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Abstract 
This study examines whether corporate relationship spending through business entertainment 

expenses (BEEs) affects future stock price crash risk. Stakeholder theory suggests that 

expenditure on relationship building with external stakeholders enhances trust, firm reputation, 

and transparency, potentially lowering future crash risk. However, agency theory suggests that 

excessive relationship spending is associated with greater information opacity and managerial 

opportunism, contributing to greater future crash risk. Our results are more aligned with the 

agency perspective, showing that BEEs relate positively to future crash risk. China’s 2012 anti-

corruption campaign significantly moderated the effect of BEEs on stock price crash risk, 

particularly for firms having weak political connections, weak information transparency, and 

weak external monitoring mechanisms. The positive BEE-crash relation persists after the anti-

corruption campaign for high financial risk firms. 

Keywords: crash risk; relationship; business entertainment expenses; anti-corruption 
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1. Introduction  

Does expenditure on managing external stakeholder relationships (relationship spending 

hereafter) affect future stock price crash risk? Stock price crashes are large negative abnormal stock 

returns generally related to changes in a firm’s information environment, in particular the firm’s 

reporting transparency and stickiness in the flow of bad news (Chen et al., 2001; Hutton et al., 2009; 

Jin and Myers, 2006; Kim et al., 2011a, b). The impact of relationship spending on future crash risk 

depends on several factors, including the nature of stakeholder relationships developed by a firm, the 

firm’s information environment, the potential for bribery or other forms of corruption, and 

shareholders’ perceptions of relationship spending. Specifically, this paper explores whether 

relationship spending enhances a firm’s information transparency and stakeholder trust, thereby 

reducing stock price crash risk, or alternatively, if it is more consistent with information opacity and 

corporate corruption, thus increasing stock price crash risk.   

Stakeholder theory suggests that building good relations with external stakeholders is crucial 

for business success (Donaldson and Preston, 1995; Freeman, 1984; Freeman et al., 2004). Good 

relationships with customers, suppliers, government, and other stakeholders in the value chain, can 

positively enhance corporate reputation, brand recognition, and sales promotion, thereby improving 

long-term shareholders’ value (Choi and Wang, 2009; Hillman and Keim, 2001). In particular, the 

enhanced trust through social networking with stakeholders, and information richness and 

transmission due to closer stakeholder relationships, can improve credit ratings and sock returns 

(Engelberg et al., 2012) and stock price stability (Jones, 1995). From the stakeholder perspective, 

relationship spending increases stakeholder trust and facilitates information flow (Cao et al., 2016; 

Sun, 2016), potentially lowering the risk of future stock price crashes.   

However, excessive relationship building activities can detrimentally affect the information 

environment of a firm. The sociology literature suggests that overly close relationships with a 

particular group of stakeholders (e.g. government officials and clients) prevents other stakeholders 
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outside the network (e.g. shareholders) from accessing the private information transferred within the 

“close-knit club” (Granovetter, 1985). When the managerial relationship with a subset of stakeholders 

becomes closer, this inevitably leads to more information being shared within the network than with 

shareholders outside the network. In circumstances where there is asymmetric information, stock 

price crashes become more likely, since opacity facilitates managerial bad-news hoarding behavior 

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

From an agency perspective, corporate relationship spending can contribute to greater stock 

price crash risk because it relates to information opacity and induces managers to withhold bad news. 

For example, managers can make use of the information asymmetry between insiders and outsiders 

to engage in illegitimate activities, such as political rent-extraction, bribery, extortion, inefficiencies, 

and other tunneling transactions, transferring wealth from shareholders to other stakeholders (Cai et 

al., 2011; Chen et al., 2013; Steidlmeier, 1999). Because of reputation and career concerns, managers 

have strong incentives to disguise these “under-the-table” deals as part of normal business operations. 

To achieve this, managers overstate the benefits of relationship-building activities, while understating 

or even intentionally concealing the negative consequences, such as heightened political and legal 

risks, leading to asymmetric treatment and disclosure timeliness for good versus bad news. The 

obfuscation and complexity of relationships also hinder shareholders’ ability to react quickly. In such 

situations, the accumulation of bad news materializes and ultimately translates into higher crash risk 

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

Motivated by competing theoretical predictions, we examine the role of relationship spending 

in future stock price crash risk. We use Chinese data for several reasons. First, China is a relationship-

based society, and the widespread use of relationship-based contracting, rather than legal contracts in 

business transactions, is one of the key institutional factors contributing to corporate corruption and 

information opacity (Fan, 2002; Li, 2011; Piotroski et al., 2015; Wong, 2016). Relationship-building 

activities, such as gift-giving, dining, sports memberships, and other forms of entertainment, reflect 

the “unspoken rules” that firms are expected to follow as part of developing a “relational contract” 
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with customers and local politicians. While such relationship-based contracting is meant merely to 

highlight the reciprocity between parties, it is also often associated with something more sinister: 

commercial bribery and political kickbacks (Cai et al., 2011; Fan, 2002; Li, 2011; Steidlmeier, 1999).   

Second, the anti-corruption campaign, initiated by President Xi Jinping in late 2012, provides 

a natural setting to examine the effect of political pressures on the changing information role of 

relationship spending. The abrupt change in political sentiment toward entertainment expenditure 

substantially increased the political costs for parties paying and receiving bribes and revoked the 

“unspoken rules” associated with relationship-building activities. However, the effect of the anti-

corruption campaign on the information environment is debatable. Cao et al. (2018) find that firms 

are more likely to suppress negative information during the anti-corruption inspection and thus 

increase crash risk after the inspection, suggesting the information environment is weakened. In 

contrast, Chen et al. (2018b) find that firms located in prosecuted jurisdictions experience decreased 

crash risk after the anti-corruption crackdown, suggesting the information environment is improved.3 

Motivated by this conflicting evidence, we offer a new perspective to investigate the effect of the 

anti-corruption campaign on the information environment, which is through the impact of relationship 

spending on stock price crash risk.      

Finally, the unique availability of business entertainment expense data (BEE hereafter) in 

China, which is our proxy for corporate relationship spending, facilitates our investigation. Although 

entertainment expenditure is a widespread practice around the world, BEEs are not disclosed as a line 

item or via footnotes in other jurisdictions (Ou-Yang et al., 2015). However, in China, detailed BEE 

 
3 Our study is different from Cao et al. (2018) and Chen et al. (2018b) in three ways. First, the primary research interest 
of Cao et al. (2018) and Chen et al. (2018b) is to examine whether firms in corrupt regions experience a change in crash 
risk after the anti-corruption crackdown, and they provide conflicting evidence. Our research interest, on the other hand, 
is to explore the relationship between corporate spending on entertaining stakeholders and future crash risk, which has 
not been examined by prior literature. Because curbing BEEs is one of the stated objectives of the anti-corruption 
campaign (Griffin et al., 2018), we examine whether BEEs are a possible channel through which the campaign exerts its 
influence on the capital market. Second, our research not only has political implications, like the research of Cao et al. 
(2018) and Chen et al. (2018b), but also cultural implications, given that guanxi is a core part of Chinese culture and 
BEEs are socially embedded in business transactions (e.g. Ai, 2006; Li, 2011; Luo and Chen, 1997; Ruan, 2017). Third, 
both Cao et al. (2018) and Chen et al. (2018b) employ a regional-level proxy based on identifying regions where political 
officials have been investigated or prosecuted; instead, we employ a firm-level measure of likely firm-level corruption 
and information opacity. Our relationship-spending measure is a finer-grained indicator of the quality of a firm’s 
information environment. 
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data are available for around 69.4 percent of listed firms. This unique phenomenon is partially 

explained by the tax deductibility of BEEs since 2008. We manually collect BEEs from companies’ 

annual reports and construct a sample of firms disclosing relationship spending during the period 

2008 to 2016. The final sample consists of 13,401 firm-year observations.  

Following previous studies (Chen et al., 2001; Kim et al., 2011a, b), we estimate stock price 

crash risk using the negative skewness of firm-specific weekly returns and the crash likelihood 

measure using the down-to-up volatility of firm-specific weekly returns. We find a positive relation 

between BEEs and future stock price crash risk in both crash measures, a result more consistent with 

the agency cost perspective of corporate relationship spending. However, the positive effect of BEEs 

on future crash risk is significantly mitigated by the anti-corruption campaign, lending support to the 

monitoring role of the campaign.  

We consider several settings under which the BEE-crash relation may vary cross-sectionally. 

Prior research shows that compared to firms with strong personal political connections, such as those 

whose chairperson or chief executive officer (CEO) has a current membership in the People’s 

Congress or the People’s Political Consultative Conference, or institutional political connections such 

as state-owned enterprises (SOEs), firms with weak political connections are subject to greater 

political rent-extraction, and thus depend more on bribes through BEEs to appease politicians (Chen 

et al., 2013; Xu et al., 2017). If so, firms with weak political connections should have stronger 

incentives to engage in illegal relationship-building activities, such as bribery and political rents, as 

part of BEEs. In line with this proposition, we find that the BEE-crash relation is concentrated mainly 

in samples of firms having weak personal political connections and non-SOEs in the period before 

the anti-corruption campaign. The anti-corruption campaign reduces the BEE-crash relation 

significantly for those firms needing political connections, supporting the monitoring role of the 

campaign. 

We also explore the role of information transparency and external monitoring in the positive 

BEE-crash relation. This investigation is motivated by studies suggesting that better transparency and 
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external monitoring mechanisms constrain managerial ability and incentives to withhold bad news 

(Bleck and Liu, 2007; Hutton et al., 2009; Kim and Zhang, 2014; Kothari et al., 2009). Furthermore, 

if BEEs are primarily used as grease money to bribe powerful stakeholders, they are more likely to 

operate in environments where the information is opaque, and the governance is weak. We find that 

the impact of BEEs on crash risk exists primarily in firms that have poor information transparency 

and weak external monitoring before the anti-corruption campaign. Interestingly, the curbing effect 

of the anti-corruption campaign on the BEE-crash relation also exists mainly for firms operating in 

such weak information and governance environments. We interpret our findings as evidence in 

support of the campaign as a potential governance-enhancing mechanism.  

Although our previous findings generally embrace the monitoring role of the anti-corruption 

campaign, we examine whether the campaign is fully successful at curbing the BEE-crash relation. 

Kim et al. (2011a) suggest that managers of firms with already high levels of risk, as proxied by 

financial leverage, are more prone to hide excessive risk taking. Higher BEE spending attracts greater 

political risk in the context of the anti-corruption crackdown, and thus managers may still have 

incentives to conceal the negative consequences of relationship building activities even after the 

campaign. Consistent with this conjecture, our evidence reveals that the BEE-crash relation is positive 

and significant mainly in the subsample of high-leveraged firms, and the effect persists after the 

campaign. 

Our findings have both theoretical and practical contributions. First, the mainstream of crash-

risk research is based on the agency argument of Jin and Myers (2006), and interprets stock price 

crash as a function of the information asymmetry between managers and shareholders (Habib et al., 

2018). Using this framework, previous studies have examined various determinants relating to 

managerial behaviors and characteristics, such as equity incentives of CEOs versus Chief Financial 

Officers (CFOs) (Kim et al., 2011a), political ranks of managers (Chen et al., 2018a), executive perks 

(Xu et al., 2014), and managerial overconfidence (Kim et al., 2016). Although information 

asymmetry between managers and shareholders and its effect have been the standard framework of 
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stock price crash research (Habib et al., 2018), we contribute to the existing literature by providing a 

new piece of evidence: the collusion of managers and external stakeholders through relationship 

building can also influence managers’ bad-news hoarding decisions and therefore future stock price 

crash risk. The BEE-crash effect, however, depends on various factors such as disclosure 

transparency, external monitoring, firms’ existing risk level and, more importantly, the influence of 

the anti-corruption campaign. 

Second, we contribute to the debate on the information role of BEEs. One stream of literature 

suggests that BEEs can be legitimately used to strengthen business relationships and convey respect 

towards customers (Finn and Moncrief, 1985; Hite and Bellizzi, 1987; Sun, 2016). The other stream 

of literature shows that BEEs are one of the main bribery channels to obtain government contracts, 

land, subsidies, licenses, and bank loans, and to limit government expropriation (Cai et al., 2011; 

Chen et al., 2013; Xu et al., 2017). We contribute to the debate by highlighting the warning signal of 

BEEs and its impact on crash risk.  

Finally, we are aligned with recent studies examining the consequences of Xi’s anti-

corruption campaign on the information environment and firm value (Cao et al., 2018; Chen et al., 

2018b; Hope et al., 2017; Pan and Tian, 2017). Our evidence suggests that, overall, China’s anti-

corruption campaign has significantly reduced the managerial bad-news hoarding behavior associated 

with relationship building. When internal and external governance forces are weak, anti-corruption 

crackdowns can serve as an effective mechanism to reduce information opacity and investors’ 

mistrust of relationship spending. Despite increasing political demand for transparency of 

relationship-building activities, the effect on crash risk, however, cannot be eliminated by the 

campaign. The results suggest regulators and investors should pay attention to the effect of 

relationship spending on stock price crashes in firms with high financial leverage. 

The remainder of this paper is organized as follows. Section 2 reviews prior literature and 

states our hypotheses. Section 3 describes the sampling process, defines the variables, and gives the 
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empirical models. Section 4 presents the descriptive statistics and discusses the regression results. 

Section 5 summarizes the study and presents our conclusions.  

2. Literature Review and Hypotheses 

2.1 Background, guanxi and entertainment expenditure   

As the world’s second largest economy, the largest exporter, and one of the primary 

destinations of foreign direct investment, China’s sustainable economic growth, stock market 

performance, and business information environment are important to the rest of the world. Despite 

significant economic growth and liberalization in the past two years, China is often characterized as 

a country having strong government control, weak legal and governance systems, and high-levels of 

corporate corruption (Allen et al., 2005; Piotroski and Wong, 2013). 

