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Abstract  

This paper constitutes a response to a body of research that has presented debatable conclusions 

regarding whether and how firm-specific information impounded in various mechanisms 

impacts future stock price movements. In line with this research, I aim to answer three 

unstudied questions surrounding the impact of firm-specific information from three sources. 

As such, this thesis consists of three distinct empirical chapters. Specifically, Chapter 2 

examines firm-specific information on stock prices by examining stock price nonsynchronicity 

in the asset-pricing context. Chapters 3 and 4 investigate the potential consequences for stock 

prices among firms with CEOs’ stock donation and firms with rating downgrades. In addition, 

the findings of Chapters 2 and 3 are examined in a cross-firm setting within the US, and the 

results of Chapter 4 are extended to both the US and other countries.  

In the first essay, I investigate the relationship between firm-specific return variation and cross-

sectional stock returns using US data from 1925 to 2016. Specifically, I examine stock price 

nonsynchronicity as measured by the Fama and French (1993) model, decomposing it into 

absolute idiosyncratic volatility and systematic volatility. Furthermore, I find a positive return 

on a high-minus-low, zero-investment quintile portfolio sorted on either stock price 

nonsynchronicity or systematic volatility, but find a negative return for the portfolio sorted on 

absolute idiosyncratic volatility. The results are robust after controlling for firm characteristics 

such as size, book-to-market ratio, and other risk characteristics using a double-sorting 

approach. The Fama-MacBeth regression results show that a positive association between stock 

price nonsynchronicity and stock returns is driven primarily by the low-systematic-volatility 

anomaly across firms. These findings are robust to controlling for return residual momentum, 

skewness, jumps, and information discreteness. 
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In the second essay, I examine the influence of CEO stock donations on stock price crash risk. 

I find that CEO stock donations are associated with an increased probability of future stock 

price crashes. This finding is robust based on a series of endogeneity concerns and alternative 

measures of CEO stock donation. Further analyses show that both the number of earnings 

surprises and the degree of linguistic complexity in CEOs’ presentations and responses during 

conference calls increase after a CEO stock donation; all suggest a high tendency among 

managers to conceal negative news. I also find that some CEOs backdate stock gifts to 

maximise personal income tax benefits. The positive relationship between CEO stock donation 

and stock price crash risk is attenuated in the presence of greater analyst coverage but more 

pronounced when CEOs have greater influence. 

In the third essay, I investigate the influence of issuer rating downgrades on future stock price 

crash risk, using an international sample of firms in 69 countries. I find that the likelihood of 

future stock price crashes declines after credit rating downgrades. This baseline result is robust 

to a series of endogeneity concerns and to alternative measures of ratings downgrades and 

subsamples. Cross-sectional analyses reveal that the negative impact of issuer rating 

downgrades on the stock price crash risk is more pronounced for firms with high information 

opacity and in countries with poor information transparency. These findings highlight the role 

of credit rating agencies in facilitating firm-specific information flow from the corporate debt 

market to the equity market. 
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Chapter 1  

Introduction 

“Information is that which is conveyed, and possibly amenable to analysis and interpretation, 

through data and the context in which the data are assembled”  

(Zins 2007) 

 

The prediction of stock price movements has been studied widely by researchers and 

practitioners. In particular, informational efficiency in markets is vital for investigating stock 

market reactions. Boness and Jen (1970) examine the relationship between investor behaviour, 

stock price movements, and portfolio returns over time. They show that, for investors to be 

successful, they must bear in mind firm-specific information and the market reaction to such 

information. Firm-specific information may be impounded in stock prices or internal or 

external governance mechanisms. Thus, many studies have examined the phenomenon of 

information dissemination in stock markets (Jennings et al. 1981; Sharma et al. 1983; Shiller 

and Pound 1989). Whether and how the firm-specific information incorporated into internal 

and external corporate mechanisms drives stock price movements has been extensively 

examined in various contexts; however, this notion remains debatable, both theoretically and 

empirically (Hou and Lou 2016; Klein et al. 2002) .  

One of the vital functions of stock markets is processing and accumulating the information that 

results from trading by speculators and both informed and uninformed investors. First, stock 

prices convey traders’ private information, such as the demand for a firm’s products and their 

investment opportunities. Second, managers are likely to conceal negative information about 
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their firms’ prospects through their incentive compensation, characteristics, and governance 

decisions (Aboody and Kasznik 2000; Benmelech et al. 2010; Boschen et al. 2003; Yermack 

2009). Finally, based on credit rating agencies, both market participants and regulators have 

additional sources of information to assess a firm’s risk, and the use of ratings is an efficient 

way to provide information (Goh and Ederington 1993; Hand et al. 1992; Holthausen and 

Leftwich 1986). However, there are three unstudied questions on how information flow 

between financial markets impacts stock price movements. This thesis expands the existing 

literature of firm-specific information flow as follows. In Chapter 2, I study firm-specific 

information in stock prices by examining firm-specific return variation proxied by stock price 

nonsynchronicity in the asset-pricing context. In Chapters 3 and 4, I investigate the potential 

consequences for stock prices when firm-specific information is revealed via CEOs’ stock 

donations and issuer rating downgrades. The samples from Chapters 2 and 3 are obtained from 

US data sources; the sample from Chapter 4 is extracted from international sources. 

Chapter 2 discusses the effect of firm-specific return variation, as measured by stock price 

nonsynchronicity in stock returns. Commonly known as relative idiosyncratic volatility, stock 

price nonsynchronicity has been widely studied as a measure of market efficiency (Hou et al. 

2013; Kelly 2014; Morck et al. 2013). In addition, there is controversy surrounding the 

association between absolute idiosyncratic volatility and stock returns. Under the assumption 

of incomplete markets, investors demand compensation for bearing idiosyncratic risk if they 

hold a poorly diversified portfolio (Fu 2009; Merton 1987; Spiegel and Wang 2005). In 

contrast, numerous studies have sought to explain a negative association between idiosyncratic 

volatility and subsequent stock returns (Ang et al. 2006; 2009). While these studies use absolute 

idiosyncratic volatility as the primary variable of interest in the asset-pricing context, I focus 

on relative idiosyncratic volatility and find that stock price nonsynchronicity is positively 

https://www.sciencedirect.com/science/article/pii/S0378426607001057#bib8
https://www.sciencedirect.com/science/article/pii/S0378426607001057#bib9
https://www.sciencedirect.com/science/article/pii/S0378426607001057#bib11
https://www.sciencedirect.com/science/article/pii/S0378426607001057#bib11
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associated with average returns, using the portfolio sorting and Fama-MacBeth regression 

approaches.  

