.stock.hexun.com/000651.html. 
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Figure B4. The Sina financial news page for “Gree Electric Appliances” 

Taking “Gree Electric Appliances” as an example,4 as shown in Figure B4, we first enter 

the data from the “stock information” page on the Sina Financial News website and use the 

web crawler method to crawl the reporting time and title of all Sina Financial News about the 

stock. Then, we calculate the amount of daily news on the stock according to the reporting time.  

(5) Trading volume 

Trading volume is defined as the turnover of a given stock, calculated as the daily trading 

volume deflated by the number of outstanding shares at the end of the prior trading day. 

 

A2. The correlation matrix of the five abnormal RIA measures 

Similar to Jiang et al. (2017), we use Eq. (1) in Section 3.2 to calculate the five abnormal 

RIA measures and note them as Abn_D_Guba, Abn_D_BSV, Abn_D_Hexun, Abn_D_Sina, and 

Abn_D_Tover. Reporting the correlation coefficient among the five measures, Table A1 shows 

that no correlation coefficient among the five RIA measures is more than 0.5. These high but 

                                                             
4 The news website for “Gree Electric Appliances” is 

http://vip.stock.finance.sina.com.cn/corp/view/vCB_AllNewsStock.php?symbol=sz000651. 
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not too high correlations indicate that these five measures may capture RIA from different 

perspectives. 

 

Table A1 

The correlation matrix of the five RIA measures 

 

This table reports the time-series average of the cross-sectional Pearson (below diagonal) and Spearman 

(above diagonal) correlation coefficients among the five abnormal RIA indexes from 2006 to 2017. 

Adopting the Fama-Macbeth (1973) approach, we estimate the Pearson and Spearman cross-sectional 

correlation coefficient of each pair of the variables and then report the time-series average of this 

correlation. The correlation coefficients are all significant at the 5% level. 

 

 Abn_D_Guba Abn_D_BSV Abn_D_Hexun Abn_D_Sina Abn_D_Tover 

Abn_D_Guba  0.451 0.394 0.380 0.376 

Abn_D_BSV 0.301  0.451 0.412 0.219 

Abn_D_Hexun 0.109 0.469  0.493 0.440 

Abn_D_Sina 0.111 0.442 0.356  0.311 

Abn_D_Tover 0.231 0.198 0.419 0.341  
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A3. The RIA effect on the likelihood of stock price crashes 

This sub-section analyzes the RIA effect on and the likelihood of stock price crashes. We 

define a stock price crash by whether the stock price of a given firm falls by more than 20%, 

30%, or 50% in a fiscal year. Logit regressions are used to estimate the impact of RIA on stock 

price crashes. The dependent variable is equal to 1 if the stock price falls more than 20%, 30%, 

or 50% and 0 otherwise. 

The evidence in Table 2 shows that RIA really has a positive and highly significant impact 

on stock price crashes, regardless of the applied definition of the real price crashes. Particularly 

noteworthy is that the more the stock price falls, the larger the coefficient on 𝑅𝐼𝐴𝑖,𝑡 . For 

example, for events of stock prices falling by more than 50%, the coefficient on 𝑅𝐼𝐴𝑖,𝑡 is 

2.813, whereas for events of stock prices falling by more than 20% and 30%, the coefficients 

are 2.027 and 2.263, respectively. It follows that RIA contributes more to severe stock price 

crashes than to mild ones. In other words, mild crashes are more likely to result from other 

factors in addition to RIA. This preliminary result firmly suggests a nontrivial role of RIA in 

(particularly severe) stock price crashes. 
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Table A2 

The effect of RIA on stock price crashes 

 

Using logit regressions, this table reports the effect of RIA on the likelihood of stock price crashes. A 

stock price crash is defined by whether the stock price of a given firm falls by more than 20%, 30%, or 

50% in a fiscal year. The sample includes all stocks listed on SHSE and SZSE from 2006 to 2017. The 

dependent variable is equal to 1 if the stock price separately falls more than 20%, 30%, or 50% and 0 

otherwise. Controls denotes a set of control variables, including size, book-to-market, turnover, 

momentum, reversal, and illiquidity, which may affect stock returns. Both year and industry fixed 

effects are controlled for. Reported in parentheses are z-values based on robust standard errors clustered 

by both firm and year. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, 

respectively. 
 