Deeply rooted in the Chinese culture of guanxi, business transactions are usually carried out 

between parties within a close social network. A close guanxi with clients and politicians in an 

authoritarian government allows a firm to promote sales, exchange sensitive information, and obtain 

government-related benefits. For example, the interview-based study conducted by Lee et al. (2014) 

suggests that firms having a good relationship with local governments receive more direct cash 

subsidies, loan guarantees, and debt forgiveness than peer firms. Similarly, case studies in Li (2011) 

show that commodities and entertainment expenditures for politicians are usually very extravagant, 

such as luxury brand clothing, expensive paintings, high-value store cards, golf memberships, and 

VIP chambers of restaurants and hotels. Given this highly politicalized guanxi context, the benefits 

from information opacity frequently outweigh those of transparency due to the need to conceal 

government expropriation, political rent-seeking, commercial bribery, and other illegal activities 

(Piotroski and Wong, 2013). 
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Expenses incurred to build and manage relationships are reported by companies as part of 

business entertainment expenses (BEEs). 4  BEEs are defined in the Regulation on work-related 

expenses by executives of state-owned enterprises, issued by the State-owned Assets Supervision and 

Administration Commission, as expenses used to entertain clients, business partners, and other 

relevant external parties. Examples of BEEs in this regulation include banquets, gift-giving, guest 

receptions, and hospitality in general. BEEs, by definition, do not include expenses used for corporate 

insiders such as employees and managers (Ou-Yang et al., 2015). Instead, expenditure on insiders is 

classified separately as employee meal and travel allowances, conference and product promotion-

related expenses, or other relevant work-related perks. In addition, the Regulation on the 

implementation of the enterprise income tax law of China in 2008 (2008 Tax Regulation hereafter) 

recognizes BEEs as a legitimate tax-deductible item and requires firms to disclose BEEs separately 

from other selling and general administrative expenses for taxation purposes. Failing to report BEEs 

as a separate expense item is subject to severe penalties by the tax authorities (Sun, 2016).5  

Researchers have started to explore the nature and economic consequences of BEEs. Cai et 

al. (2011) and Xu et al. (2017) suggest that BEE includes a normal-business component to build 

relationships with external stakeholders as well as a grease-money component to obtain government-

related favors. Using a sample of Chinese firms from 2000 to 2002, Cai et al. (2011) find that BEEs 

are negatively related to firm productivity. In contrast, Ou-Yang et al. (2015), using a sample from 

2004 to 2012, find that BEEs can improve firm performance. Cheng et al. (2018), based on Chinese 

data from 2010 to 2015, find that BEEs, rather than other normal marketing expenditures, enhance a 

firm’s market share. Both Ou-Yang et al. (2015) and Cheng et al. (2018) conclude that BEEs are 

crucial for companies to develop guanxi networks, build trust, and lower transaction costs with 

external stakeholders.  

 
4  The Chinese title of business entertainment expense is 业务招待费. 招待, literally in Chinese, means receiving and 
entertaining guests.   
5 Up to 60 percent of BEEs are tax deductible but should not exceed 0.5 percent of total taxable revenues. However, 40 
percent of BEEs are not deducted for the calculation of taxable income, implying that regulators recognise that BEEs are 
partially illegitimate (Chen et al. 2013). 
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Although the use of BEEs to manage stakeholder relationships is widespread, little is known 

of what they signal about a firm’s information environment, such as the implications for transparency 

versus opacity of information flows, and the impact of the 2012 anti-corruption campaign on the 

information role of BEEs. We fill this gap in prior literature by investigating the information role of 

BEEs in future stock price crash risk before and after the anti-corruption campaign. Given that BEEs 

are embedded in business transactions, our investigation is important to policymakers and 

shareholders. Government politicians need to know whether the reduction in BEE spending 

associated with the external anti-corruption pressures can generate a positive externality to the capital 

market, for example, mitigating the stock price crash risk. Shareholders need a better understanding 

of the nature and consequences of BEEs, especially whether such “under-the-table” deals or other 

hidden guanxi spending associated with entertainment activities compromise the optimal allocation 

of their invested capital.   

2.2 Link between relationship spending and crash risk 

We investigate whether relationship spending on external stakeholders, proxied by BEEs, is 

a determinant of future stock price crash risk. The core debate is whether or not BEEs are primarily 

used to build and develop a sound relationship with stakeholders in a legitimate way, contributing to 

enhanced stakeholder trust and information transparency. Alternatively, BEEs are primarily grease 

money, a manifestation of commercial bribery or political rents, incentivizing managers to block the 

flow of bad news and thus signal an opaquer information environment.  

2.2.1 Stakeholder perspective 

Stakeholder theory suggests that customers, suppliers, business partners, and government 

officials are powerful stakeholders that can substantially affect or be affected by a firm’s decisions. 

Empirical studies, based on stakeholder theory, show that better relationships with various 

stakeholders can help a firm sustain competitive advantages, recover quickly from inferior financial 

performance, build a positive image, and increase long-run shareholder value (Choi and Wang, 2009; 

Hillman and Keim, 2001). 



10 
 

The link between BEEs and stock price crash risks can be argued from two main stakeholder 

perspectives. First, the empirical evidence of Engelberg et al. (2012) concludes that a sound social 

network and personal connection leads to better information flow, monitoring, and stock performance. 

Information can be easily transferred and exchanged in a relaxed environment such as a dinner 

banquet with business suppliers, customers, and other business partners (Cao et al., 2016; Sun, 2016). 

In this sense, the investment in BEEs builds better communication channels with stakeholders, helps 

rather than hinders information flow, and increases transparency, thereby potentially reducing future 

stock price crash risk. For example, a recent empirical study, conducted by Fang et al. (2018), finds 

that the level of external social networks of the board of directors is negatively correlated with future 

crash risk, because better external networking facilitates information transmission and restrains 

managerial bad-news hoarding.      

Second, in China’s relationship-based society, guanxi is a crucial source of social capital for 

business success (Ruan, 2017). Confucian culture and social norms place a high value on the merits 

of guanxi, mianzi (face), renqing (human sentiment) and li (gifts). Politicians, clients, suppliers, and 

business partners will feel that their prestige is highly recognized, and their social standing is 

distinguished, when their interaction with managers is accompanied by luxurious gifts, five-star 

restaurant banquets, and top-class hotel accommodation. Owing to the high prestige mianzi enjoys, 

stakeholders are more trusting of those firms that invest heavily in maintaining and developing guanxi 

with them. Such enhanced stakeholder trust helps a firm gain competitive advantage and leads to 

improved performance through channels such as enhanced financing sources, better customer loyalty, 

retention, and more customer orders (Bejou, 1998).  

Moreover, shareholders’ value is enhanced by spending on BEEs, because firms are gaining 

more trust and social capital through better networking with a wide range of stakeholders. Trust, 

social norms, and business ethics are inseparable and mutually reinforcing (Brenkert, 1998). From 

the perspective of stakeholder trust, the investment in BEEs consists of networking, trusting, and 

trustworthiness. Managers do the “right things”, consistent with social norms, and should have 
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nothing to hide. Callen and Fang (2015a) find that religion, as a powerful social norm, curbs 

managerial hoarding of bad news and alleviates crash risk. Jones (1995) suggests that firms that 

develop solid reputations have the trust of their stakeholders and better market reputation, and 

therefore enjoy greater stock price stability. Both Cao et al. (2016) and Li et al. (2017) find that 

Chinese firms in a trustful environment experience less future crash risk, and this is because trust 

promotes ethical behaviors, and managerial incentives to hide bad news are weakened when managers 

are trustworthy.    

Based on stakeholder theory, we posit that spending on managing stakeholder relationships is 

necessary, trust-building, and value-creating, and the enhanced information richness and transparency 

that arises from a trustful stakeholder relationship can reduce the risk of future stock price crashes. 

This leads to the following hypothesis: 

Stakeholder hypothesis: There is a negative association between corporate relationship 

spending and future stock price crash risk. 

2.2.2 Agency perspective 

Agency theory offers a competing view, suggesting that a close relationship with powerful 

stakeholders may increase agency problems. Firms spending more on building relationships exhibit 

greater information asymmetry and opacity between insiders and outsiders of a relationship network. 

The sociology literature argues that in-group parties disregard universal rules and act to the detriment 

of stakeholders outside their group (Granovetter, 1985). The information opacity of relationship-

building activities creates barriers to shareholders, obscuring the real nature of the relationship that 

managers develop and the underlying motivations of the associated relationship spending. In 

particular, it is difficult for shareholders to investigate whether relationship-building activities are 

value-enhancing, as predicted by stakeholder theory, or resource-diverting, as predicted by agency 

theory, which incentivizes managers to withhold negative information for an extended period. In such 

situations, investors may delay making corrective price adjustments and this stickiness leads to large 

adjustments or price crashes (Cao et al., 2015).    
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From an agency perspective, managers take advantage of information opacity between 

internal and external parties of a relationship to mask corrupt relationship spending, such as political 

rents, government expropriation, and bribery as normal business expenditures. These transactions 

transfer wealth from shareholders to other stakeholders and potentially jeopardize a firm’s long-term 

growth opportunities. To justify the necessity of appeasing external stakeholders, managers tend to 

overstate the positive consequences of a private or political relationship but understate the negative 

consequences, such as associated legal and political risks. This behavior may be accompanied by 

earnings-management strategies to portray a better financial performance. For example, Liu (2016) 

shows that corrupt managers are more likely to engage in earnings management, insider trading, and 

fraudulent reporting. Overstated performance can mask managerial wrongdoings, but in turn 

contribute to greater information opacity. In this context, negative information accumulates and 

eventually manifests in extreme negative stock returns in the future.  

In the short term, bribery behavior can lead to an immediate exchange of favors and provide 

a more efficient means for managers to stimulate sales than other strategies. The temporarily inflated 

performance creates a false impression regarding the underlying operations, leading directors and 

managers to neglect the long-term cost of relationship-building activities. For example, when entering 

a relational contract with companies, greedy politicians will make use of the firm’s dependence on 

their power to seek more rents and expropriations in the future, consistently diluting resources owned 

by shareholders. Once companies become more bribery-dependent, the short-term benefits gained 

from corrupt spending prevent managers from investing in other valuable projects. Previous studies 

have concluded that corruption will ultimately impede long-term economic growth and firm value 

because it distorts the allocation of resources (Acemoglu and Verdier, 2000; Khwaja and Mian, 2005), 

affects private investment, and hinders innovation (Mauro, 1995; Murphy et al., 1993; Shleifer and 

Vishny, 1993).  

We contend that corporate relationship spending through BEEs contributes to higher future 

stock price crash risk, because more relationship spending relates to greater information opacity 
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between insiders and outsiders of a guanxi network. This opacity of corporate relationship spending 

not only incentivizes managers to withhold negative information and inflate short-term performance, 

but also hinders shareholders in making timely corrective price adjustments. This leads to the 

following hypothesis:   

Agency hypothesis: There is a positive association between corporate relationship 

spending and future stock price crash risk. 

2.3 Impact of the anti-corruption campaign 

A key objective of President Xi’s anti-corruption campaign is to promote a frugal working 

style and restrict spending on the Three Public Expenditures, referred to as spending on domestic and 

overseas travel, vehicle-related expenses, and entertainment-related expenses such as receptions and 

banquets. While the anti-corruption campaign has significantly increased the political costs of parties 

paying and receiving bribes, it remains unclear whether it has improved or weakened the corporate 

information environment, particularly in the setting of relationship building.     

On the one hand, if the anti-corruption campaign provides a clearer and more transparent 

stakeholder relationship and restores entertainment spending to its legitimate nature and level, then 

the campaign should decrease shareholders’ perceived risk regarding corporate corruption and 

increase shareholders’ trust towards such relationship spending. If so, the opacity of relationships 

should be reduced, and the effect of BEEs on crash risk should be less pronounced after the campaign 

than before.  

On the other hand, the increased political costs during the campaign may motivate managers 

to hide more bad news associated with relationship building. Piotroski et al. (2015) find that, in 

response to the political incentives of suppressing negative information, managers tend to withhold 

bad news during political events, and the delayed release of bad information leads to a stock price 

crash after these events. Cao et al. (2018) provide evidence that firms tend to suppress the release of 

negative news during the anti-corruption inspection, and the accumulated bad news increases the 

crash risk after the inspection. If the anti-corruption leads to a deterioration in the information 
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environment because of the need to hide political rent-seeking, then the effect of relationship 

spending on crash risk should be more pronounced after the campaign than before. Either way, the 

anti-corruption campaign is politically significant enough to impact on corporate behavior, and 

therefore, we expect the BEE-crash relation to differ in periods before and after the campaign. 

3. Research Design 

3.1 Measurement of crash risk 

We employ the methods of Chen et al. (2001), Kim et al. (2011a) and Kim et al. (2011b) to 

measure stock price crash risk. We estimate firm-specific weekly returns (Wi,t) for each firm, defined 

as the natural log of one plus the residual return, from the following market model:  

𝑅𝑅𝑖𝑖,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1𝑅𝑅𝑚𝑚,𝑡𝑡−2 + 𝛽𝛽2𝑅𝑅𝑚𝑚,𝑡𝑡−1 + 𝛽𝛽3𝑅𝑅𝑚𝑚,𝑡𝑡 + 𝛽𝛽4𝑅𝑅𝑚𝑚,𝑡𝑡+1 + 𝛽𝛽5𝑅𝑅𝑚𝑚,𝑡𝑡+2 + 𝜀𝜀𝑖𝑖,𝑡𝑡   (1) 

where Ri,t is the return on stock i during the week t, and Rm,t-2, Rm,t-1, Rm,t, Rm,t+1, Rm,t+2 are market 

returns on total value-weighted market index during weeks t-2, t-1, t, t+1, and t+2 respectively. While 

we adopt weekly returns in the main analysis, consistent with recent literature such as Callen and 

Fang (2015a), Callen and Fang (2015b) and Utz (2018), we also report additional robustness testing 

using daily returns in section 4.4.2.  

We consider two alternative crash risk measures widely adopted in Chen et al. (2001), Kim et 

al. (2011a) and Kim et al. (2011b). We estimate negative conditional skewness of firm-specific 

weekly returns, Ncskew, which is calculated by taking the negative of the third moment of firm-

specific weekly returns and dividing it by the standard deviation of firm-specific weekly returns to 

the third power. Specifically, Ncskew is computed using the following equation: 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖,𝑡𝑡 = −[𝑛𝑛(𝑛𝑛 − 1)3/2 ∑𝑊𝑊𝑖𝑖,𝑡𝑡
3 ]/[(𝑛𝑛 − 1)(𝑛𝑛 − 2)�∑𝑊𝑊𝑖𝑖,𝑡𝑡

2 �
3/2

]   (2) 

We also consider the down-to-up volatility measure, Duvol, which is the log of the ratio of 

the standard deviations of down-to-up firm-specific returns. The Duvol is calculated as follows: 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖,𝑡𝑡 = 𝐷𝐷𝐷𝐷𝑙𝑙 
�(𝑛𝑛𝑢𝑢−1)∑ 𝑊𝑊𝑖𝑖,𝑡𝑡

2
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 �

�(𝑛𝑛𝑑𝑑−1)∑ 𝑊𝑊𝑖𝑖,𝑡𝑡
2

𝑢𝑢𝑢𝑢 �
 (3)     
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where nu (nd) is the number of up (down) weeks during which firm-specific returns are above (below) 

the mean of firm-specific weekly returns for the year. A higher value of down-to-up volatility (Duvol) 

indicates that a firm is more crash-prone in the year t.     

3.2 Empirical model  

To examine the impact of BEE spending on stock price crash risk, we develop the following 

baseline regression in equation (4), directly derived from previous studies such as Chen et al. (2001) 

and Kim et al. (2011a).  