Unlike Chapter 2, Chapter 3 uses firm-specific information embodied in CEOs’ stock donations 

as a key factor in future stock price crash risk. This chapter investigates whether CEOs who 

donate their stocks are likely to withhold bad news. The primary motivation for studying this 

issue is that the literature presents mixed arguments regarding whether executive philanthropy 

contributes to solving social problems or, more disturbingly, merely generates personal 

benefits. The literature on social psychology describes philanthropic behaviour as a collection 

of actions that benefit others (Ariely et al. 2009; Dovidio et al. 2017; Penner et al. 2005). In the 

presence of altruistic affection, it is assumed that philanthropic CEOs are aware of how their 

charitable actions outweigh those of other stakeholders over their firms’ costs and benefits. In 

reality, some managers falsely backdate their stock donations to gain personal tax deductions 

(Avci et al. 2015; Ghosh and Harjoto 2011; Yermack 2009) and conceal negative news. When 

this bad news is accumulated until the tipping point, it will be released to the equity market at 

once, thereby increasing future stock price crashes. Consequently, Chapter 3 addresses the real 

impact of executives’ stock donations on future stock price crash risk; I find a positive 

relationship between CEO stock donations and crash risk. Moreover, the empirical results show 

that CEOs who donate their stocks tend to withhold bad news through earnings manipulation 

and the use of complicated language during conference calls.  

Chapter 4 discusses the influence of issuer rating downgrades on future stock price crash risk 

using a comprehensive international sample of firms in 69 countries. The underlying 

motivation for this chapter is the debatable findings on how firm-specific information is 

compounded by credit rating downgrades. On the one hand, credit rating changes (especially 

downgrades) facilitate negative information flow from the debt market to the equity market. 
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According to Ederington et al. (1987) and Griffin and Sanvicente (1982), this private 

information may not be acquired by investors or stock analysts because it is collected and 

evaluated by credit rating agencies. On the other hand, issuer rating downgrades send a 

negative signal about a firm’s prospects to equity investors. Such an adverse event may cause 

panic in the equity market because of information asymmetry between insiders and outside 

investors (He et al. 2011). Empirical evidence finds significantly negative abnormal stock 

returns, followed by rating downgrades (Bannier and Hirsch 2010; Chung et al. 2012; Hu et al. 

2016). Thus, rating downgrades may exacerbate stock price movements. While prior literature 

focuses on the immediate reaction of stock prices after a downgrade announcement, Chapter 4 

fills in the gaps regarding the longer-term effects of credit rating changes by examining stock 

price crash risk in the next year; I find that future stock price crash risk is lower after issuer 

rating downgrades. This chapter differs from Chapters 2 and 3 in that it uses an international 

sample to examine the varying impact of a rating downgrade based on a country’s level of 

transparency.  

Overall, this thesis contributes to the existing literature in the following ways. First and 

foremost, the findings in the three essays extend a recent line of research that investigates 

whether or not stock price movements are driven by firm-specific information from internal 

and external corporate sources (Habib et al. 2018; Li et al. 2014a). In particular, Chapter 2 

complements the work of Li et al. (2014a), providing insightful clarifications regarding the 

association between stock price nonsynchronicity and subsequent stock returns. Chapter 3 

illuminates the unfavourable outcome for a firm’s stock performance of insiders’ information 

trade via philanthropy stock donations (Ghosh and Harjoto 2011; Yermack 2009). Chapter 4 

demonstrates the mitigating effect of rating downgrades on stock price crash risk, yielding 

favourable evidence related to the roles of external information intermediaries (Basu et al. 

2020; Behr and Güttler 2008; Jorion et al. 2005). 
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Second, this thesis enriches the literature on understanding the determinants of stock price 

movements. While Chapter 2 is the first study to examine relative idiosyncratic volatility 

(measured as stock price nonsynchronicity in future stock returns), Chapters 3 and 4 advance 

the extant literature on future stock price crash risk. Specifically, Chapter 3 adds CEO stock 

donations as a risk factor for increased stock price crash risk, along with various CEO 

characteristics such as option incentives for executives (Kim et al. 2011a), CEO 

overconfidence (Kim et al. 2016), CEO age (Andreou et al. 2017), and powerful CEOs (Al 

Mamun et al. 2020). Thus, this chapter gives evidence supporting the argument that managers 

donate their stocks to derive personal tax benefits; therefore, they tend to withhold bad news 

and increase firm-specific crashes. Chapter 4 provides further evidence on the association 

between the information roles of external information intermediaries and stock price crash risk 

(Callen and Fang 2017; He et al. 2019; Kothari et al. 2009; Robin and Zhang 2015). 

Third, my findings provide novel evidence on the information flow within the equity market 

and between the debt and the equity markets. In Chapter 2, I use stock price nonsynchronicity 

as a proxy for information asymmetries under the premise that much firm-specific information 

flows through the idiosyncratic component of stock return variation (Durnev et al. 2004; Kim 

et al. 2020; Morck et al. 2000; Wurgler 2000). My findings show that this proxy can predict 

subsequent average returns in the cross‐section. In addition, due to career positions and 

incentives, managers may exploit information asymmetries to conceal negative information 

and maximise short‐term price. Thus, Chapter 3 finds evidence that CEOs take advantage of 

inside information to donate shares at an opportunistic time to better serve their interests. In 

terms of information from debt market source, debtholders exert a disciplining effect on the 

information flow to uninformed investors by using their option to force a firm into liquidation 

(Harris and Raviv 1990). Thus, credit rating changes, especially downgrades, in my study of 
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Chapter 4 facilitate negative information flow from the debt market to the equity market and 

reduce the likelihood of managers’ information hoarding.  

Finally, this thesis has several implications for investors, market regulators, and other firm 

stakeholders. While most studies use absolute idiosyncratic volatility in the asset-pricing 

setting, the findings from Chapter 2 offer further insights to investors or portfolio managers on 

the differences in relative and absolute idiosyncratic volatility in building investment 

portfolios. Chapter 3 raises concerns for federal courts to consider CEO stock gifts as insider 

sales because CEO stock donations could potentially violate Rule 10b-5 when a CEO receives 

a substantial tax benefit after donating if the firm issues negative news and decreases its stock 

price shortly afterward. Chapter 4 offers a new perspective to investors and market regulators, 

suggesting that rating downgrades could lower a firm’s stock price crash risk via information 

embedded in their ratings.  

The remainder of this thesis is organised as follows. Chapter 2 presents the first empirical essay. 