 More than 20% More than 30% More than 50% 

 (1) (2) (3) 

RIAi,t 2.027*** 2.263*** 2.813*** 

Year (7.65) (7.06) (3.40) 

Constant -3.472*** -2.584*** -4.066** 

 (-5.65) (-3.40) (-2.25) 

Controlsk,i,t Yes Yes Yes 

Year Yes Yes Yes 

Industry Yes Yes Yes 

Pseudo-R2 0.301 0.301 0.299 
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Appendix B: Variable definitions 

Variable Definition 

Crash risk 

NCSKEWi,t+1 The yearly negative conditional skewness of firm-specific weekly returns of stock i in year 

t+1, calculated by taking the negative of the third moment of firm-specific weekly returns 

for each sample year and dividing it by the standard deviation of firm-specific weekly 

returns raised to the third power. See Eq. (4) for details. 

DUVOLi,t+1 The yearly down-to-up volatility of stock i in year t+1. For any stock i in year t, we separate 

all the weeks with firm-specific weekly returns below the annual mean (down weeks) from 

those with firm-specific weekly returns above the annual mean (up weeks) and compute the 

standard deviation for each of these subsamples separately. Then, we take the log of the ratio 

of the standard deviation of the down weeks to the standard deviation of the up weeks. See 

Eq. (5) for details. 

RIA 

RIAi,t The yearly average of the daily composite RIA (D_RIA) of stock i in year t.  

D_RIAi, The daily composite RIA of stock i on day , calculated using Eq. (2), combines five 

individual RIA measures: (1) posts on the Guba Eastmoney Forum, (2) the Baidu Search 

Volume, (3) the Hexun RIA index, (4) the number of times for which the stock is mentioned 

in news on Sina Finance, and (5) trading volume. Detailed descriptions of the five measures 

are given in Appendix A. 

Others 

Sigmai,t The standard deviation of firm-specific weekly returns on firm i over the fiscal year t. 

Reti,t The mean of firm-specific weekly returns on firm i over the fiscal year t. 

Dturni,t The detrended average daily turnover on firm i in year t, calculated as the average monthly 

stock turnover in year t minus the average daily stock turnover in year t-1. 

Sizei,t The natural logarithm value of the market value of equity on firm i in year t. 

BMi,t Book-to-market ratio on firm i in year t, calculated as the book value of equity divided by 

the market value of equity. 

LEVi,t Firm financial leverage on firm i in year t, calculated as the book value of total debt divided 

by the book value of total assets. 

ROAi,t Return on assets on firm i in year t, calculated as net profit divided by the book value of total 

assets. 

AbsACCi,t Absolute accruals on firm i in year t, calculated as the absolute value of the estimated 

residuals from the adjusted-Jones model (Dechow et al., 1995). 

D_Netbuyi,d The daily net-buys of stock i on day d, defined as the difference between buyer- and seller-

initiated small-size trades scaled by the total small-size trades. See Eq. (7) for details. 

Netbuyi,t Retail investors’ net-buys of stock i in year t, which is calculated by the mean of the 

daily retail investors’ net-buys similar to Eq. (7). 
Policyt A dummy variable that equals one for the period between 2014 and 2017 (years affected by 

policy) and zero for the period between 2006 and 2012 (years not affected by policy). 

Arti_Policyt A dummy variable that equals one for the period between 2010 and 2017 (years affected by 

the artificial policy) and zero for the period between 2006 and 2008 (years not affected by 

the artificial policy). 

 