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡+1𝐷𝐷𝑜𝑜 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡+1

= 𝛽𝛽0 + 𝛽𝛽1𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 + 𝛽𝛽2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡 + 𝛽𝛽3𝑆𝑆𝑆𝑆𝑙𝑙𝑆𝑆𝑆𝑆𝑡𝑡 + 𝛽𝛽4𝐷𝐷𝐷𝐷𝐷𝐷𝑜𝑜𝑛𝑛𝑡𝑡 + 𝛽𝛽5𝑅𝑅𝑁𝑁𝐷𝐷𝑡𝑡 + 𝛽𝛽6𝑆𝑆𝑆𝑆𝑆𝑆𝑁𝑁𝑡𝑡

+ 𝛽𝛽7𝑀𝑀𝑀𝑀𝐵𝐵𝑡𝑡 + 𝛽𝛽8𝐿𝐿𝑁𝑁𝐷𝐷𝑁𝑁𝑜𝑜𝑆𝑆𝑙𝑙𝑁𝑁𝑡𝑡 + 𝛽𝛽9𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 + 𝛽𝛽10𝑅𝑅𝐵𝐵𝑅𝑅𝐴𝐴𝐴𝐴𝑡𝑡 + 𝐼𝐼𝑛𝑛𝐼𝐼𝐷𝐷𝑁𝑁𝐷𝐷𝑜𝑜𝐼𝐼 + 𝑌𝑌𝑁𝑁𝑆𝑆𝑜𝑜

+ 𝜀𝜀𝑡𝑡   (4) 

The main testable variable, BEEt, is business entertainment expenses (BEE) scaled by total 

sales revenue in year t. A negative coefficient on BEEt (β1 < 0) is in line with the stakeholder argument, 

suggesting that BEEs lower future crash risk, whereas a positive coefficient on BEEt (β1 > 0) is in 

line with the agency argument, suggesting that BEEs contribute to greater future crash risk.  

To test the effect of the anti-corruption campaign on the BEE-crash relation, we include the 

variable Aftert, which is a dummy variable, defined as 1 if observations belong to the period after the 

anti-corruption campaign (years 2012-2016), and 0 otherwise. We classify the years 2008-2011 as 

the pre-campaign period because the anti-corruption campaign formally started in November 2012. 

In expanded robustness checks, we also re-classify the year 2012 in the pre-campaign period, because, 

as discussed in section 3.3, the campaign had very limited effects on BEE spending in that year. Our 

results, presented in section 4.1.2, are not sensitive to the classification of year 2012 as a pre- or post-

campaign period.  

We next interact BEEt with Aftert, and predict a negative coefficient on BEEt × Aftert if the 

anti-corruption campaign moderates the effect of BEEs on stock price crashes. If, however, the anti-
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corruption campaign induces managers to conceal negative information to a greater extent, we expect 

a positive coefficient on BEEt × Aftert. The model is presented as follows in equation (5).   

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡+1𝐷𝐷𝑜𝑜 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡+1

= 𝛽𝛽0 + 𝛽𝛽1𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 + 𝛽𝛽2𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 × 𝑅𝑅𝐴𝐴𝐷𝐷𝑁𝑁𝑜𝑜𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝐴𝐴𝐷𝐷𝑁𝑁𝑜𝑜𝑡𝑡 + 𝛽𝛽4𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡 + 𝛽𝛽5𝑆𝑆𝑆𝑆𝑙𝑙𝑆𝑆𝑆𝑆𝑡𝑡

+ 𝛽𝛽6𝐷𝐷𝐷𝐷𝐷𝐷𝑜𝑜𝑛𝑛𝑡𝑡 + 𝛽𝛽7𝑅𝑅𝑁𝑁𝐷𝐷𝑡𝑡 + 𝛽𝛽8𝑆𝑆𝑆𝑆𝑆𝑆𝑁𝑁𝑡𝑡 + 𝛽𝛽9𝑀𝑀𝑀𝑀𝐵𝐵𝑡𝑡 + 𝛽𝛽10𝐿𝐿𝑁𝑁𝐷𝐷𝑁𝑁𝑜𝑜𝑆𝑆𝑙𝑙𝑁𝑁𝑡𝑡 + 𝛽𝛽11𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡

+ 𝛽𝛽12𝑅𝑅𝐵𝐵𝑅𝑅𝐴𝐴𝐴𝐴𝑡𝑡 + 𝐼𝐼𝑛𝑛𝐼𝐼𝐷𝐷𝑁𝑁𝐷𝐷𝑜𝑜𝐼𝐼 + 𝜀𝜀𝑡𝑡   (5) 

The main control variables used in equations (4) and (5) are consistent with previous studies 

(Chen et al., 2001; Kim et al., 2011a, b). Ncskewt is the negative firm-specific weekly return skewness 

in year t. Sigmat is the standard deviation of firm-specific weekly returns in year t. Dturnt is the 

detrended share turnover in year t, calculated as the difference in the mean monthly share turnover in 

fiscal year t and year t-1, where monthly share turnover is calculated as the monthly volume of shares 

traded by the total number of shares outstanding during the month. Rett is the mean of firm-specific 

weekly returns in year t, multiplied by 100. Sizet is the natural log of market value at the end of year 

t. MTBt is the market to book ratio at the end of year t. Leveraget is the ratio of total liabilities to total 

assets at the end of year t. ROAt is the ratio of net profit excluding BEEs divided by total assets at the 

end of year t. ABACCt is the absolute value of discretionary accruals in year t, where discretionary 

accruals are estimated from the modified Jones model using Dechow et al. (1995). We include two-

digit China Securities Regulatory Commission (CSRC) industry membership in equations (4) and (5) 

to control for industry fixed effects. We add year dummies in equation (4) to control for year effect. 

We perform regressions using robust standard errors corrected for firm level heteroscedasticity and 

clustering. 

3.3 Sample and data 

The initial sample includes all firm-year observations in the China Stock Market and 

Accounting Research Database (CSMAR) during the period 2008 to 2016. We also include data for 

years 2007 and 2017 because some models require leading and lagging variables. We delete 

observations missing total revenue because total revenue is used as the main deflator for BEEs, 
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yielding 22,312 firm-year observations. The use of total revenue as the scaler for BEEs is consistent 

with Ou-Yang et al. (2015), Chen et al. (2013), and Xu et al. (2017). We manually collect the BEE 

data from annual reports of all listed firms from 2008 to 2016.6 We collect BEEs from 2008 because 

this is the starting year of the 2008 Tax Regulation. We drop observations if firms do not disclose 

BEE as a separate expense item in their annual report, leading to 15,488 firm-years. The disclosure 

rate of BEEs is 69.4 percent of all listed firms, providing a reasonable representation of the whole 

population. Finally, we drop observations without sufficient data to run our main regression equation 

(3), stated in section 3.1, leading to a final sample of 13,401 observations. Details of the sampling 

process are presented in Panel A of Table 1.   

[Insert Table 1]    

Panel B of Table 1 presents the yearly mean and median raw expenditure on BEEs in million 

(BEE in million) and BEE scaled by total sales revenue (BEE by revenue), respectively. The mean 

(median) BEE from 2008 to 2016 is 15.62 million (4.90 million) Chinese yuan, and the mean (median) 

BEE by revenue is 0.64 percent (0.32 percent). The mean raw BEE is increasing up to the year 2011, 

and gradually declining after the start of the anti-corruption campaign in November 2012. However, 

the median raw BEE and the mean (median) BEE scaled by revenue (except for the year 2009) is 

peaking at the year 2012 when the anti-corruption campaign starts and decreases afterwards. The 

result is not surprising, because the anti-corruption campaign officially started in late November 2012 

and had limited effects on year 2012 BEE spending.    

Panel C of Table 1 tabulates, by industry, the mean and median raw BEE amounts (BEE in 

million) and BEEs scaled by total sales revenue. The Finance industry, Accommodation and catering 

 
6 Although we cannot directly observe the total amount of BEEs reported to the tax authority, we rely on the amounts 
disclosed in annual reports, consistent with Ou-Yang et al. (2015) and Griffin et al. (2018). Firms disclose BEE in three 
locations of two financial statements: either as a single line item under “other cash payments” as a footnote to the cash 
flow statement, or as one- or two-line items in the footnotes to the income statement as either “selling expenses” or 
“general administrative expenses” or both. Our calculation of BEEs is consistent with Ou-Yang et al. (2015) and Griffin 
et al. (2018). First, if BEE is disclosed only in one of the three locations, we take that single reported BEE number as the 
total BEE for the firm. Second, if BEE is only reported in the income statement (not in the cash flow statement) under 
both “selling expenses” and “general administrative expenses” locations, we take the sum of the two locations as total 
BEE for the firm. Third, if BEE is disclosed in both the income statement and cash flow statement, we take the higher of 
the two numbers as the total BEE for the firm.      
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industry, Industry of information transmission, Software and IT services industry, Leasing and 

commercial service industry, and Water conservancy, environment and public facility management 

industry report high BEEs relative to total revenue, which is more than one percent of total revenue. 

In contrast, the Industry of resident service, repair and other services report the lowest BEEs, which 

is no more than 0.2 percent of total revenue.  

Table 2 reports descriptive statistics and correlations of the main and control variables. Panel 

A of Table 2 shows that the mean (median) firm-specific return skewness, Ncskewt+1, is -0.326 (-

0.292), and the mean (median) down-to-up volatility, Duvolt+1, is -0.113 (-0.113). Detailed variable 

definitions are presented in Appendix 1. Panel B of Table 2 reports the correlation coefficients where 

correlations at the one percent significance level are bolded. Results show that BEEt significantly 

correlates with Ncskewt+1 and Duvolt+1, suggesting that relationship spending through BEEs relates 

positively to future stock price crash risk.  

 [Insert Table 2] 

4. Results  

In section 4.1, we report our main results regarding the relationship between BEEs and future 

crash risk, and the role of the anti-corruption campaign in this relationship. In section 4.2, we identify 

and discuss possible underlying economic mechanisms under which our main results can vary cross-

sectionally. In section 4.3, we present our identification strategies to address endogeneity concerns. 

Finally, in section 4.4, we discuss alternative proxies for corporate relationship spending and stock 

price crash risk.     

4.1 Main evidence  

4.1.1 Relationship between BEEs and crash risk  

Table 3 reports our main results for equation (4) regarding the relationship between corporate 

spending through BEEs and future stock price crash risk. Column (1) shows that the coefficient on 
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BEEt is significant and positive at the 5 percent level (1.162, t = 2.01, two-tailed) when Ncskewt+1 is 

the dependent variable. Column (3) shows a similar but weaker BEE-crash relation at the 10 percent 

level (0.299, t = 1.71, two-tailed) when Duvolt+1 is the dependent variable. Overall, the results are 

consistent with the agency cost argument of corporate relationship spending that BEEs relate to 

information opacity and incentivize managers to hoard bad information.  

 [Insert Table 3] 

We assess the economic significance by multiplying the coefficient on BEEt by the standard 

deviation of BEEt, divided by the standard deviation of the future crash risk proxies (NcSkewt+1 or 

Duvolt+1). A one-standard-deviation increase in BEEs is associated with an increase of 1.87 percent 

of a standard deviation in the negative skewness of firm-specific returns (1.162 × 0.012 ÷ 0.746), and 

1.42 percent of a standard deviation in the down-to-up volatility of firm-specific returns (0.299 × 

0.012 ÷ 0.252).  

Although we have included the standard control variables used in crash-related studies, an 

alternative interpretation of our previous findings is that BEEs mainly represent underlying internal 

governance problems that affect crash risk. To mitigate this concern, we add various well-established 

governance proxies into our main equation (4). These governance variables are Board Sizet, measured 

by the natural log of the number of board directors; Independencet, measured by the percentage of 

independent directors; CEO Dualityt, measured by whether the CEO and chair are different persons; 

and big-four auditors (Big Fourt) to control for auditing quality. Our main variable, BEEt, remains 

weakly significant at the 10 percent level, after controlling for governance proxies in columns (2) and 

(4). The coefficients on Board Sizet, Independencet, and CEO Dualityt are largely insignificant, except 

for Big Fourt, which has a weak and negative relation with Ncskewt+1. Overall, the results suggest 

that there is no significant association between corporate governance proxies and crash risk.  

The coefficients for other control variables in columns (1) and (3) are generally consistent 

with prior literature. More specifically, we find a positive and significant coefficient on Ncskewt, 

suggesting that firms with high return skewness in year t also tend to have stock price crash risk in 
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year t+1, a result consistent with Chen et al. (2001), Kim et al. (2011a) and Kim et al. (2011b). The 

coefficient on Dturnt is negative and significant, suggesting that detrended monthly share turnover is 

negatively correlated with future stock price crash risk. Although the negative coefficient on Dturnt 

is different from that of US-based studies (Kim et al., 2011a, b), the result is consistent with studies 

using a Chinese sample, such as Piotroski et al. (2015) and Chen et al. (2018a). Consistent with Kim 

et al. (2011a) and Kim et al. (2011b), the coefficients on Sizet and MTBt are significantly positive. 

The significant and positive coefficient on ABACCt suggests that discretionary accruals are positively 

associated with stock price crashes in the following year, consistent with Kim et al. (2011a) and Kim 

et al. (2011b).  

4.1.2 Impact of anti-corruption campaign 

We report the findings regarding whether the anti-corruption campaign amplifies or dampens 

the relation between BEEs and future crash risk in this section. The results are tabulated in Panel A 

of Table 4. Columns (1) and (2) and columns (3) and (4) use Ncskewt+1 and Duvolt+1, respectively, as 

the dependent variables. Columns (2) and (4) report results after adding governance proxies as 

controls. We report two major findings in Table 4. First, the coefficient on BEEt is positive and 

significant in all columns (1) to (4), suggesting that BEEs contribute to future crash risk in the period 

before the campaign. Second, the coefficients on BEEt × Aftert are all significant and negative using 

both Ncskewt+1 and Duvolt+1 as the dependent variables, lending support to the monitoring role of the 

campaign. Furthermore, the coefficients of BEEt and BEEt × Aftert are similar in magnitude but of 

opposite signs. The F-test of BEEt + BEEt × Aftert are insignificant in all columns (1) to (4), showing 

that the anti-corruption campaign largely eliminates the positive effect of BEE on future crash risk. 

Our evidence indicates that the anti-corruption campaign improves the information transparency of 

BEE spending and reduces the shareholders’ perceived risk associated with relationship spending, 

and therefore curbs the effect of relationship spending on future crash risk.  

 [Insert Table 4] 
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To assess the robustness of our main results, Panel B of Table 4 presents results based on 

alternative sub-period classifications before and after the anti-corruption campaign. Columns (1) and 

(2) re-classify year 2012 as the pre-campaign period and re-define the years 2013-2016 as the post-

campaign regime. Our main results, reflected in the coefficients on BEEt and BEEt × Aftert, remain 

consistent with those in Panel A, and therefore are not affected by whether the year 2012 is grouped 

into the before or after campaign period. We also repeat this for the extending analysis presented in 

section 4.2. The untabulated results remain the same as previous results that classify the year 2012 in 

the pre-campaign period. Thus, in the following sections, we tabulate results mainly based on the 

initial definition of the pre-campaign period (years 2008 to 2011).   