Chapters 3 and 4 discuss the second and third essays. Chapter 5 summarises key findings, along 

with some research limitations, and outlines potential areas for future research.
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Chapter 2  

Firm-Specific Return Variation and Stock Returns 

 

2.1. INTRODUCTION 

In an international setting, Morck et al. (2000) investigate the effect of market- and firm-level 

information on stock return variation. They propose stock price nonsynchronicity (Φ) as a 

measure of firm-specific return variation (FSRV). Commonly known as relative idiosyncratic 

volatility, Φ is the natural logarithm of the ratio of idiosyncratic volatility to systematic risk in 

the market model, reflecting how stock prices respond to firm-specific price movements 

relative to market-wide price movements. This measure has been widely used to measure the 

degree of stock market efficiency. For example, Morck et al. (2000) find that higher Φ is 

associated with stronger public investor property rights among forty countries. Previous studies 

have argued regarding the idiosyncratic volatility puzzle that idiosyncratic volatility negatively 

impacts subsequent stock returns (e.g. Ang et al. 2006; 2009).1 This result is puzzling because 

traditional asset pricing theory expects either no relation between idiosyncratic volatility and 

stock returns under the assumption of efficient markets or a positive relation under the 

assumption of incomplete markets and under-diversified investors (Levy 1978; Merton 1987). 

                                                           
1 There are two popular proxies for FSRV, often employed interchangeably in the existing literature: (i) absolute 

idiosyncratic volatility, often measured as the standard deviation of residual from a regression of the Fama-French 

three-factor (FF3F) model; and (ii) relative idiosyncratic volatility or stock price nonsynchronicity (Φ), which is 

the logarithmic inverse of R2 from the market model or FF3F model. Li et al. (2014a) show that Φ and absolute 

idiosyncratic volatility are not interchangeable measures for FSRV, since absolute idiosyncratic volatility is one 

of Φ’s components. Therefore, the primary focus of this study is Φ as an FSRV measure.  

https://www.tandfonline.com/doi/full/10.1080/1331677X.2019.1710229
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Whereas most studies use absolute idiosyncratic volatility as the primary variable of interest, 

we focus on relative idiosyncratic volatility (Φ) and investigate its effect on stock returns.   

Recent studies, such as those by Li et al. (2014a) and Aabo et al. (2017), suggest that 

researchers who use Φ must understand which of Φ’s two components drives the relationship 

between Φ and a treatment variable. Li et al. (2014a) demonstrate that the systematic 

component inherent in Φ dominates the idiosyncratic component in the negative relation with 

inverse earnings quality in the US setting. Because Φ is a scaled return variation measure, we 

use the Fama-French three-factor (FF3F) model to estimate Φ before decomposing it into two 

components: the natural logarithm of the annualised variance of residuals as absolute 

idiosyncratic volatility (Φε) and the negative natural logarithm of systematic volatility (Φs). We 

further investigate which of the two constituents explains the association between Φ and stock 

returns, emphasising the importance of assessing which of Φ’s components drives stock 

returns.  

To address this question, we examine the impact of Φ and its components on future average 

returns2 over the short-term window in US data. Specifically, we classify stocks into quintiles 

by sorting each variable independently (i.e., Φ, Φε, and Φs) and examine the differences in 

holding-period returns between high- and low-quintile portfolios. We find a significant and 

positive association between Φ and stock returns, suggesting that the quintile of stocks with 

high Φ earns high returns on average, and vice versa. The same pattern is found for high-Φs 

stocks. In contrast, the portfolio with high-Φε stocks earns low average returns. The same 

patterns of Φ- and Φs-return relationships imply that the low-volatility anomaly (Baker et al. 

                                                           
2 The term ‘future average returns’ is used to refer to ‘future average returns for up to a twelve-month estimation 

window’ following the prior literature’ see, e.g. Jegadeesh and Titman (1993) and Ang et al (2009). 
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2011; Li et al. 2016; Jensen et al. 1972) driven by the systematic component dominates the 

idiosyncratic volatility effect on the Φ-average return relation.  

Furthermore, our paper is related to that of Ang et al. (2009), who show that the idiosyncratic 

volatility puzzle is robust to controlling for multiple economic variables of the trading costs 

and information diffusion. We employ a dependent double-sort procedure to control for firm 

characteristics’ effects, market capitalisation (Size), and book-to-market ratio (BM). We find 

that our single-sort results are robust to controlling for Size but not for BM. We also find that 

the positive Φ-return relationship is robust to controlling for information discreteness (Da et 

al. 2014), investor underreaction (Blitz et al. 2011; Gutierrez and Prinsky 2007), investor 

preference for skewness (Ang et al. 2009; Barberis and Huang 2008), and the sudden changes 

of market frictions (Barndorff-Nielsen and Shephard 2004; 2006).  

To evaluate the interaction between stock price nonsynchronicity and its two components, we 

construct the returns of portfolios using an independent double-sort. Sorting on Φε or Φs shows 

that both variables can affect average returns while exerting opposing effects on the relation 

between Φ and stock returns. In particular, we find a positive association between Φ and future 

stock returns in each of the Φε quintiles but find a negative association within the middle 

quintiles of Φs. Our results indicate that the low-volatility anomaly driven by systematic risk 

has a substantial impact on the positive association between Φ and returns. 

Using Fama-MacBeth regressions, we investigate whether the positive relationship between Φ 

and stock returns is robust in the available full sample from 1950 to 2016. All specifications 

control for lagged Fama-French factor loadings, lagged firm size, book-to-market ratio, 

momentum, and four risk characteristics. We find a significant and positive association 

between Φs and stock returns, but a negative association between Φε and stock returns. These 

two effects may offset each other, resulting in an insignificant relationship between Φ and stock 
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returns. We divide our sample into three approximately equal sub-periods based on the number 

of stocks: 1950–1970, 1971–1990, and 1991–2016. In the first period, we find that systematic 

volatility dominates idiosyncratic volatility in explaining the positive relationship between Φ 

and stock returns. However, in the latter two sub-periods, the time-series average of the 

association between Φ and subsequent returns is insignificant. 

Finally, by plotting Fama-MacBeth coefficients of Φ, Φε, and Φs over rolling windows, we 

empirically identify the specific months in which the low-volatility anomaly driven by 

systematic risk dominates the Φ-return relation. Our results demonstrate three possible 

circumstances of systematic and idiosyncratic risk in explaining the Φ-return relation. First, 

the positive Φ-return association is dominated primarily by the low-volatility anomaly of 

systematic risk in 1960–1970 and from 2004 to mid-2007. Second, while Φε has a significantly 

negative effect on stock returns, Φs does not have any impact during the periods 1971–2004 

and 2015–2016. Thus, the Φ effect on stock returns is driven primarily by Φε during these 

periods. Third, over the period 2008–2014, the effects of Φ and their components are 

insignificant. Generally, the dominant impact of the low-volatility anomaly driven by 

systematic risk occurs primarily before the stock market crashes in the 1960s and before 2007. 

These findings suggest that the transition from profit to a loss of Φ-sorted portfolios could 

predict the bear market’s beginning.    