Columns (3) and (4) shorten the test window to eight years, where years 2008-2011 and years 

2012-2015 are defined as pre- and post-campaign periods, respectively. The coefficient on BEEt 

remains significantly positive, and the coefficient on BEEt × Aftert continues to be significantly 

negative, confirming the results in previous analyses. In further untabulated robustness checks, we 

require firms to be consecutively listed during 2008-2015, and the results remain the same.  

Columns (5) and (6) drop the year 2012 from the sample and define the years 2013-2016 as 

the post-campaign regime. Our results are not affected by this alternative definition of a post-

campaign regime.      

Columns (7) and (8) further shorten our test window to four years. The shorter window avoids 

irrelevant and noisy events that may affect our estimation. For instance, the Chinese capital market 

experiences two big crashes in the years 2015 and 2016, and Gul et al. (2010) suggest that Chinese 

firms have a higher level of stock price synchronicity, stemming from weak governance mechanisms 

and less effective disclosure regulation. Thus, the use of a shorter four-year window may provide a 

cleaner test of the impact of the anti-corruption campaign on the BEE-crash relation. The positive 

coefficient on BEEt and the negative coefficient on BEEt × Aftert in columns (7) and (8) hold, 

consistent with our main analysis. In untabulated analysis, we also require firms to be continuously 
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listed during 2010-2013, and the results are mainly the same. Overall, our main analysis in Panel A 

is not sensitive to alternative before and after sub-period classifications and time windows.  

4.2 Possible mechanisms   

In this section, we identify and discuss possible mechanisms through which BEEs affect future 

crash risk. Specifically, based on our previous results that BEEs relate to information opacity, we 

posit that the BEE-crash relation should be more pronounced in firms relying heavily on BEEs to 

build political connections, having high information opacity, and having less effective external 

monitoring mechanisms. If the anti-corruption campaign operates as a governance-enhancing 

mechanism, the monitoring effect of the campaign on the BEE-crash relation should be more 

pronounced when the firm’s reliance on BEEs is heavy, disclosure is opaque, and monitoring is weak.     

4.2.1 Political connections  

In China, the government is one of the most powerful stakeholders, since it controls the natural 

and financial resources that firms need to survive and grow. The allocation of these scarce resources 

is significantly influenced by the firms’ guanxi networks with government officials. Favoritism is 

more frequently directed towards firms having strong connections with the government (Chen et al., 

2013; Xu et al., 2017). Owing to their greater need to build political ties to obtain favors, firms that 

lack effective political connections spend more on gifts and meals to appease politicians. Given this, 

BEEs in weak politically connected firms are more likely to be associated with bribery or other 

corrupt activities, incentivizing managers to withhold bad news. Therefore, we expect the positive 

relation between BEE and crash risk to be more pronounced when firms lack effective political ties. 

Panel A of Table 5 divides the sample into firms having strong and weak personal political 

connections. Following Fan et al. (2007), we define firms having strong personal political connections 

if the CEO or chair serves as a current government bureaucrat in the People’s Congress or the People’s 

Consultative Conference. Consistent with the notion of the need for strong political connections, the 

coefficient on BEEt is positive and significant in the subsample of firms having weak personal 

political connections. The curbing effect of anti-corruption on the BEE-crash relation is also 
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significant for these firms. The results suggest that, in the period before the campaign, BEEs relate 

positively to future crashes mainly in firms lacking effective personal political ties and relying on 

BEEs to establish the ties, and the anti-corruption campaign significantly curbs the effect of BEEs on 

crashes for these firms. We also show a weakly significant coefficient on BEEt if using Ncskewt+1 as 

the dependent variable in the subsample of firms having political connections, but the effect of the 

campaign on the BEE-crash relation is insignificant.  

 [Insert Table 5] 

State ownership is a proxy for political connections at the institutional level. Compared to 

SOEs, non-SOEs are subject to greater political rents, and have stronger incentives to bribe through 

BEEs to establish the political relationship (Chen et al., 2013; Xu et al., 2017). Prior literature shows 

that relationship building activities through entertainment work more effectively for non-SOEs than 

SOEs in exchange for improper favors. For example, Chen et al. (2013) find that bribery through 

BEEs, rather than firm performance, determines the extent to which non-SOEs receive bank loans in 

China. Similarly, Xu et al. (2017) suggest that BEEs are effective only for non-SOEs to obtain 

government procurement contracts and reduce government rent extraction. We conjecture that non-

SOEs are more likely to engage in and hide illegitimate relationship spending, and thus the effect of 

BEEs on future crash risk differs between SOEs and non-SOEs. 

Panel B of Table 5 separates the sample into SOEs and non-SOEs as a proxy for the level of 

institutional political connection. The coefficient on BEEt in the subsample of non-SOEs is significant 

and positive when using both Ncskewt+1 and Duvolt+1 as the dependent variables, and the anti-

corruption campaign is effective at attenuating the positive effect of BEEs on crash risk. The results 

reinforce our previous finding that the BEE-crash relation is most pronounced when firms rely heavily 

on BEEs to build the political guanxi. The anti-corruption campaign largely restrains the “unspoken 

rules” associated with BEEs and improves the transparency of these transactions, thus lowering the 

effect of BEEs on crash risk for these types of firms. We also find a weakly significant coefficient on 
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BEEt and BEEt × Aftert if using Ncskewt+1 as the dependent for SOEs, but the result is insignificant if 

Duvolt+1 is the proxy for crash risk.   

4.2.2 Information transparency  

The conventional wisdom is that information transparency mitigates corruption. Research 

suggests that managerial ability and incentives to withhold bad news can be constrained by a good-

quality information environment (Bleck and Liu, 2007; Hutton et al., 2009; Kim and Zhang, 2014, 

2016; Kothari et al., 2009). If the previously documented positive correlation between BEEs and 

crash risk is due to information asymmetry and managerial hoarding of bad news, we expect the 

strength of the relation to be mitigated in firms with greater information transparency. Furthermore, 

when a firm’s internal information environment is weak, the benefits of the anti-corruption campaign 

should be more pronounced, because heightened political pressures can serve as an alternative force 

to improve a firm’s information transparency.  

We employ three well-established proxies to measure the quality of an information 

environment. First, information transparency and disclosure quality are measured by analyst forecast 

accuracy. If managers offer high-quality financial and non-financial disclosure in a timely manner, 

then analyst forecast error is minimized (Bhat et al., 2006; Dhaliwal et al., 2012). We define analyst 

forecast error as the absolute value of the difference between actual earnings per share (EPS) at the 

end of year t and analysts’ consensus of EPS. Lower forecast error indicates higher information 

transparency.  

Second, accruals quality is an established transparency proxy. We estimate accrual quality as 

the standard deviation of the residuals from the model of Dechow and Dichev (2002) combined with 

Jones (1991), which is calculated over a three-year rolling window. A lower standard deviation of 

residuals indicates higher accrual quality and information transparency.  

Third, conditional conservatism captures transparency in disclosing bad news early. Basu 

(1997) defines conditional conservatism as the accounting practice of requiring a higher degree of 

verification when recognizing good news as gains than bad news as losses in financial statements. 
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Timely recognition of losses and stricter verification of gains can offset managerial tendency to 

withhold bad news, thus lowering the likelihood of a firm’s future stock price crash risk (Kim and 

Zhang, 2016). We employ the firm-level conservatism c-score measure of Khan and Watts (2009). A 

higher c-score implies more conservative practices, less managerial withholding of bad news, and 

thus a more transparent information environment.  

We divide our firms into high- and low- transparent samples based on the industry-year 

median of the three transparency measures. Specifically, we define high information transparency as 

firms having high analyst forecast accuracy, low standard deviation of accruals quality residuals and 

a high c-score relative to the industry median.  

The results are tabulated in Panels A to C of Table 6. Despite some variations in the estimated 

coefficients on BEEt using different crash measures, overall, the general agreement is the BEE-crash 

relation is significant mainly in the subsamples of firms having weak information transparency in the 

period prior to the anti-corruption campaign. Furthermore, the negative coefficient on BEEt × Aftert, 

is significant mainly in the subsamples of firms that are less transparent. The results suggest that, 

when the information environment is weak, the anti-corruption campaign plays an important role in 

mitigating the effect of BEEs on crash risk.      

 [Insert Table 6]      

4.2.3 External monitoring 

If the correlation between BEEs and crash risk relates to the opaqueness of the information 

environment, we expect the positive correlation to be more pronounced for firms having weak 

external monitoring mechanisms. To test this prediction, we adopt various external monitoring 

proxies that are identified as effective in prior literature. The investigation is motivated by Piotroski 

and Wong (2013), suggesting that the quality of the corporate information environment in the Chinese 

capital market is significantly influenced by financial analysts, institutional investors and foreign 

investors. 
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Analysts are an important part of external monitoring mechanisms. Greater analyst coverage 

can constrain managerial ability to manipulate earnings opportunistically and hence improve earnings 

quality (Yu, 2008). For example, Kim et al. (2018) find a significant decrease in a firm’s ex-ante 

expected crash risk following an increase in analyst coverage.  

Sophisticated investors, such as large financial institutions, can enhance the efficiency of stock 

prices through the buying and selling of shares. Kim et al. (2011b) suggest that higher institutional 

ownership implies a strong external monitoring mechanism. Callen and Fang (2013) suggest that 

institutional ownership relates negatively to crash risk. We measure institutional ownership as the 

percentage of shares held by institutional investors, and define firms having high institutional 

ownership as those above the industry-year median.      

Foreign investors can invest in the Qualified Foreign Institutional Investor (QFII) Scheme, B-

shares and also H-shares, which are firms cross-listed on the Hong Kong Stock Exchange. Prior crash-

related studies show that the presence of foreign investors, especially those investors from institutions 

in market-oriented economies, can potentially mitigate crash risk (Chen et al., 2018a). Firms cross-

listed in a better developed market “bond” themselves to higher disclosure standards and stronger 

regulatory enforcement (Coffee, 1999, 2002). Similar to Chen et al. (2018a), we split the sample 

based on firms with and without foreign ownership.  

Finally, large capitalized firms are more visible to investors looking to evaluate public 

information about the firm’s performance. Compared to large firms, small firms are less transparent 

and more likely to hide negative information. Following Xu et al. (2014) and Cao et al. (2018), we 

partition our sample by market capitalization, and define large capitalized firms as those where the 

Sizet variable in year t is greater than the industry median in year t.  

Using multiple measures of external monitoring, we find consistent and robust results, 

reported in Table 7, showing that the positive and significant BEE-crash effect exists only in the 

subsamples of firms with weak monitoring mechanisms. We also find that, when firms are operating 

in a weak external governance environment, the anti-corruption campaign reduces the effect of BEEs 



27 
 

on crash risk significantly. Again, we interpret our findings as evidence in support of the monitoring 

role of the anti-corruption campaign.    

 [Insert Table 7] 

4.2.4 Financial risk     

Corporate relationship building through bribing government officials increases political and 

legal risk during the anti-corruption campaign. Kim et al. (2011a) suggest that firms with already 

high financial risk are concerned about investors’ perception of their risk-taking behaviors, and thus 

are more likely to hide excessive risk taking. To investigate the possibility that relationship building 

activities contribute to crash risk by inducing higher political risk, we use existing financial leverage 

as a proxy for the ex-ante incentive to conceal risk taking, consistent with Kim et al. (2011a).   

Table 8 reports the impact of risk-taking on the way that BEE affects future price crashes. We 

find a positive and significant coefficient on BEEt, showing that the positive BEE-crash relation is 

significant only in high-leveraged firms before the campaign. The F-test of BEEt + BEEt × Aftert is 

significant and positive for high-leveraged firms, indicating that the significance of the BEE-crash 

relation persists after the anti-corruption campaign. The results suggest that, although the anti-

corruption campaign significantly moderated the BEE-crash effect, the effect is not eliminated. High-

leveraged firms still have incentives to conceal political risk associated with relationship building 

even after the campaign.  

 [Insert Table 8] 

4.3 Endogeneity  

A concern of our previous finding is that corporate relationship spending through BEEs is 

endogenous. Some unobserved factors might result in both higher BEEs and simultaneously greater 

crash risk, creating a spurious association between BEE and crash risk. In this section, we report our 

identification strategies to mitigate the endogeneity concern.   
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4.3.1 Instrumental variable analysis 

 We perform a two-stage least squares (2SLS) regression by relying on a set of exogenous 

instrument variables to correct for endogeneity concerns. Similar to Cai et al. (2011), Xu et al. (2014) 

and Ou-Yang et al. (2015), we use the average BEE (Industry Mean BEEt) of other firms within the 

same industry-year as the first instrument.7 The underlying rationale for using this instrument, as 

suggested in Ou-Yang et al. (2015), is that firms in the same industry-year are subject to a similar 

dynamic environment such as product characteristics, profit margins, and industry regulations, and 

thus the average (or median) BEEs in an industry peer group is likely to be correlated with the BEEs 

of a firm. More importantly, other firms’ BEEs are less likely to affect a firm’s specific crash risk.  

Our second instrument is the provincial income from the contribution of foreign tourists 

(Foreign Tourismt) relative to gross domestic product (GDP). The inclusion of Foreign Tourismt as 

an instrument draws on the tourism literature, which shows that tourists can shape local values, norms, 

beliefs, traditions, and culture substantially, stemming from the collision of different cultures and the 

process of socialization, modernization, and acculturation (e.g. Chen, 2014; Cooper et al., 1993; 

Hashimoto, 2002; Kabote and Chinofamba, 2015; Zhuang et al., 2019). For instance, the interview-

based study conducted by Zhuang et al. (2019) suggests that tourism is one of the reasons for the 

decline in traditional values and local culture in China. We use the provincial income from the 

contribution of foreign rather than Chinese tourists as the proxy for the influence of tourism on local 

norms, because foreign tourists are significantly distinct from local residents with respect to values, 

beliefs, and cultural background. Given that BEEs are reflective of traditional Chinese guanxi culture, 

and foreign tourists can shape local values, we argue that Foreign Tourismt is a reasonable proxy for 

the degree to which the accepted culture in business has modernized, but also declined in traditional 

Confucian values such as guanxi, mianzi or li. Firms located in regions where there is relatively high 

foreign tourism are more likely to embrace more modernized contractual principles in business 

 
7 We group together firms in the Resident Service, Repair and Other Services industry (CSRC industry code: O) and the 
Health and Social Work industry (CSRC industry code: Q) to calculate the industry-year mean of other firms, since these 
industries have a small number of observations. However, the results are qualitatively the same if these two industries are 
excluded from our sample.    
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transactions, but less likely to engage in traditional guanxi spending to enter transactions. Thus, we 

anticipate a negative correlation between Foreign Tourismt and BEEt. 

The last instrument used is government spending (Government Spendingt) scaled by the GDP 

in the province where the headquarters of a firm are located. Xu et al. (2014) imply that managerial 

perks and other job-related expenses are influenced by local government spending, whereas 

government spending is less likely to impact on firm-specific stock price crashes.  

Table 9 tabulates results from the two-stage regressions. The first-stage regression result in 

column (1) shows that our instrumental variables, Industry Mean BEEt, Foreign Tourismt and 

Government Spendingt, are significantly correlated with BEEt, consistent with our expectations. After 

controlling for endogeneity, our results in columns (2) and (3) provide evidence that BEEt is positive 

and significant at the conventional level in the full sample, confirming that BEEs relate positively to 

stock crash risk. Additionally, the F-test of excluded instruments from the first-stage regression (F = 

14.68) meets the rule of thumb threshold of 13.91 for three instruments (Stock and Yogo, 2005). The 

Hansen J-statistic of over-identification (J = 3.73 if Ncskewt+1 as the dependent; J = 2.06 if Duvolt+1 

as the dependent) does not reject the joint null hypothesis, and thereby our instrumental variables are 

correctly excluded from the second-stage regression. In columns (4) and (5), we interact predicted 

BEEt with Aftert. We find the coefficients on BEEt × Aftert are significantly negative, lending support 

to the governance-enhancing role of the anti-corruption campaign.   

[Insert Table 9] 

While the statistical significance of the coefficient on BEEt in the 2SLS and the ordinary least 

square (OLS) regressions is similar, we caution that the magnitude of the coefficient on BEEt is 

significantly larger than that of the corresponding coefficient in OLS. Our issue is similar to the prior 

literature, such as Das et al. (2011) and Chemmanur et al. (2013), where Das et al. (2011) is drawn 

on the econometric literature to summarize three possible reasons for the 2SLS method yielding a 

larger coefficient than OLS. 
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First, the measure error in BEEt potentially biases the coefficient on BEEt in OLS downwards 

(Theil, 1979), and this problem can be mitigated by the use of instrumental variables (Gujarati, 2003). 

To assess the measure error, we follow Das et al. (2011) to provide the variances of BEEt and 

predicted BEEt for comparison. The variance of BEEt in OLS is 0.000156, which is 10.96 times larger 

than that of predicted BEEt, which has a variance of 0.0000142. This disparity in variances between 

BEEt and predicted BEEt is consistent with the significantly larger coefficient on BEEt under 2SLS 

than the corresponding one under OLS (Das et al., 2011; Mroz, 1987).  

Second, the instrumental variables of BEEt potentially capture a subset of firms where the 

BEE-crash relation is stronger than in others. For example, in untabulated split-sample analysis, we 

find that the statistical significance of the BEE-crash relation is stronger in the subsample of firms 

whose BEEs are above the industry-year median in the period before the anti-corruption campaign. 

However, the mean, standard deviation (SD) and maximum of the predicted BEEt used in the 2SLS 

for these firms (mean = 0.007; SD = 0.003; max = 0.033) are significantly smaller than those of the 

BEEt used in OLS (mean = 0.012; SD = 0.021; max = 0.264). As such, the smaller magnitude of 

predicted BEEt for firms having high raw BEEs relative to sales before the anti-corruption campaign 

results in a larger coefficient in the 2SLS estimation, a situation similar to Das et al. (2011).   

Finally, Das et al. (2011) suggest that another explanation is the weak instruments used in the 

2SLS estimation. However, the F-statistic discussed previously meets the Stock and Yogo (2005) 

thresholds, so it is less likely that the large coefficients in 2SLS are due to weak instruments. This is 

also in line with Das et al. (2011).   

4.3.2 Difference-in-differences estimation  

Our second identification strategy is to rely on the anti-corruption campaign as an exogenous 

shock to BEE spending to construct a difference-in-differences (DID) design. As discussed, the anti-

corruption campaign aims at curbing corrupt expenditures, and BEE is one of the Three Public 

Expenditures, which are the official measures for corruption. The anti-corruption campaign offers a 

powerful setting because this political event is strong enough to significantly change the nature and 
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extent of corporate relationship spending. To minimize the political and legal risk, government 

officials should be less likely to extract rents from companies, and major clients less inclined to expect 

a bribe, after the campaign.  

While the anti-corruption campaign affects all firms, firms with high BEE expenditure attract 

greater media and political attention afterwards, and thus respond more to the effect of heightened 

political pressure during the campaign than do others. Our DID strategy is close to a “DID-continuous” 

estimation, as suggested in Atanasov and Black (2016), where we bin the sample based on the 

sensitivity to the exogenous event. The purpose of this design is to seek after-minus-before 

differences in highly affected versus lowly affected groups.8  

We argue that high-BEE spending firms (High BEEt) before the anti-corruption campaign will 

attract heightened media and political attention and be less inclined to engage in corrupt behaviors 

such as bribery after the campaign. In contrast, low-BEE spending firms before the campaign should 

be less affected by this event, because their level tends to be more legitimate and receives less 

attention. Thus, we posit that the anti-corruption campaign should have a greater effect on improving 

BEE transparency, inhibiting the managerial opportunism associated with relationship-building 

activities, and providing a cleaner relationship with powerful stakeholders for high-BEE firms than 

low-BEE firms. If so, we should observe a more pronounced reduction in future crash risk after the 

anti-corruption campaign for high-BEE firms than for low-BEE firms.      

We define high-BEE firms (treatment group = High BEEt) as those whose average BEE for 

the years 2010-2011 is above the industry median, and low-BEE firms (control group = Low BEEt) 

as those whose 2010-2011 average BEE spending is below the industry median. We limit our window 

to four years around the event to isolate the effect of other events on the BEE-crash relation. We 

define 2010-2011 as the pre-campaign period and 2012-2013 as the post-campaign period (Aftert). 

 
8 This “DID-continuous” design has been widely used in previous finance studies. See Atanasov and Black (2016) for a 
detailed review of the shock-based DID literature. 
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We require firms to be continuously listed and disclose BEEs during the window period to improve 

pre and post balance.     

We conjecture, if the anti-corruption truly improves the transparency of BEEs and revokes 

the “unspoken rules”, such as bribery during the relationship-building process, then we should 

observe a corresponding decrease in stock price crash risk after the campaign for high-BEE firms 

compared with that for low-BEE firms. The DID-continuous estimation equation is stated as follows 

in equation (6), and we expect β2, the DID estimator, to be significantly negative. β1 captures the 

effect of BEEs on crash risk in the pre-campaign period. β3 captures other aggregate factors affecting 

the change in crash risk for low-BEE firms from before to after the anti-corruption campaign.    

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡+1𝐷𝐷𝑜𝑜 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡+1

= 𝛽𝛽0 + 𝛽𝛽1𝐻𝐻𝑆𝑆𝑙𝑙ℎ 𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 + 𝛽𝛽2𝐻𝐻𝑆𝑆𝑙𝑙ℎ 𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 × 𝑅𝑅𝐴𝐴𝐷𝐷𝑁𝑁𝑜𝑜𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝐴𝐴𝐷𝐷𝑁𝑁𝑜𝑜𝑡𝑡 + 𝐴𝐴𝐷𝐷𝑛𝑛𝐷𝐷𝑜𝑜𝐷𝐷𝐷𝐷𝑁𝑁

+ 𝐼𝐼𝑛𝑛𝐼𝐼𝐷𝐷𝑁𝑁𝐷𝐷𝑜𝑜𝐼𝐼 + 𝜀𝜀𝑡𝑡 (6) 

Table 10 shows the results. Columns (1) and (2) report the result based on the years 2010-

2013 as the window. Columns (3) and (4) drop the year 2012 from the sample period, and report the 

result based on the years 2010-2011 as the pre-campaign period, and years 2013-2014 as the post-

campaign period. The results show positive and significant coefficients on High BEEt, suggesting 

that firms with high spending on BEEs are more crash-prone in the period before the campaign. The 

coefficients on High BEEt × Aftert are significantly negative in all columns. The results indicate that 

the anti-corruption campaign improves the transparency of BEEs and largely restrains “under-the-

table” deals associated with relationship building such as bribery and political rents, thus curbing 

managerial opportunism and mitigating crash risk. Overall, our DID estimation confirms our previous 

main findings.9 However, as noted in Atanasov and Black (2016), the assignment of treatment versus 

 
9 Although the DID estimation in our study is a supplementary test of the impact of the anti-corruption campaign on the 
BEE-crash relation, we consider two additional placebo tests to assess the robustness of previous DID results 
(untabulated). We assign the year 2010 as a pseudo anti-corruption campaign year, classifying the years 2008-2009 as the 
pre-campaign period and the years 2010-2011 as the post-campaign period (Aftert). We define the treatment group as 
those firms with average 2008 and 2009 BEE above the industry median (High BEEt) and interact High BEEt with Aftert. 
The coefficient on High BEEt × Aftert is insignificant. Again, we assign year 2015 as the simulated anti-corruption 
campaign year and use 2013-2014 as the pre-campaign period and 2015-2016 as the post-campaign period. The results 
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control groups may not be fully random, and we are cautious that this may be a limitation of this 

design.  

 [Insert Table 10] 

4.3.3 Controlling for firm fixed effect 

Although many crash-related studies do not include firm fixed effect as controls (e.g. Cao et 

al., 2018; Chen et al., 2018a; Chen et al., 2018b; Li et al., 2017; Xu et al., 2014), our equation (5) 

may suffer an omitted variable bias due to the absence of firm fixed effects. To further alleviate the 

omitted variable bias, we re-estimate equation (5) after using firm fixed effect dummies rather than 

industry effects as controls. Table 11 shows that our main results hold after controlling for firm fixed 

effect. Specifically, the coefficient on BEEt remains significantly positive, and the coefficient on BEEt 

× Aftert remains significantly negative, consistent with previous findings. However, the test of joint 

effect of BEEt and BEEt × Aftert is insignificant. The result suggests that the anti-corruption campaign 

has significantly curbed the effect of BEEs on crash risk, but has not significantly switched the signs 

of their relationship.     

 [Insert Table 11] 

4.3.4 Heckman selection model 

Finally, we address the potential selection bias arising from the fact that 30.6 percent of firms 

do not disclose BEE in their public annual report. Although the reporting of the BEE amount to the 

tax authority is mandatory, some firms do not voluntarily disclose BEEs in their annual report. We 

conjecture two possible reasons for the non-disclosed BEE data. At one extreme, the magnitude of 

BEEs in some firms might be quite small, and managers judge that this is not an important or material 

item to disclose separately from selling or general administrative expenses. At the other extreme, the 

magnitude of BEEs in some firms might be quite large and managers deliberately avoid the disclosure 

to avoid public attention and media exposure. If, however, the magnitude and frequency of firms with 

 
show no evidence of changes in crash risk for high BEE firms than low BEE firms in the period subsequent to the pseudo 
anti-corruption campaign year. Thus, the results support our previous discussion regarding the governance-enhancing role 
of the anti-corruption campaign.      
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extremely large and small BEEs are normally distributed, and the “clean and corrupt” firms are 

equally excluded from our sample, the selection bias is lessened. Nonetheless, the characteristics of 

firms choosing to disclose detailed BEE line items might be significantly distinct from those choosing 

not to disclose, leading to a bias where the sample is not representative of the population. Considering 

this problem, we adopt the Heckman (1979) method to overcome the firms’ self-selection to disclose 

BEEs.  

In the first-stage probit regression, we express a firm’s propensity to report BEEs in annual 

reports as a function of the costs and benefits of such disclosure. We employ the natural log of the 

geographical distance (Distancet) between the location of a firm’s headquarter and the central 

government, Zhongnanhai in Beijing, as the proxy for the political risk of disclosing BEEs as well as 

the exogenous instrument for the first-stage regression. The extent of political pressure increases 

when the firm’s location is closer to Beijing, as Beijing is the center of political power and media 

agencies. In the context of heightened political risk, managers would rather keep BEE undisclosed to 

the public if they perceive that such disclosure will attract more media exposure and political actions, 

irrespective of whether such spending is legitimate or not. Hence, we anticipate a positive relation 

between firms’ distance to the central government in Beijing and the propensity to disclose BEEs. 

That means, a firm’s willingness to disclose increases when farther from the central government. We 

also include provincial dummies as exogenous explanatory variables to control for the impact of the 

local social, economic, and political environment on the firm’s decision to report BEE voluntarily.  

We include sales growth (Sales Growtht) because firms should be more inclined to disclose 

BEEs when there is growth in sales as this is consistent with legitimate guanxi investment. Similarly, 

we expect a positive relation between the BEE disclosure and financial performance (ROAt), because 

managers prefer disclosing BEEs when such disclosure can signify a better performance and reduce 

shareholders’ perceived risks regarding such spending. Finally, we include the control variables used 

in equation (4), as well as additional firm characteristics such as governance and capital structure.     
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Our first-stage probit estimates are presented in Panel A of Table 12. Consistent with our 

predictions, we find a positive coefficient on Distancet, suggesting that the probability of disclosure 

increases when the geographical distance to the central government in Beijing is larger. We also find 

positive coefficients on Sales Growtht and ROAt, suggesting that managers’ willingness to disclose 

BEEs increases when sales revenue is growing and performance is better.  

 [Insert Table 12] 

However, the coefficients on ownership and governance variables are difficult to interpret. 

For example, the coefficients on Big Fourt and Foreign Ownershipt are significantly negative, 

suggesting that big-four auditors and foreign investors relate negatively to voluntary disclosure of 

BEEs. The results are inconsistent with the general understanding that good governance such as 

foreign ownership and big-four auditors should encourage voluntary disclosure. Nevertheless, one 

potential explanation is that firms are less likely to engage in corrupt BEEs to increase guanxi 

investment when the governance is good. Thus, the small BEE amount is immaterial and not worth 

disclosing. Another possible explanation is that managers may intentionally and strategically make 

such disclosure less observable to minimize the attention of auditor and foreign investors, because 

they are more likely to perceive such guanxi investment as negative signals due to the differences in 

culture, value judgements, and practice principles. Finally, non-disclosure may simply reflect that 

international practice, expected by big-four auditors and foreign investors, is not to disclose BEE as 

a line item. However, we cannot distinguish these competing hypotheses.    

Following Heckman (1979), we estimate the inverse Mills ratio, denoted by Lambdat, from 

the first-stage estimate, and include Lambdat in the second-stage regressions. Columns (1) and (2) 

report the results after correcting for selection bias, and our positive BEE-crash relation holds. In 

columns (3) and (4), we check the robustness of the equation (5), and that the monitoring role of the 

anti-corruption campaign in the BEE-crash relation is consistent with our previous findings. In sum, 

the Heckman estimation indicates that our main results are robust after correcting for the potential 

sample selection bias.  
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4.4 Alternative proxies  

4.4.1 Alternative BEE proxy 

We consider alternative proxies of corporate relationship spending. We use industry and year 

median adjusted BEEs as the main testable variable to control for the macroeconomic effect on BEEs, 

and our results (untabulated) are qualitatively the same. We express normal BEEs as a function of 

lagged cash balance, sales growth and control variables used in the managerial perk model of Gul et 

al. (2011), including the total compensation paid to employees, the firm size, and the regional income 

per capital. The residual term estimated from the equation will be the abnormal spending on BEEs. 