This paper contributes to the existing literature in three ways. First, to our knowledge, this is 

the first study to examine Φ (or the inverse R2) in the asset-pricing context and to systematically 

compare the performance of relative and absolute idiosyncratic volatility.3 Second, our study 

distinguishes between the impacts of two primary components of Φ – namely, Φε and Φs. In 

particular, we find that the subsequent stock returns are predominantly driven by firms’ 

                                                           
3 Hou et al. (2013) use the R2 measure to analyse how private information from investors is related to price 

momentum, rather than use R2 as a primary factor in asset-pricing context. 
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systematic risk instead of idiosyncratic risk. Finally, using Fama-MacBeth regressions, we 

provide evidence that Φ and its components have time-varying effects on explaining expected 

returns in various sub-periods.4 Our findings offer further insights to investors regarding how 

they should value the differences between relative and absolute idiosyncratic volatility in 

managing their portfolios over various periods.   

The remainder of this paper is structured as follows. Section 2.2 presents a literature review 

and hypothesis development. Section 2.3 presents data and variable construction. Section 2.4 

reports the firm-specific return portfolios. Section 2.5 presents the interaction between absolute 

idiosyncratic risk, systematic risk, and stock price nonsynchronicity. Section 2.6 reports Fama-

MacBeth regressions. Section 2.7 concludes.  

2.2. RELATED LITERATURE AND HYPOTHESIS DEVELOPMENT 

The debate literature on FSRV has been growing since Roll (1988) stated that low R2 seems 

“occasional frenzy unrelated to concrete information”. Morck et al. (2000) find that there is 

more firm-specific information – as measured by stock price nonsynchronicity (Φ or inverse 

R2) – impounded in stock prices in developed markets than in emerging markets, indicating 

that investors allocate investment more effectively in developed markets. Wurgler (2000) and 

Durnev et al. (2004) find that higher Φ improves investment efficiency. A recent paper by Kim 

et al. (2020) finds that higher Φ reflects the decrease in proprietary information disclosure in 

firms’ 10-K reports. However, several papers argue that high Φ or low R2 is associated with 

impediments to informed trade, reduced market efficiency, and lower information quality 

(Devos et al. 2015; Hao et al. 2018; Kelly 2014; Li et al. 2014a).  

                                                           
4 Pettengill et al. (1995) divide their sample into three approximately equal sub-periods (1936–1950, 1951–1970, 

and 1971–1990) and find inconsistent results regarding the relationship between beta and realized returns due to 

the aggregation of positive and negative market excess return periods. Following Pettengill et al. (1995), our 

sample in pre-1990s is divided into two periods: 1950-1970 and 1971-1990.  
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Accordingly, Li et al. (2014a) and Aabo et al. (2017) suggest that it is crucial for researchers 

who use Φ as the proxy for firm-specific information to identify which of the two components 

of Φ (absolute idiosyncratic volatility or market-wide variation5) dominate the relationship 

between Φ and the variables of interest. Interestingly, while these two components of Φ have 

been widely studied in the asset-pricing context, the association between Φ (or R2) and future 

stock returns has not yet been examined. Thus, we attempt to test whether Φ or absolute 

idiosyncratic volatility have the same association with stock returns when absolute 

idiosyncratic volatility is one of Φ’s components.  

In particular, absolute idiosyncratic volatility has become one of the most controversial issues 

in asset pricing. Conventional asset pricing theory suggests that risks should not be priced in 

equilibrium, under the assumption that investors are well-diversified in frictionless and 

complete markets. However, if investors face sizable frictions and hold a poorly diversified 

portfolio, idiosyncratic risk should be priced, as investors demand compensation for bearing 

idiosyncratic risk under the assumption that markets are incomplete (Fu 2009; Levy 1978; 

Malkiel and Xu 2002; Merton 1987; Spiegel and Wang 2005). 

Rather than using conventional or incomplete market theory, Ang et al. (2006) first document 

a negative relationship between absolute idiosyncratic volatility and subsequent stock returns; 

this is known as the idiosyncratic volatility puzzle. Similarly, Guo and Savickas (2008) and 

Ang et al. (2009) find strong evidence of a negative idiosyncratic volatility impact on stock 

returns in 23 developed countries and the G7 countries, respectively. Several studies have 

attempted to explain the idiosyncratic volatility puzzle. The existing literature documents that 

the idiosyncratic volatility puzzle is due to a return-reversal effect (Huang et al. 2009), market 

                                                           
5 Instead of using the market model, we use the FF3F model to estimate Φ. Details are presented in Section 2.3. 
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microstructure biases (Han and Lesmond 2011), or the exclusion of penny stocks and other 

highly illiquid stocks (Chen et al. 2020).6  

Following Ang et al. (2006; 2009), we posit a puzzle in asset pricing for the idiosyncratic 

volatility component of Φ – namely, Φε. Our first hypothesis is as follows: 

Hypothesis 2.1: The idiosyncratic component, Φε, is negatively associated with subsequent 

stock returns (the idiosyncratic volatility puzzle).7 

Regarding systematic volatility, a growing body of research shows that low-beta stocks 

outperform high-beta stocks; this is known as a low-volatility anomaly (Baker et al. 2011; 

Frazzini and Pedersen 2014; Jensen et al. 1972; Li et al. 2016). Black (1972) explains that such 

restricted borrowing as a margin requirement may cause low-beta stocks to perform better. In 

addition, Baker et al. (2011) argue that fund managers who are judged against benchmarks can 

be drawn to higher-volatility stocks, resulting in an excess demand for stocks with higher 

volatility, causing overpricing and reduced future returns. Recently, Asness et al. (2020) argue 

that leverage constraints or aversion also contribute to the anomaly. Therefore, we posit our 

second hypothesis: 

Hypothesis 2.2: The systematic component, Φs, is positively associated with subsequent stock 

returns (the low-volatility anomaly). 

                                                           
6 Bali and Cakici (2008) argue that equally weighted portfolios do not show a robust negative idiosyncratic 

volatility effect.  Recent papers explain the idiosyncratic volatility puzzle by arbitrage asymmetry (Stambaugh et 

al. 2015), or the limits of arbitrage (Gu et al. 2018). Stambaugh et al. (2015) find that the absolute idiosyncratic 

volatility-return relation is negative among overpriced stocks but positive among underpriced stocks. Gu et al. 