We use abnormal BEEs as the main testable variable to repeat previous analysis in sections 4.1 and 

4.2. The results (untabulated) are consistent and not sensitive to this measure. 

4.4.2 Alternative crash risk proxy 

While almost all existing crash-related studies in China focus on expanded market models 

using weekly returns to capture negative skewness and down-to-up volatility (e.g. Cao et al., 2018; 

Chen et al., 2018a; Chen et al., 2018b; Li et al., 2017; Xu et al., 2014), some recent crash-related 

studies, such as Callen and Fang (2015a) and Callen and Fang (2015b), use daily returns as an 

alternative. A potential benefit of using daily returns is that the non-synchronicity can be more 

rigorously addressed by daily returns than weekly returns. Thus, in this section, we regress daily firm 

returns on the past, current and future total value-weighted market (Rm) and industry returns (Rind).10 

More specifically, the model is presented in the following equation (7).   

𝑅𝑅𝑖𝑖,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1𝑅𝑅𝑚𝑚,𝑡𝑡−1 + 𝛽𝛽2𝑅𝑅𝑚𝑚,𝑡𝑡 + 𝛽𝛽3𝑅𝑅𝑚𝑚,𝑡𝑡+1 + 𝛽𝛽4𝑅𝑅𝑖𝑖𝑛𝑛𝑖𝑖,𝑡𝑡−1 + 𝛽𝛽5𝑅𝑅𝑖𝑖𝑛𝑛𝑖𝑖,𝑡𝑡 + 𝛽𝛽6𝑅𝑅𝑖𝑖𝑛𝑛𝑖𝑖,𝑡𝑡+1 + 𝜀𝜀𝑖𝑖,𝑡𝑡   (7) 

The firm-specific daily return (Wi,t) for each firm is defined as the natural log of one plus the 

residual return from equation (7). We follow the method in Chen et al. (2001), Kim et al. (2011a) and 

Kim et al. (2011b) to calculate the leading negative skewness of firm-specific daily returns 

(Ncskew_Dt+1) and also the leading down-to-up volatility of firm-specific daily returns (Duvol_Dt+1) 

 
10 Since the CSMAR database does not provide industry indices, we calculate the value-weighted industry returns based 
on the two-digit CSRC industry codes.     
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respectively as the main dependents in equations (4) and (5). We replace variables Sigmat in equations 

(4) and (5) using firm-specific daily returns (Sigma_Dt), and Rett with the mean of firm-specific daily 

returns over the fiscal year (Ret_Dt).  

Panel A of Table 13 presents the descriptive statistics. Our regression results, tabulated in 

Panel B of Table 13, show a positive and significant coefficient on BEEt in columns (1) and (2) at the 

1 per cent level, suggesting, overall, BEEs incentivize managers to hide bad news and contribute to 

greater crash risks. We find a weakly significant and negative coefficient on BEEt × Aftert at the 

10 per cent level, implying that the anti-corruption campaign curbs the effect of BEEs on future crash 

risk. The results are consistent with the main results based on weekly returns.  

 [Insert Table 13] 

5. Conclusion 

This paper addresses the question whether corporate relationship spending through business 

entertainment expenses is related to future stock price crashes. Stakeholder theory suggests that better 

stakeholder relationships result in greater trust among stakeholders, better market reputation, and 

greater stock price stability due to increased information transparency, and thus relationship spending 

lowers future crash risk. Agency theory suggests that the obfuscation and opacity of such relationship-

building activities, facilitated by BEE spending, means outsiders such as shareholders are not fully 

informed and are unable to immediately make price corrections, thereby contributing to higher stock 

crash risk.  

We find that relationship spending through BEEs positively relates to future crash risk, a result 

more consistent with the agency perspective and information opacity. The 2012 anti-corruption 

campaign reduced corporate relationship spending and significantly moderated the positive effect of 

BEEs on crash risk, in particular, when firms have poor information quality and external monitoring. 

The results support the governance-enhancing role of the anti-corruption campaign. However, firms 

with higher financial risk exhibit a significant BEE-crash relation even after the campaign. The result 
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indicates that the anti-corruption campaign may not be fully effective in improving the quality of the 

information environment associated with corporate relationship spending for highly leveraged firms. 

Regulators and investors should pay attention to the impact of relationship spending on stock price 

crashes in firms with high financial leverage. 

Finally, although we do our best to address endogeneity and limit selection bias using methods 

such as instrumental variable analysis, DID estimation, and the Heckman selection model, we caution 

that these techniques may not fully resolve the problem due to our imperfect design. We acknowledge 

this as a potential limitation of our study.     
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Appendix 1 Variable Definitions 

Variables Descriptions 
Ncskew The negative of the third moment of firm-specific weekly returns for 

each sample year and divided by the standard deviation of firm-specific 
weekly returns raised to the third power. See equation (2) for details.  

Duvol The down-to-up volatility of firm-specific weekly returns for each 
sample year. See equation (3) for details.   

BEE The ratio of BEEs to total sales revenue. 
Sigma The standard deviation of firm-specific weekly returns over the fiscal 

year.  
Dturn The detrended share turnover, calculated as the difference in average 

monthly share turnover between two years, where monthly share 
turnover is the monthly share trading volume divided by total number 
of shares outstanding on that month.  

Ret The mean of firm-specific weekly returns over the fiscal year. 
Size The natural logarithm of the total market value.  
MTB The market-to-book ratio. 
Leverage Financial leverage, calculated as total liabilities divided by total assets. 
ROA Return on assets, calculated as profit before non-recurring items and 

BEEs divided by total assets. 
ABACC The absolute value of discretionary accruals using modified Jones 

model.  
After Dummy variable equaling 1 if the observation belongs to the period 

after the anti-corruption campaign (years 2012-2016), and 0 otherwise.  
Board Size The natural logarithm of number of board directors. 
Independence The ratio of independent directors to total directors. 
CEO Duality  Dummy variable equaling 1 if CEO and chairperson are different 

persons, and 0 otherwise.  
Big Four Dummy variable equaling 1 if the firm has a Big-Four auditor, and 0 

otherwise. 
Industry Mean BEE The industry-year mean BEE of other firms excluding the firm own 

observation. 
Foreign Tourism The provincial income from foreign travelers to provincial GDP. 
Government Spending The ratio of provincial government spending to provincial GDP. 
High BEEt Dummy variable equaling 1 if a firm’s average BEE of years 2010 and 

2011 is above its industry median, and 0 otherwise. 
Distance  The natural logarithm of the geographical distance between the location 

of a firm’s headquarter and that of the central government in Beijing. 
Sales Growth The percentage change in sales revenue.  
Analyst Coverage The natural logarithm of number of analysts. 
SOE Dummy variable equaling 1 if the ultimate owner is the government 

and 0 otherwise. 
Political Connection Dummy variable equaling 1 if the chairperson or the CEO is a current 

member of People’s Congress or People’s Consultative Conference and 0 
otherwise. 

Foreign Ownership The percentage of foreign shares to total number of shares. 
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Institutional Ownership The percentage of institutional shares to total number of shares.  
Lambda The inverse Mills ratio.    
Ncskew_D The negative skewness of firm-specific daily returns.  
Duvol_D The down-to-up volatility of firm-specific daily returns.  
Sigma_D The standard deviation of firm-specific daily returns over the fiscal 

year. 
Ret_D The mean of firm-specific daily returns over the fiscal year. 
Industry Industry dummy variables based on two-digit CSRC codes. 
Province Province dummy variables. 
Year Year dummy variables. 
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Tables 

Table 1 Sample  

Panel A: Sampling process 

  Observations 
Firms with sales revenues   22312 
Less observations without BEEs (6824) 15488 
Less missing data to run equation (3) (2087) 13401 

 

Panel B: Business entertainment expenses by year 

  Raw BEE (in million) BEE/Revenue (%) 
Year N Mean Median Mean Median 
2008 576 11.17 3.64 0.57 0.30 
2009 572 16.49 4.02 0.81 0.32 
2010 1224 16.47 4.81 0.68 0.33 
2011 1539 18.84 5.23 0.69 0.35 
2012 1808 18.20 5.39 0.70 0.38 
2013 1870 16.26 5.20 0.67 0.34 
2014 1817 16.32 4.74 0.62 0.29 
2015 1878 12.45 4.71 0.56 0.28 
2016 2117 13.19 5.05 0.55 0.28 
Total 13401 15.62 4.90 0.64 0.32 
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Panel C: Sample composition by industry 

   Raw BEE 
(in million) 

BEE/Revenue 
(%) 

 Industry code and classification  N Mean Median Mean Median 
A Agriculture, forestry, animal husbandry and 

fishery 
258 7.17 3.52 0.54 0.33 

B Mining 366 24.97 6.69 0.37 0.19 
C Manufacturing  8636 13.15 4.68 0.61 0.32 
D Industry of electric power, heat, gas and 

water production and supply 
455 6.72 4.28 0.31 0.16 

E Construction 318 38.62 8.18 0.31 0.20 
F Wholesale and retail  788 14.01 6.17 0.26 0.16 
G Transport, storage and postal service  411 12.90 4.96 0.46 0.31 
H Accommodation and catering  48 2.64 1.60 1.47 0.31 
I Industry of information transmission, 

software and information technology 
services  

681 13.39 6.57 1.31 0.88 

J  Finance 150 209.30 67.70 2.30 1.64 
K Real estate  643 9.62 4.42 0.84 0.31 
L Leasing and commercial service  118 7.21 3.66 1.05 0.41 
M Scientific research and technical service 

industry 
69 10.43 3.50 0.77 0.39 

N Water conservancy, environment and public 
facility management industry  

117 5.28 3.41 1.02 0.53 

O Industry of resident service, repair and other 
services  

8 3.45 2.01 0.20 0.16 

Q Health and social work 23 6.06 5.06 0.46 0.46 
R Industry of culture, sports and entertainment 133 19.71 8.26 0.73 0.52 
S Diversified industries 179 6.77 3.72 0.80 0.47 
 Total 13401 15.62 4.90 0.64 0.32 
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Table 2 Descriptive statistics and correlations 

Panel A Descriptive statistics (N = 13401) 

Variable Mean SD p5 p25 p50 p75 p95 
Main variables        
Ncskewt+1 -0.326 0.746 -1.589 -0.715 -0.292 0.093 0.780 
Duvolt+1 -0.113 0.252 -0.516 -0.275 -0.113 0.044 0.298 
BEEt 0.006 0.012 <0.001 0.001 0.003 0.007 0.020 
Control variables        
Ncskewt -0.338 0.733 -1.602 -0.723 -0.299 0.086 0.748 
Sigmat 0.050 0.023 0.025 0.036 0.046 0.059 0.088 
Dturnt -0.012 0.253 -0.417 -0.150 -0.016 0.115 0.419 
Rett -0.141 0.129 -0.380 -0.173 -0.103 -0.064 -0.031 
Sizet 22.415 0.944 20.991 21.744 22.362 22.993 24.094 
MTBt 4.308 5.205 1.101 1.981 3.040 4.967 11.117 
Leveraget 0.456 0.225 0.106 0.279 0.450 0.622 0.821 
ROAt 0.046 0.065 -0.056 0.017 0.042 0.077 0.153 
ABACCt 0.060 0.063 0.004 0.019 0.041 0.079 0.184 
Governance variables        
Board Sizet 2.139 0.257 1.792 2.079 2.197 2.197 2.485 
Independencet 0.368 0.059 0.333 0.333 0.333 0.400 0.444 
Big Fourt 0.040 0.196 0.000 0.000 0.000 0.000 0.000 
CEO Dualityt 0.758 0.429 0.000 1.000 1.000 1.000 1.000 
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Panel B Correlations between main variables 

 Variables 1 2 3 4 5 6 7 8 9 10 11 12 
1 Ncskewt+1 1.000            
2 Duvolt+1 0.876 1.000           
3 BEEt 0.024 0.020 1.000          
4 Ncskewt 0.062 0.060 0.023 1.000         
5 Sigmat 0.018 0.005 0.021 -0.065 1.000        
6 Dturnt -0.058 -0.067 0.013 -0.068 0.400 1.000       
7 Rett -0.006 0.005 -0.019 0.079 -0.880 -0.412 1.000      
8 Sizet 0.048 0.037 -0.069 -0.042 0.105 0.088 -0.129 1.000     
9 MTBt 0.082 0.079 0.106 0.041 0.306 0.114 -0.320 0.090 1.000    
10 Leveraget 0.012 0.015 -0.077 0.016 0.014 0.000 -0.007 0.027 0.028 1.000   
11 ROAt 0.021 0.006 -0.002 0.005 -0.087 -0.052 0.097 0.246 0.004 -0.404 1.000  
12 ABACCt 0.047 0.039 0.034 0.024 0.083 -0.026 -0.073 0.003 0.093 0.157 -0.063 1.000 

Notes: 
Pearson correlations are presented, and correlations at 1 percent significant level are bolded. Continuous variables, including BEEt, Sizet, MBt, Leveraget, ROAt, Analyst 
Coveraget, Board Sizet, Independencet, are winsorized by year at the 1 percent and 99 percent levels. Variable definitions are presented in Appendix 1. 
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Table 3 Relation between BEEs and crash risk  

 Ncskewt+1 Duvolt+1 

Variables Main 
(1) 

Governance 
(2) 

Main 
(3) 

Governance 
(4) 

BEEt 1.162** 1.121*   0.299* 0.293*   
 (2.01) (1.93)    (1.71) (1.67)    
Ncskewt 0.071*** 0.070*** 0.024*** 0.024*** 
 (7.70) (7.62)    (8.03) (7.98)    
Sigmat 1.544 1.495    0.418 0.411    
 (1.18) (1.15)    (0.92) (0.91)    
Dturnt -0.080** -0.078**  -0.032*** -0.032**  
 (-2.17) (-2.12)    (-2.59) (-2.57)    
Rett -0.070 -0.064    -0.028 -0.027    
 (-0.33) (-0.31)    (-0.39) (-0.38)    
Sizet 0.030*** 0.036*** 0.006** 0.007**  
 (3.21) (3.69)    (2.02) (2.29)    
MTBt 0.008*** 0.007*** 0.003*** 0.003*** 
 (5.97) (5.78)    (5.56) (5.45)    
Leveraget 0.063* 0.075**  0.023** 0.025**  
 (1.74) (2.06)    (2.01) (2.14)    
ROAt 0.176 0.164    0.009 0.008    
 (1.45) (1.35)    (0.22) (0.19)    
ABACCt 0.346*** 0.328*** 0.085** 0.082**  
 (3.13) (2.97)    (2.39) (2.31)    
Board Sizet  -0.026     -0.003    
  (-1.11)     (-0.32)    
Independencet  0.135     0.037    
  (1.27)     (1.03)    
CEO Dualityt  -0.024     -0.001    
  (-1.43)     (-0.25)    
Big Fourt  -0.067*    -0.016    
  (-1.87)     (-1.46)    
Constant -1.239*** -1.335*** -0.356*** -0.385*** 
 (-5.80) (-6.05)    (-5.21) (-5.43)    
Observations 13401 13401    13401 13401    
Adjusted R2 0.046 0.046    0.045 0.045    
Industry Yes Yes    Yes Yes    
Year Yes Yes    Yes Yes    