(2018) show that the negative premium of idiosyncratic volatility is much stronger in stocks with high limits of 

arbitrage in the Chinese mainland stock market. 
7 According to the idiosyncratic volatility puzzle (Ang et al. 2006), absolute idiosyncratic volatility is often 

measured by annualized standard deviation of residuals from FF3F regression; Φε is the natural logarithm of 

variance of residuals. Absolute idiosyncratic volatility and Φε are almost perfectly positively correlated, so we 

treat both variables as idiosyncratic volatility measures. 
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Furthermore, there is a controversy in the literature surrounding which of Φ’s two components 

confound the association between Φ and the variable of interest. Li et al. (2014a), for example, 

show that Φs – rather than Φε – dominates the negative association between Φ and inverse 

earnings quality. Similarly, Aabo et al. (2017) find that relative and absolute idiosyncratic 

volatility have opposite associations with mispricing. In contrast, Chan and Chan (2014) argue 

that systematic volatility generally does not impact SEO discounts. A significantly positive 

relationship exists between Φ and SEO discounts in the whole period and various sub-

periods. Their finding suggests that issuers with low Φ have a low SEO discount due to a low 

idiosyncratic component. As such, we propose two alternative directions for the third 

hypothesis: 

Hypothesis 2.3A: If the low-volatility anomaly has a dominant effect, relative idiosyncratic 

volatility (Φ) is positively associated with subsequent stock returns. 

Hypothesis 2.3B: If the idiosyncratic volatility puzzle has a dominant effect, relative 

idiosyncratic volatility (Φ) is negatively associated with subsequent stock returns. 

2.3. DATA AND VARIABLE CONSTRUCTION 

Our stock-return data are obtained from the CRSP database and cover all domestic primary 

stocks listed on the New York (NYSE), American (AMEX), and NASDAQ stock markets, 

excluding American Depository Receipts (ADRs), closed-end funds, Real Estate Investment 

Trusts (REITs), unit trusts, and foreign stocks. We use discrete returns filtered and screened 

following the conventional literature.8 The sample for the sorting procedure begins from 

                                                           
8 We also employ several return filtering procedures for daily and monthly returns, as followed by Ince and Porter 

(2006). In particular, any monthly return above 300% that is reversed within one month is set to ‘missing’. If R t 

or Rt−1 is greater than 300%, and (1 + Rt) × (1 + Rt−1) − 1 < 50%, then both Rt and Rt−1 are set to ‘missing.’ For 

daily returns, if Rt or Rt−1> 100% and (1 + Rt−1)(1+ Rt) - 1 < 20%, then both Rt and Rt−1are set as equal to a 

‘missing’ value. Additionally, any daily return greater than 200% is treated as missing. 
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December 1925, while all data series of the NYSE market begin in December 2016. The daily 

and monthly Fama-French three factors are downloaded from Kenneth French’s data library, 

from July 1926 to December 2016. The Fama-MacBeth regressions span the period from 

January 1950 to December 2016 due to the sample constraints of the book-to-market variable.  

2.3.1. FSRV Measure 

We follow the early literature and use daily stock returns to measure stock price 

nonsynchronicity (Φ). At the end of every month t, we compute each proxy’s value over the 

formation period of the previous 12 months (i.e., from t−12 to t−1). We obtain these proxies 

based on daily returns – that is, the starting date is from July 1927 (based on the formation 

window from July 1926 to June 1927).  

Following previous studies, we use the Fama-French three-factor regression of daily returns. 

We require more than 204 daily observations (T ≥ 204) in the formation window of the one-

year period for each stock i at month t:9 

𝑟𝑖 = 𝛼𝑖 + 𝑚𝑖𝑀𝐾𝑇+𝑠𝑖𝑆𝑀𝐵 + ℎ𝑖𝐻𝑀𝐿 + 휀𝑖                           (2.1) 

where  𝑟𝑖 is the excess return of stock i;  MKT, SMB, and HML are from Kenneth French’s data 

library;10 𝑚𝑖, 𝑠𝑖,  and ℎ𝑖 are the factor loadings to be estimated; and 휀𝑖 is the residual of stock i.  

At month t, the idiosyncratic volatility of stock i is measured as the annualised total variance 

of residuals (𝜎𝜀𝑖
2 ) over the formation period (Ang et al. 2006; 2009).  

The R2 measure from Eq. (2.1) is as follows:  

                                                           
9 Following Ang et al. (2006), we run the regression for all stocks on AMEX, NASDAQ, and the NYSE over the 

formation period, with more than 17 daily observations per month; therefore, we keep 12-month idiosyncratic 

volatility with 204 (17x12 months) daily observations.  
10 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/ 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
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𝑅𝑖
2 =

𝜎𝑠𝑖
2

𝜎𝑠𝑖
2 +𝜎𝜀𝑖

2                                                                (2.2) 

where 𝜎𝑠𝑖
2  is the systematic volatility of stock i, so that 𝜎𝜀𝑖

2 + 𝜎𝑠𝑖
2  is the total return variance of 

stock i from Eq. (2.1). 

According to Morck et al. (2000) and Chen et al. (2006), Φ for stock i is defined as the logistic 

transformation of inverse R2: 

𝛷𝑖 = 𝑙𝑛 (
𝜎𝜀𝑖

2

𝜎𝑠𝑖
2 ) = 𝑙𝑛𝜎𝜀𝑖

2 − 𝑙𝑛𝜎𝑠𝑖
2                                                       (2.3) 

Defining 𝛷ε =ln(𝜎𝜀𝑖
2 ) and  𝛷s = −ln(𝜎𝑠𝑖

2 ), we derive 

𝛷𝑖 = 𝛷𝜀𝑖 + 𝛷𝑠𝑖                                                                 (2.4) 

While ln(𝜎𝜀𝑖
2 ) and ln(𝜎𝑠𝑖

2 ) both are positive, the negative sign in Φs leads to the negative 

relationship between Φε and Φs. Eq. (2.4) shows that any increase in Φ can occur due to any or 

all of these factors: (i) an increase in idiosyncratic component 𝛷𝜀𝑖; (ii) an increase in the 

negative log of systematic risk (𝛷𝑠𝑖) – that is, a decrease in systematic risk (𝜎𝑠𝑖
2 ).11  

When we examine the relationship between each component of Φ and stock returns separately, 

there are three possible scenarios under which the positive Φ-return relationship could arise. 

First, both the Φε-return and the Φs-return relationship could be positive. If the positive Φ effect 

is driven by the idiosyncratic component, it is assumed that stocks with high idiosyncratic 

volatility have high stock returns to compensate for investors who cannot fully diversify away 

firm-specific risk (Levy 1978; Merton 1987). The positive Φs-return or negative systematic 

                                                           
11 The systematic variance, (𝜎𝑟𝑖

2 − 𝜎𝜀𝑖
2 ) can be rewritten as: 𝜎𝑠𝑖

2 = 𝑚𝑖
2𝜎𝑀𝐾𝑇

2 + 𝑠𝑖
2𝜎𝑆𝑀𝐵

2 + ℎ𝑖
2𝜎𝐻𝑀𝐿

2 +
2𝑚𝑖𝑠𝑖𝜎𝑀𝐾𝑇,𝑆𝑀𝐵 + 2𝑚𝑖ℎ𝑖𝜎𝑀𝐾𝑇,𝐻𝑀𝐿 + 2𝑠𝑖ℎ𝑖𝜎𝑆𝑀𝐵,𝐻𝑀𝐿, where 𝜎𝑀𝐾𝑇

2 , 𝜎𝑆𝑀𝐵
2 , 𝜎𝐻𝑀𝐿

2  represent the variance of the MKT, 

SMB, HML factors, respectively; 𝜎𝑀𝐾𝑇,𝑆𝑀𝐵 , 𝜎𝑀𝐾𝑇,𝐻𝑀𝐿 , 𝜎𝑆𝑀𝐵,𝐻𝑀𝐿 are the covariance of two out of three factors 

of the FF3F model.  
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volatility-return relation is known as a low-volatility anomaly (Baker et al. 2011; Li et al. 