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1. 
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Table 4 Impact of anti-corruption campaign  

Panel A Main result 

 Ncskewt+1 Duvolt+1 
Variables Main 

(1) 
Governance 
(2) 

Main 
(3) 

Governance 
(4) 

BEEt 2.876*** 2.834*** 0.764*** 0.753*** 
 (4.47) (4.42)    (3.26) (3.21)    
BEEt × Aftert -2.842*** -2.854*** -0.743** -0.742**  
 (-2.95) (-2.94)    (-2.22) (-2.21)    
Aftert -0.024 -0.031*   -0.005 -0.006    
 (-1.46) (-1.89)    (-0.84) (-1.15)    
Ncskewt 0.047*** 0.046*** 0.015*** 0.015*** 
 (5.03) (4.94)    (4.99) (4.91)    
Sigmat 1.619 1.543    0.416 0.399    
 (1.08) (1.05)    (0.83) (0.80)    
Dturnt -0.191*** -0.187*** -0.072*** -0.071*** 
 (-6.33) (-6.18)    (-7.18) (-7.08)    
Rett 0.245 0.254    0.080 0.082    
 (1.03) (1.09)    (1.01) (1.05)    
Sizet 0.055*** 0.062*** 0.016*** 0.017*** 
 (6.65) (7.30)    (5.70) (6.15)    
MTBt 0.010*** 0.010*** 0.004*** 0.003*** 
 (7.65) (7.33)    (7.51) (7.26)    
Leveraget 0.034 0.052    0.012 0.015    
 (0.93) (1.42)    (0.92) (1.21)    
ROAt 0.050 0.041    -0.042 -0.043    
 (0.41) (0.34)    (-0.98) (-1.01)    
ABACCt 0.376*** 0.353*** 0.096*** 0.091**  
 (3.40) (3.19)    (2.61) (2.47)    
Board Sizet  -0.041*    -0.008    
  (-1.70)     (-0.94)    
Independencet  0.142     0.042    
  (1.31)     (1.12)    
CEO Dualityt  -0.028*    -0.003    
  (-1.70)     (-0.57)    
Big Fourt  -0.099***  -0.028**  
  (-2.72)     (-2.38)    
Constant -1.563*** -1.654*** -0.476*** -0.509*** 
 (-8.04) (-8.22)    (-7.36) (-7.52)    
Observations 13401 13401    13401 13401    
Adjusted R2 0.025 0.026   0.022 0.022    
Industry Yes Yes Yes Yes 
Year No No No No 
F test (p-value) of  
BEEt + BEEt × Aftert 

0.13  
(0.721) 

0.05  
(0.815) 

0.13  
(0.718) 

0.08  
(0.775) 
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Panel B Alternative sub-period classification 

 2012 as pre-campaign  Eight-year window 2012 excluded from sample Four-year window 
Variables Ncskewt+1 

(1) 
Duvolt+1 
(2) 

Ncskewt+1 
(3) 

Duvolt+1 
(4) 

Ncskewt+1 
(5) 

Duvolt+1 
(6) 

Ncskewt+1 
(7) 

Duvolt+1 
(8) 

BEEt 2.499*** 0.719*** 2.789*** 0.733*** 2.792*** 0.733*** 3.546*** 0.991*** 
 (3.90) (3.14) (4.48) (3.09) (4.30) (3.07)    (4.18) (3.55)    
BEEt × Aftert -2.622*** -0.763** -3.502*** -0.890*** -2.925*** -0.796**  -4.162*** -1.060*** 
 (-2.72) (-2.17) (-3.66) (-2.70) (-2.87) (-2.21)    (-3.27) (-2.59)    
Aftert 0.039** 0.016*** -0.073*** -0.024*** -0.001 0.005    -0.078*** -0.026*** 
 (2.55) (3.07) (-4.44) (-4.31) (-0.06) (0.80)    (-3.59) (-3.56)    
Ncskewt 0.048*** 0.016*** 0.040*** 0.012*** 0.042*** 0.015*** 0.078*** 0.023*** 
 (5.39) (5.29) (4.26) (3.90) (4.17) (4.31)    (6.13) (5.37)    
Sigmat 1.617 0.416 1.178 0.287 0.826 0.153    7.346** 2.297*   
 (1.07) (0.83) (0.92) (0.65) (0.80) (0.45)    (2.54) (1.94)    
Dturnt -0.204*** -0.075*** -0.033 -0.009 -0.193*** -0.073*** -0.070 -0.027    
 (-7.25) (-7.82) (-0.96) (-0.79) (-6.33) (-7.15)    (-1.19) (-1.40)    
Rett 0.258 0.088 0.191 0.066 0.219 0.069    0.650 0.190    
 (1.09) (1.12) (0.95) (0.96) (1.32) (1.27)    (1.08) (0.77)    
Sizet 0.049*** 0.013*** 0.038*** 0.008*** 0.047*** 0.011*** 0.070*** 0.021*** 
 (5.73) (4.54) (4.36) (2.73) (4.98) (3.64)    (5.95) (5.17)    
MTBt 0.009*** 0.003*** 0.007*** 0.003*** 0.009*** 0.003*** 0.007** 0.002**  
 (6.97) (6.95) (5.41) (5.88) (6.65) (6.64)    (2.49) (2.47)    
Leveraget 0.083** 0.024* 0.113*** 0.034*** 0.036 0.008    0.079* 0.024    
 (2.34) (1.93) (3.10) (2.65) (0.92) (0.59)    (1.66) (1.51)    
ROAt 0.137 -0.005 0.243** 0.039 0.022 -0.042    0.522*** 0.094*   
 (1.18) (-0.11) (2.01) (0.90) (0.17) (-0.92)    (3.22) (1.66)    
ABACCt 0.376*** 0.099*** 0.376*** 0.103*** 0.376*** 0.101*** 0.371** 0.112**  
 (3.56) (2.74) (3.45) (2.69) (3.22) (2.59)    (2.55) (2.26)    
Board Sizet -0.031 -0.007 -0.026 -0.004 -0.033 -0.005    -0.029 -0.007    
 (-1.34) (-0.78) (-1.09) (-0.50) (-1.29) (-0.56)    (-0.99) (-0.64)    
Independencet 0.075 0.026 0.076 0.022 0.191* 0.058    0.022 0.006    
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 (0.72) (0.71) (0.68) (0.55) (1.67) (1.45)    (0.16) (0.12)    
CEO Dualityt -0.025 -0.002 -0.039** -0.008 -0.027 -0.003    -0.027 -0.004    
 (-1.58) (-0.45) (-2.32) (-1.30) (-1.51) (-0.45)    (-1.28) (-0.55)    
Big Fourt -0.085** -0.023** -0.078** -0.018 -0.061* -0.016    -0.105** -0.016    
 (-2.41) (-2.04) (-2.15) (-1.52) (-1.67) (-1.30)    (-2.10) (-1.01)    
Constant -1.428*** -0.428*** -1.155*** -0.309*** -1.278*** -0.364*** -2.114*** -0.656*** 
 (-7.05) (-6.25) (-5.75) (-4.47) (-5.85) (-4.96)    (-7.73) (-6.87)    
Observations 13401 13401 11284 11284 11593 11593    6441 6441    
Adjusted R2 0.026 0.023 0.024 0.018 0.021 0.019    0.053 0.043    
Industry Yes Yes Yes Yes Yes Yes Yes Yes 
Year No No No No No No No No 

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. T-values are reported, based on robust standard errors 
clustered by firm. Variable definitions are presented in Appendix 1.  
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Table 5 Political connections  

Panel A Personal political connection   

 Ncskewt+1 Duvolt+1 
Variables Strong Weak Strong Weak 
BEEt 1.609* 3.540*** 0.151 1.082*** 
 (1.94) (4.13) (0.47) (3.75)    
BEEt × Aftert -1.343 -3.700*** -0.099 -1.080*** 
 (-0.83) (-3.26) (-0.18) (-2.89)    
Aftert -0.054** -0.013 -0.011 -0.004    
 (-2.11) (-0.63) (-1.24) (-0.54)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 5256 8145 5256 8145    
Adjusted R2 0.027 0.024 0.020 0.024    
Industry Yes Yes Yes Yes    
Year No No No No    

 

Panel B Institutional political connection - State ownership  

 Ncskewt+1 Duvolt+1 
Variables SOE Non-SOE SOE Non-SOE 
BEEt 1.569** 3.464*** 0.319 0.932*** 
 (2.00) (3.96) (0.99) (3.04) 
BEEt × Aftert -2.928* -3.044** -0.635 -0.757** 
 (-1.87) (-2.38) (-1.22) (-1.99) 
Aftert -0.023 -0.048* 0.002 -0.018** 
 (-1.04) (-1.95) (0.30) (-2.18) 
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 5911 7490 5911 7490 
Adjusted R2 0.029 0.024 0.025 0.022 
Industry Yes Yes Yes Yes 
Year No No No No 

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1.   
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Table 6 Information transparency  

Panel A Analyst forecast accuracy  

 Ncskewt+1 Duvolt+1 
Variables High 

Transparency 
Low 
Transparency 

High 
Transparency 

Low 
Transparency 

BEEt 2.140 2.971*** 0.675 0.766*** 
 (1.64) (4.32) (1.57) (2.71)    
BEEt × Aftert -1.880 -3.237*** -0.526 -0.830**  
 (-1.12) (-2.77) (-0.91) (-2.06)    
Aftert -0.040* -0.021 -0.011 -0.001    
 (-1.73) (-0.92) (-1.39) (-0.12)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6002 7399 6002 7399    
Adjusted R2 0.032 0.024 0.025 0.022    
Industry Yes Yes Yes Yes    
Year No No No No    

 

Panel B Accrual quality 

 Ncskewt+1 Duvolt+1 
Variables High 

Transparency 
Low 
Transparency 

High 
Transparency 

Low 
Transparency 

BEEt 2.840** 2.904*** 0.629 0.824*** 
 (2.50) (3.91) (1.64) (2.97)    
BEEt × Aftert -2.175 -3.314*** -0.489 -0.885**  
 (-1.20) (-2.94) (-0.77) (-2.18)    
Aftert -0.047** -0.008 -0.013* 0.002    
 (-1.99) (-0.36) (-1.65) (0.26)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6707 6694 6707 6694 
Adjusted R2 0.030 0.024 0.024 0.022 
Industry Yes Yes Yes Yes 
Year No No No No 
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Panel C Conservatism   

 Ncskewt+1 Duvolt+1 
Variables High 

Transparency 
Low 
Transparency 

High 
Transparency 

Low 
Transparency 

BEEt 1.768* 3.580*** 0.540 0.892*** 
 (1.88) (4.56) (1.59) (3.06)    
BEEt × Aftert -0.993 -4.335*** -0.261 -1.133**  
 (-0.77) (-3.15) (-0.55) (-2.50)    
Aftert -0.073*** 0.045* -0.021*** 0.020**  
 (-3.49) (1.71) (-2.93) (2.28)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6689 6712 6689 6712 
Adjusted R2 0.036 0.020 0.031 0.019 
Industry Yes Yes Yes Yes 
Year No No No No 

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1.   
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Table 7 External monitoring   

Panel A Analyst coverage  

 Ncskewt+1 Duvolt+1 
Variables High Low High Low 
BEEt 1.190 3.273*** -0.113 1.111*** 
 (1.54) (4.24) (-0.34) (4.56)    
BEEt × Aftert -0.631 -3.912*** 0.151 -1.219*** 
 (-0.51) (-3.25) (0.33) (-3.17)    
Aftert -0.099*** 0.054** -0.033*** 0.026*** 
 (-4.53) (2.29) (-4.45) (3.33)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6266 7135 6266 7135 
Adjusted R2 0.033 0.027 0.029 0.026    
Industry Yes Yes Yes Yes    
Year No No No No    

 

Panel B Institutional ownership  

 Ncskewt+1 Duvolt+1 
Variables High Low High Low 
BEEt 1.338* 3.467*** 0.141 1.037*** 
 (1.71) (4.40) (0.44) (3.70)    
BEEt × Aftert -2.236* -2.992*** -0.271 -1.006**  
 (-1.70) (-2.58) (-0.56) (-2.56)    
Aftert -0.077*** 0.027 -0.024*** 0.016**  
 (-3.53) (1.15) (-3.21) (1.98)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6593 6808 6593 6808    
Adjusted R2 0.034 0.024 0.030 0.021    
Industry Yes Yes Yes Yes    
Year No No No No    
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Panel C Foreign ownership  

 Ncskewt+1 Duvolt+1 
Variables Foreign Domestic Foreign Domestic 
BEEt 1.298 2.879*** -0.019 0.785*** 
 (0.66) (4.34) (-0.03) (3.26)    
BEEt × Aftert -6.260** -2.673*** -1.845** -0.692**  
 (-2.44) (-2.63) (-2.10) (-1.96)    
Aftert -0.057 -0.027 -0.016 -0.005    
 (-1.08) (-1.57) (-0.91) (-0.84)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 1135 12266 1135 12266    
Adjusted R2 0.017 0.026 0.007 0.023    
Industry Yes Yes Yes Yes    
Year No No No No    

 

Panel D Market capitalization   

 Ncskewt+1 Duvolt+1 
Variables High Low High Low 
BEEt 0.777 3.296*** -0.101 0.964*** 
 (0.78) (4.51) (-0.27) (3.76)    
BEEt × Aftert -1.328 -3.275*** -0.136 -0.894**  
 (-1.05) (-2.59) (-0.29) (-2.13)    
Aftert -0.072*** 0.005 -0.024*** 0.009    
 (-3.58) (0.21) (-3.44) (1.13)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6702 6699 6702 6699    
Adjusted R2 0.037 0.023 0.029 0.026    
Industry Yes Yes Yes Yes    
Year No No No No    

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1.   
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Table 8 Risk-taking 

 Ncskewt+1 Duvolt+1 
Variables High Low High Low 
BEEt 4.640*** 0.633 1.497*** -0.101    
 (5.77) (1.03) (5.81) (-0.45)    
BEEt × Aftert -1.705 -2.358** -0.672* -0.350    
 (-1.39) (-2.10) (-1.78) (-0.87)    
Aftert -0.027 -0.047** -0.003 -0.014*   
 (-1.21) (-2.03) (-0.40) (-1.83)    
Main controls  Included  Included Included Included 
Governance Included  Included Included Included 
Observations 6699 6702 6699 6702    
Adjusted R2 0.027 0.030 0.024 0.025    
Industry Yes Yes Yes Yes    
Year No No No No    
F-Test (P-value) of  
BEEt + BEEt × Aftert 

8.29  
(0.004) 

 
 

6.26  
(0.013) 

 

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1.   
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Table 9 Instrumental variable analysis 

Variables  Main relation Impact of campaign 
 1st stage 

(1) 
Ncskewt+1 

(2) 
Duvolt+1 
(3) 

Ncskewt+1 

(4) 
Duvolt+1 
(5) 

BEEt  11.378** 3.061*   15.666*** 5.588*** 
  (2.26) (1.80)    (5.36) (5.47)    
BEEt × Aftert    -9.430*** -3.495*** 
    (-3.11) (-3.35)    
Aftert    0.020 0.014*   
    (0.78) (1.68)    
Ncskewt 0.000*** 0.066*** 0.023*** 0.044*** 0.014*** 
 (2.72)    (7.03) (7.29)    (4.76) (4.71)    
Sigmat 0.002    1.461 0.402    1.547 0.400    
 (0.37)    (1.13) (0.89)    (1.04) (0.80)    
Dturnt 0.000    -0.082** -0.032*** -0.196*** -0.075*** 
 (0.82)    (-2.21) (-2.62)    (-6.47) (-7.40)    
Rett -0.000    -0.060 -0.026    0.238 0.076    
 (-0.20)    (-0.29) (-0.37)    (1.02) (0.97)    
Sizet -0.001*** 0.049*** 0.011*** 0.070*** 0.020*** 
 (-7.71)    (4.20) (2.73)    (8.02) (6.90)    
MTBt 0.000*** 0.005*** 0.002*** 0.008*** 0.003*** 
 (4.92)    (2.64) (2.91)    (5.30) (5.24)    
Leveraget -0.004*** 0.123*** 0.038*** 0.097** 0.031**  
 (-5.30)    (2.88) (2.60)    (2.52) (2.34)    
ROAt -0.004    0.207* 0.019    0.080 -0.028    
 (-1.16)    (1.68) (0.44)    (0.66) (-0.66)    
ABACCt 0.003    0.300*** 0.074**  0.325*** 0.081**  
 (1.06)    (2.69) (2.02)    (2.91) (2.18)    
Board Sizet -0.000    -0.024 -0.002    -0.043* -0.008    
 (-0.40)    (-1.00) (-0.23)    (-1.75) (-0.98)    
Independencet 0.004*   0.096 0.026    0.108 0.030    
 (1.73)    (0.89) (0.71)    (0.99) (0.81)    
CEO Dualityt -0.001**  -0.018 0.000    -0.023 -0.001    
 (-2.42)    (-1.09) (0.02)    (-1.38) (-0.25)    
Big Fourt -0.000    -0.062* -0.014    -0.097*** -0.027**  
 (-0.90)    (-1.73) (-1.27)    (-2.70) (-2.36)    
Constant 0.029*** -1.659*** -0.473*** -1.920*** -0.605*** 
 (8.33)    (-6.10) (-5.19)    (-9.14) (-8.50)    
Industry Mean BEEt 0.203***     
 (3.17)        
Foreign Tourismt -0.054***     
 (-3.27)        
Government Spendingt 0.012***     
 (4.78)        
Observations 13401 13401 13401 13401 13401    
Adjusted R2 0.088 0.046 0.045 0.027 0.024    
Industry Yes Yes Yes Yes Yes 
Year Yes Yes Yes No No 
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Table 10 Difference-in-differences estimation 

 Years 2012-2013 as the post Years 2013-2014 as the post 
Variables Ncskewt+1 

(1) 
Duvolt+1 

(2) 
Ncskewt+1 

(3) 
Duvolt+1 

(4) 
High BEEt 0.097*** 0.027**  0.117*** 0.032*** 
 (3.00) (2.54)    (3.57) (2.98)    
High BEEt × Aftert -0.103** -0.029**  -0.101** -0.030**  
 (-2.45) (-2.16)    (-2.32) (-1.97)    
Aftert -0.071*** -0.021*** 0.021 0.008    
 (-2.77) (-2.59)    (0.78) (0.86)    
Ncskewt 0.072*** 0.023*** 0.070*** 0.024*** 
 (5.03) (4.94)    (4.62) (4.71)    
Sigmat 7.828** 2.215    4.404** 1.525    
 (2.08) (1.52)    (1.99) (1.49)    
Dturnt -0.068 -0.022    -0.087 -0.031    
 (-0.94) (-1.01)    (-1.22) (-1.30)    
Rett 0.845 0.190    0.242 0.086    
 (1.09) (0.63)    (0.54) (0.43)    
Sizet 0.057*** 0.014*** 0.044*** 0.011**  
 (4.24)  (3.26)    (3.13) (2.39)    
MTBt 0.008** 0.003*** 0.006** 0.003*** 
 (2.53) (2.76)    (2.28) (2.76)    
Leveraget 0.102* 0.028    0.114** 0.022    
 (1.92) (1.64)    (2.09) (1.20)    
ROAt 0.635*** 0.135**  0.356* 0.008    
 (3.65) (2.24)    (1.88) (0.11)    
ABACCt 0.422*** 0.132**  0.507*** 0.185*** 
 (2.64) (2.45)    (3.11) (3.23)    
Board Sizet -0.049 -0.006    -0.057 -0.014    
 (-1.39) (-0.51)    (-1.59) (-1.16)    
Independencet 0.057 0.028    0.097 0.039    
 (0.35) (0.51)    (0.61) (0.68)    
CEO Dualityt -0.006 0.003    -0.041 -0.006    
 (-0.25) (0.42)    (-1.56) (-0.66)    
Big Fourt -0.093 -0.012    -0.044 0.000    
 (-1.62) (-0.70)    (-0.81) (0.03)    
Constant -1.834*** -0.527*** -1.347*** -0.397*** 
 (-5.85) (-5.04)    (-4.15) (-3.60)    
Observations 5346 5346   5174 5174 
Adjusted R2 0.048 0.043    0.022 0.020    
Industry Yes Yes Yes Yes 
Year No No No No 
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Table 11 Controlling for firm fixed effect 

Variables Ncskewt+1 Duvolt+1 
BEEt 1.959*** 0.462*   
 (2.70) (1.68)    
BEEt × Aftert -2.901*** -0.700**  
 (-2.71) (-1.98)    
Aftert -0.119*** -0.037*** 
 (-6.22) (-5.81)    
Ncskewt -0.150*** -0.044*** 
 (-15.62) (-14.06)    
Sigmat 1.097 0.086    
 (1.06) (0.28)    
Dturnt -0.181*** -0.060*** 
 (-5.99) (-5.93)    
Rett 0.375** 0.127**  
 (2.22) (2.48)    
Sizet 0.187*** 0.063*** 
 (13.17) (13.50)    
MTBt 0.003* 0.002*** 
 (1.77) (2.79)    
Leveraget 0.107 0.032    
 (1.55) (1.38)    
ROAt -0.242 -0.103*   
 (-1.53) (-1.87)    
ABACCt 0.279** 0.084**  
 (2.24) (2.02)    
Board Sizet -0.088** -0.019    
 (-2.47) (-1.54)    
Independencet 0.191 0.075    
 (1.14) (1.31)    
CEO Dualityt -0.009 -0.002    
 (-0.34) (-0.22)    
Big Fourt -0.157* -0.031    
 (-1.77) (-1.18)    
Constant -4.425*** -1.517*** 
 (-13.86) (-14.26)    
Observations 13401 13401 
Adjusted R2 0.108 0.106 
Firm Yes Yes 
Year No No 
F test (p-value) of  
BEEt + BEEt × Aftert 

0.87 
(0.350) 

0.45 
(0.501) 

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1.  
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Table 12 Heckman selection model   

Panel A Propensity to disclose BEEs 

Variables Coefficients  Z-score  
Distancet 0.036** (2.42) 
Sales Growtht 0.030** (2.38) 
Ncskewt 0.008 (0.53) 
Sigmat 0.504 (0.55) 
Dturnt -0.114* (-1.89) 
Rett -0.607*** (-3.45) 
Sizet -0.200*** (-11.70) 
MTBt 0.004** (2.35) 
Leveraget 0.011 (0.29) 
ROAt 0.455*** (2.76) 
ABACCt -0.047 (-0.27) 
Board Sizet 0.047 (1.31) 
Independencet -0.332** (-2.03) 
CEO Dualityt -0.011 (-0.43) 
Big Fourt -0.205*** (-4.13) 
SOEt 0.078*** (2.96) 
Foreign Ownershipt -0.732*** (-4.89) 
Institutional Ownershipt 0.554 (1.60) 
Political Connectiont 0.038* (1.68) 
Analyst Coveraget 0.020 (1.45) 
Constant 3.368*** (7.93) 
Observations 18631           
Pseudo R2 0.166           
Industry Yes  
Province Yes  
Year Yes  
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Panel B Heckman 2nd stage results 

 Main relation Impact of campaign 
Variables Ncskewt+1 Duvolt+1 Ncskewt+1 Duvolt+1 
 (1) (2) (3) (4) 
BEEt 1.123* 0.289*   2.831*** 0.750*** 
 (1.93) (1.65)    (4.41) (3.19)    
BEEt × Aftert   -2.859*** -0.750**  
   (-2.95) (-2.23)    
Aftert   -0.033* -0.010*   
   (-1.86) (-1.69)    
Ncskewt 0.070*** 0.024*** 0.046*** 0.015*** 
 (7.62) (7.98)    (4.95) (4.95)    
Sigmat 1.495 0.410    1.549 0.409    
 (1.15) (0.91)    (1.05) (0.81)    
Dturnt -0.079** -0.031**  -0.185*** -0.069*** 
 (-2.13) (-2.53)    (-6.12) (-6.83)    
Rett -0.065 -0.025    0.256 0.085    
 (-0.31) (-0.35)    (1.10) (1.07)    
Sizet 0.036*** 0.008**  0.062*** 0.018*** 
 (3.45) (2.41)    (7.34) (6.40)    
MTBt 0.007*** 0.003*** 0.010*** 0.003*** 
 (5.80) (5.36)    (7.28) (7.06)    
Leveraget 0.075** 0.024**  0.052 0.015    
 (2.06) (2.09)    (1.41) (1.18)    
ROAt 0.166 0.005    0.039 -0.046    
 (1.36) (0.13)    (0.33) (-1.08)    
ABACCt 0.328*** 0.082**  0.353*** 0.092**  
 (2.97) (2.32)    (3.19) (2.50)    
Board Sizet -0.026 -0.003    -0.042* -0.009    
 (-1.10) (-0.37)    (-1.71) (-1.01)    
Independencet 0.134 0.039    0.143 0.043    
 (1.25) (1.08)    (1.31) (1.15)    
CEO Dualityt -0.023 -0.001    -0.028* -0.003    
 (-1.43) (-0.27)    (-1.71) (-0.59)    
Big Fourt -0.068* -0.013    -0.096** -0.023*   
 (-1.84) (-1.16)    (-2.56) (-1.93)    
Lambdat 0.006 -0.010    -0.010 -0.017*   
 (0.12) (-0.70)    (-0.34) (-1.73)    
Constant -1.332*** -0.390*** -1.658*** -0.517*** 
 (-5.99) (-5.48)    (-8.24) (-7.63)    
Observations 13401 13401    13401 13401    
Adjusted R2 0.046 0.045    0.026 0.022    
Industry Yes Yes Yes Yes 
Year Yes Yes No No 

Notes: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Z-scores are reported if probit model is 
used. Variable definitions are presented in Appendix 1.   
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Table 13 Alternative crash risk proxy  

Panel A Descriptive statistics  

Variable Mean SD p5 p25 p50 p75 p95 
Ncskew_Dt+1 -0.652 0.647 -1.654 -1.020 -0.653 -0.295 0.348 
Duvol_Dt+1 -0.471 0.333 -0.983 -0.691 -0.486 -0.265 0.081 
Ncskew_Dt -0.659 0.640 -1.621 -1.005 -0.648 -0.308 0.268 
Sigma_Dt 0.022 0.010 0.013 0.018 0.021 0.026 0.035 
Ret_Dt -0.028 0.060 -0.062 -0.034 -0.023 -0.015 -0.008 

       

Panel B Crash risk using daily returns  

 Main relation Impact of campaign 
Variables Ncskew_Dt+1 

(1) 
Duvol_Dt+1  
(2) 

Ncskew_Dt+1 
(3) 

Duvol_Dt+1  
(4) 

BEEt 1.286*** 0.620*** 1.806*** 0.857*** 
 (3.32) (2.78)    (3.90) (3.11)    
BEEt × Aftert   -1.390* -0.726*   
   (-1.88) (-1.71)    
Aftert   0.032** -0.008    
   (2.29) (-1.12)    
Ncskew_Dt 0.158*** 0.083*** 0.134*** 0.069*** 
 (15.02) (16.39)    (13.06) (13.89)    
Sigma_Dt 9.401*** 1.437    -1.381 -5.001*** 
 (5.42) (1.62)    (-0.91) (-6.37)    
Dturnt -0.087*** -0.043*** -0.240*** -0.170*** 
 (-2.93) (-2.74)    (-9.42) (-13.02)    
Ret_Dt 1.361*** 0.235*   -0.012 -0.593*** 
 (5.47) (1.89)    (-0.06) (-5.62)    
Sizet 0.025*** 0.001    -0.023*** -0.014*** 
 (3.13) (0.37)    (-3.39) (-4.08)    
MTBt 0.009*** 0.004*** 0.010*** 0.005*** 
 (6.90) (5.72)    (7.33) (7.10)    
Leveraget 0.017 -0.019    0.074** -0.001    
 (0.57) (-1.21)    (2.18) (-0.07)    
ROAt 0.437*** 0.193*** 0.645*** 0.253*** 
 (4.06) (3.45)    (6.23) (4.69)    
ABACCt 0.422*** 0.235*** 0.465*** 0.255*** 
 (4.69) (5.25)    (5.08) (5.50)    
Board Sizet -0.007 -0.002    -0.003 -0.003    
 (-0.32) (-0.20)    (-0.15) (-0.27)    
Independencet 0.116 0.071    0.145 0.105**  
 (1.25) (1.50)    (1.53) (2.15)    
CEO Dualityt -0.057*** -0.029*** -0.059*** -0.032*** 
 (-4.56) (-4.46)    (-4.66) (-4.80)    
Big Fourt -0.012 0.004    0.016 0.011    
 (-0.37) (0.29)    (0.49) (0.76)    
Constant -0.379** 0.136    -0.052 -0.006    
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 (-2.14) (1.40)    (-0.33) (-0.07)    
Observations 13401 13401    13401 13401    
Adjusted R2 0.095 0.130 0.056 0.076    
Industry Yes Yes Yes    Yes    
Year Yes Yes No   No   

Note: 
***, **, * Represent statistical significance of two-tailed tests at 1 percent, 5 percent, and 10 percent respectively. 
T-values are reported, based on robust standard errors clustered by firm. Variable definitions are presented in 
Appendix 1.  
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