2014b; 2016), where stocks with low systematic volatility outperform stocks with high 

volatility. 

Second, it may be that the Φε-return relation is positive but the Φs-return relation is negative, 

with the former dominating the latter so that the overall Φ-return link is positive. Third, in 

contrast, if the relationship between Φε and return is negative, in a similar sense to the 

idiosyncratic volatility puzzle (Ang et al. 2006; 2009) (H2.1), the positive association between 

Φ and stock returns could arise because the positive relationship between Φs and stock returns 

(H2.2) dominates the negative relation between Φε and returns. This assumption is consistent 

with hypothesis H2.3A.  

2.3.2. Descriptive Statistics 

Table 2.1 reports summary statistics for the FSRV for the whole sample at roughly 10-year 

intervals over the sample period. The total number of stocks increased over the years from 

1,230 stocks in 1950–1960 to 11,955 stocks over 1991–2000 and fell back to 5,069 stocks over 

2011–2016. The number of observations is driven by the number of stocks by the industry 

revolution trend and the economic expansion period after the 1990s. We also observe that the 

mean of Φ has increased steadily from the 1950s until the 1990s, thus suggesting two distinct 

volatility regimes: before and after 1990. Before the 1990s, we define two equal sub-periods: 

1950–1970 and 1971–1990.  

Panel B presents the correlation matrix among variables. The Pearson (Spearman) correlation 

between Φ and Φε is slightly positive at 0.283 (0.353), while the correlation between Φ and Φs 

is highly positive at 0.798 (0.791). It is evident that, compared to Φε, the systematic component 

Φs could potentially make a larger contribution to the relation between Φ and the variable of 

interest. All of the pairwise correlations are highly significant, with a p-value less than 0.0001.  
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[Insert Table 2.1 about here] 

Figure 1 displays the FSRV value (Φ), absolute idiosyncratic volatility (Φε), and the negative 

of log systematic volatility (Φs), averaged across all stocks in every month. Note that Φ, Φε, 

and Φs are measured over the formation period of the previous 12 months. It can be seen that 

Φ and Φs have slightly different patterns over the beginning and ending periods, but with 

similar patterns over the middle period of 1950–2000. In this figure, the average value of Φε is 

generally higher than Φs over the whole period, except for 1950–1965. As such, the systematic 

risk is high before the beginning of the market recession in the 1970s. 

2.4. FSRV-SORTED PORTFOLIOS 

We commence our empirical investigation by computing average returns on zero-investment 

portfolios of FSRV and its constituents, based on the single-sorting and double-sorting 

procedures.12 In summary, we find positive Φ-return and Φs-return relationships and a negative 

Φε-return relationship, providing preliminary evidence that the systematic rather than the 

idiosyncratic component is likely to be a source of the positive Φ-return relationship. These 

patterns are robust when we employ double sorting by FSRV with other variables of risk 

characteristics.  

2.4.1. Single-sorted Portfolios on FSRV 

Using the single-sorting strategy, we compare and distinguish the risk-adjusted returns of 

stocks sorted by Φ and its two components. We employ the procedure commonly used in the 

empirical literature (Ang et al. 2006; Blitz et al. 2011; Grundy and Martin 2001; Gutierrez and 

Prinsky 2007; Jegadeesh and Titman 1993; 2001). The methodology involves forming the 

portfolios ex-ante over the past 12 months and then holding them for one month. At the end of 

                                                           
12 From now on, for simplicity, we use ‘FSRV’ to represent the FSRV measure and two components in every test. 
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each month, we sort stocks into quintiles based on the value of an FSRV measure. Stocks in 

quintile 1 have the lowest Φ value, whereas stocks in quintile 5 have the highest Φ value. Each 

quintile portfolio is rebalanced monthly and is value-weighted. The zero-investment portfolio 

return is equal to the subtraction of monthly returns between portfolio 5 and portfolio 1. 

Table 2.2 reports raw and risk-adjusted returns of single-sort portfolios for the holding period 

of one month.13 The risk-adjusted returns labelled ‘𝛼𝐶𝐴𝑃𝑀’ and ‘𝛼𝐹𝐹’ are Jensen’s alphas with 

respect to the CAPM or FF3F, respectively. The t-statistics are calculated using Newey and 

West’s (1987) robust standard errors. As seen in the table, the 5-1 difference in FF3F alphas is 

positive and significant at 0.66% per month for stocks sorted by Φs; it is negative and 

significant at -0.78% for the portfolio sorted on Φε. The positive Φs-return relation is consistent 

with the low-volatility anomaly (Baker et al. 2011; Li et al. 2014b; 2016) that stocks with high 

Φs or low systematic risk over a previous month have extraordinarily high average returns in 

the next month. The negative Φε-return relation is in a similar spirit to the idiosyncratic 

volatility puzzle documented by Ang et al. (2006). This finding constitutes preliminary 

evidence for hypothesis H2.1. 

We find that the raw return of the 5-1 portfolio sorted on Φ is insignificant, while the risk-

adjusted return, the FF3F alpha, is positive and significant. Despite the negative Φε-return, the 

pattern for Φs is the same as for Φ. While Φs is a component of Φ and has a positive correlation 

with Φ, the negative Φε-return relation shows that Φε has little bearing on the positive Φ-return 

association. The Φs-portfolio returns relation is significant and positive after being adjusted by 

the Fama-French three-factor benchmark. Therefore, our result suggests that the positive Φ-

                                                           
13 We also find consistent results for other holding periods of three, six, nine, and twelve months using either raw 

returns or risk-adjusted monthly returns.  
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return relationship occurs due to the dominant impact of the low-volatility anomaly associated 

with systematic risk over idiosyncratic volatility puzzle.  

In summary, the findings reported in Table 2.2 are consistent with H2.1 and H2.2 – there are 

two opposite directions of portfolio returns when sorting stocks based on Φ’s two components. 

Specifically, the 5-1 alpha of the Φε-sorted portfolio is negative (H2.1), although the 5-1 alpha 

of the Φs-sorted portfolio is positive (H2.2). The positive 5-1 FF3F alpha of Φ-sorted portfolio 

supports H2.3A, in that the low-volatility anomaly of Φs has a dominant effect overall.  

[Insert Table 2.2 about here] 

We control for firm characteristic variables to examine the interaction of FSRV measures with 

firm characteristics. The first control variable, Size, is a firm’s market capitalisation. Since 

Banz (1981), numerous studies have shown that smaller firms are related to higher returns than 

bigger firms. Another control variable is book-to-market ratio (BM), which is positively 

correlated with average returns of stocks (Fama and French 1992; 2015; Rosenberg et al. 1985). 

Specifically, to control for firm characteristics’ effects, we employ a dependent double-sort 

procedure. With the double-sort approach, we first sort according to firm characteristics 

variables (Size or BM) in quintiles; then, within each quintile, we sort stocks based on the FSRV 

measure or its components. The five FSRV portfolios are then averaged over a firm 

characteristic; the results are FSRV quintile portfolios controlled for a characteristic variable.  

In Panel A of Table 2.3, the row FF3F alpha reports the average of alphas across the five size 

quintiles to obtain FSRV quintile portfolios, which include firms of all sizes. After controlling 

for Size, the 5-1 FF3F alpha of portfolio sorted on Φ is still significant (0.33% per month), 

suggesting that firm size does not explain the positive association between FSRV and stock 

return. The results of positive Φs-return and negative Φε-return relationships remain unchanged 

after controlling for Size. This evidence indicates that the low-volatility anomaly from the 
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systematic-risk component (Φs) may be the primary driver of the positive Φ-return relation, 

irrespective of Size. 

Panel B in Table 2.3 shows that the 5-1 FF3F alpha is statistically significant and positive at 

0.31% in the Φs-sorted portfolio, but is negative at -0.47 in the Φε-sorted portfolio. However, 

the 5-1 FF3F alpha of Φ-sorted portfolio becomes insignificant after controlling for BM. The 

results indicate that, after being adjusted by the Fama-French three-factor benchmark, the 

relationship between Φ and average returns is likely to be driven by BM. Thus, we control for 

BM and its factor-beta of each stock in the Fama-MacBeth regressions in Section 2.5.    

[Insert Table 2.3 about here] 

 

2.4.2. Double-sorted Portfolios on FSRV and Risk Characteristics 

In this subsection, we outline four potential economic explanations for the low-volatility 

anomaly based on market mispricing or information surprise. We use information discreteness 

(Da et al. 2014) and residual momentum (Blitz et al. 2011; Gutierrez and Prinsky 2007) to 

control for the degree of investor underreaction. We also consider the effects of investor 

preferences for skewness (An and Zhang 2013; Kim et al. 2011b), as well as informational 

surprises or jumps (Pukthuanthong and Roll 2015). Sorting stocks on FSRV and its two 

components could yield different exposures to these factors.14 

2.4.2.1. Information discreteness 

The frog-in-the-pan hypothesis proposed by Da et al. (2014) predicts that investors are less 

attentive to continuous information arriving gradually in small amounts than to discreteness 

information arriving in large amounts. Da et al. (2014) also document a positive relation 

                                                           
14 Appendix 2.A contains the details of each of these variables.  
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between idiosyncratic volatility and the information discreteness proxy (ID); they suggest that 

stocks with discreteness information correspond to lower momentum than those with 

continuous information. If ID explains the FSRV impact, high-Φ stocks must have low 

discreteness information, corresponding to high returns. ID is estimated from Eq. (2.1) with 

the same data for the FSRV measure. Table 2.4 shows that the 5-1 differences in the alphas of 

Φ and Φs portfolios remain significant and positive at 0.21% per month with a t-statistic of 

2.46, and 0.61% with a t-statistic of 5.47, respectively. These findings support the notion that 

information discreteness has little effect on the low-systematic-volatility anomaly and the 

positive Φ-return relationship.  

2.4.2.2. Residual momentum 

Residual momentum profits are attributed to investor underreaction to firm-specific 

information (Blitz et al. 2011; 2020; Gutierrez and Prinsky 2007), supporting the hypothesis of 

gradual information diffusion (Hong and Stein 1999; Hong et al. 2000). Thus, if investor 

underreaction could explain the FSRV effect and the low-volatility anomaly by systematic risk, 

portfolios with high Φ or Φs stocks must contain stocks with high residuals and correspond to 

large return premiums. We use residual momentum (RES) starting from May 1930. Table 2.4 

shows that the opposing patterns of average returns of portfolios sorted on Φs and Φε are robust 

for each residual momentum quintile. The difference between high and low Φ-sorted portfolios 

is statistically significant and positive at 0.29% with a t-statistic of 3.10. Hence, the low-

volatility anomaly of Φs, as well as the positive Φ-return relation, are robust to controlling for 

residual momentum. 

2.4.2.3. Skewness 

Barberis and Huang (2008) develop a behavioural setting in which the individual skewness of 

stock returns might be priced. Individual investors with a preference for lottery-like 
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investments irrationally invest in high-volatility stocks despite their low returns. This positive 

skewness preference causes stocks to become overpriced, resulting in negative average excess 

returns. Thus, if skewness can be an explanation for the positive association between Φ and 

average returns, high-Φ stocks must have negative skewness, giving them high average returns. 

Skewness in stock returns (SKEW) is estimated using the same data for the FSRV measure. We 

find that the idiosyncratic volatility puzzle and low-volatility anomaly remain for Φε and Φs, 

respectively.15 The result for Φ is robust, with the 5-1 portfolio return at 0.18 with a t-statistic 

of 2.0, implying that controlling for SKEW does not remove the high average returns of high-

FSRV stocks. 

 2.4.2.4. Stock price jump 

Eraker et al. (2003) find that stock price jumps demand larger risk premiums than continuous 

returns in the cross-country context. Guo et al. (2013), using high-frequency data for the S&P 

500 index to measure market-wide jump risk, also conclude that jumps are associated with 

higher returns. To investigate the stock price jump (JUMP) effect on FSRV, we use the bipower 

variation measure developed by (Barndorff-Nielsen and Shephard 2004; 2006). Jumps are also 

estimated using the same data for the FSRV measure. Thus, if JUMP is to explain the FSRV 

effect, high-Φ stocks must have a high value for jump, corresponding to high returns. The 5-1 

alphas of portfolios sorted on Φ and Φs remain positive and significant at 0.28% with a t-

statistic of 3.21, and at 0.67% with a t-statistic of 6.31, respectively. In other words, the FSRV 

effect and low-volatility anomaly cannot be explained by informational surprises. 

[Insert Table 2.4 about here] 

                                                           
15 The result of Φε suggests that skewness has little effect on the relationship between Φε and stock returns, 

consistent with Ang et al. (2009), who show that skewness does not account for the cross-sectional return 

variations in 23 developed countries. 
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In summary, the positive impact of Φ on future average returns remains when conditioning on 

each of the four risk characteristics. Thus, none of these explanations can overturn the high 

returns of stocks with high Φs or high Φ.   

2.5. IDIOSYNCRATIC, SYSTEMATIC RISK AND STOCK PRICE 

NONSYNCHRONICITY 

In this section, we examine the returns of portfolios constructed from independent double-

sorting on FSRV and each of its two components. In a double-sort, we find a positive relation 

between Φ and future returns among Φε quintiles, but a negative relation among Φs quintiles. 

Sorting based on Φε or Φs shows that both variables are likely to have opposing effects on the 

association between Φ and stock returns.  

The results on the interaction between Φ and Φε are presented in Panel A, Table 2.5. Within 

each of the five Φ quintile portfolios in a column, the quintile portfolio with high-Φε stocks 

earn low average returns. These findings suggest that the idiosyncratic volatility puzzle is 

indifferent to varying Φ values. However, within each Φε quintile portfolio, the 5-1 FF3F alpha 

of the Φ-sorted portfolio is positive and significant. Therefore, when stocks are classified by 

their Φε values in one quintile portfolio, their Φε values are approximately the same; thus, the 

low-volatility anomaly dominates the positive Φ-return relation. 

In the columns of Panel B, the positive Φs-return relation is robust to controlling for the Φ 

values. Within the lowest and highest Φs quintile portfolios, the 5-1 FF3F alphas of the Φ-

sorted portfolios are statistically insignificant; within the 2–4 portfolios (rows 2 to 4), higher 

Φ stocks earn substantially lower average returns. As such, when stocks do not have high or 

low Φs values, the effect of systematic volatility is similar in each of the mid-quintile Φs 

portfolios, so that the positive relation between Φ and returns is due primarily to the differences 

in the Φε values – that is, their different idiosyncratic volatilities.  
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[Insert Table 2.5 about here] 

Focusing on the difference in FF3F alphas between portfolio 5 and portfolio 1, the average 5-

1 alphas of the five Φ-sorted portfolios are almost equal in both panels. However, the 5-1 alphas 

of Φ-sorted portfolios are statistically significant and positive in each Φs quintile. Still, these 

are not statistically different from zero in the lowest and highest Φs portfolios. These results 

support hypothesis H2.3A, which states that the low-volatility anomaly by Φs has a stronger 

impact than the negative Φε effect. 

2.6. FAMA-MACBETH CROSS-SECTIONAL REGRESSIONS 

In this section, we examine the relationship between FSRV and stock returns using a series of 

two-stage Fama and MacBeth (1973) regressions. Following Ang et al. (2009), we control for 

the three Fama-French factor loadings (𝛽MKT, 𝛽SMB, 𝛽HML):16 lagged firm size, lagged book-to-

market ratio, and lagged returns over the previous six months. To disentangle the potential 

influence of risk characteristics on the FSRV and its components, we also include each of four 

risk characteristics examined in Section 2.4 as control variables. Due to the data availability of 

book values, the cross-sectional regressions are run for each month from January 1950 to 

December 2016. In alternative specifications, we further examine whether the systematic risk 

underlies the positive Φ-return relation in the same whole period. 

2.6.1. Regressions on FSRV and Risk Characteristics 

In the first stage of the Fama and MacBeth (1973) approach, for every month, we run the cross-

sectional model by regressing firm excess returns onto the FSRV measure, together with the 

well-documented firm characteristics (Size and BM) – as in Fama and French (1993) – and 

                                                           
16 Three risk factor loadings (𝛽MKT, 𝛽SMB, 𝛽HML) calculated as in Fama and French (1993) over the previous 36 

months with at least 24 months available. 
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other control variables. In the second stage, we use the time-series average value of the FSRV 

coefficients to test whether the FSRV coefficient is significantly different from zero.  

We estimate the following model for each stock i at month t: 

 𝑟𝑡 = 𝑐 + 𝜆1𝑡−1
𝐹𝑆𝑅𝑉𝑡−1 + 𝜆2𝑡−1

𝑋𝑡−1 + 𝜆3𝑡−1
𝑀𝑡−1 +  휀𝑡   (2.6) 

where 𝑟𝑡 is the excess return of stock i at month t; 𝐹𝑆𝑅𝑉𝑡−1 is firm-specific return variation (Φ) 

or one of its components (Φε, Φs); 𝑋𝑡−1 are control variables: risk factor loadings (𝛽MKT, 𝛽SMB, 

𝛽HML), Size, BM, and stock return over previous six months; 𝑀𝑡−1 represents one of four firm 

characteristics: RES, ID, SKEW, and JUMP in the previous month. The detailed definitions of 

the variables are shown in Appendix 2.A.  

The statistical tests are the t-tests of the time-series averages of the slope coefficients estimated 

in the monthly cross-sectional regressions based on the above equations. The Newey and 

West’s (1987) correction of standard errors is applied for computing the t-test statistics. 

Moreover, the adjusted R2 reports the average of the cross-sectional adjusted R2 values 

captured by the model. Table 2.6 reports the results for the full sample period (Panel A) and 

the other three sub-periods (Panels B, C, D). We examine the Φ, Φε, and Φs effects on 

subsequent stock returns in separate regressions.17  

For the full sample period, Panel A in 2.6 shows that the Fama-MacBeth coefficients of Φε are 

negative and significant; those of Φs are positive in all models. In contrast, the coefficients of 

Φ are statistically insignificant. These findings provide evidence that the low-systematic 

volatility anomaly offsets the negative Φε-return relation, leading to insignificant coefficients 

of Φ. The small and insignificant estimate of the Φ coefficients averaged over the long sample 

                                                           
17 It is notable that, due to the monthly calculation methodology used for residual returns, the Fama-MacBeth 

regressions control for residual returns has a shorter sample period for the second step of averaging coefficients. 
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period of more than 700 months indicates that the systematic risk component (Φs) may not 

always play a dominant role in explaining future returns. 

The effects of Φ and its components on next-month returns persist after controlling for 

information discreteness, residual momentum, skewness, and stock-price jump. We find that 

the coefficients of ID and RES are positive and significant in Models (1) – (6), although the 

coefficients of SKEW and JUMP are statistically insignificant in Models (7) – (12). The results 

of ID and RES are consistent with the gradual information diffusion hypothesis of Hong and 

Stein (1999), who find that more underreactive investors are expected to generate higher 

returns.  

The subsample results in Panels B, C, and D of Table 2.6 enable an examination of whether 

both sub-component effects are at play or one effect dominates the overall Φ-return relation in 

different sub-periods. Unlike the whole sample, Panel B shows a significant and positive 

relationship between Φ and stock return, but an insignificant relation between Φε and stock 

returns from 1950 to 1970. Thus, the positive relationship between Φs and stock returns during 

this period confirms H2.3A – the low-volatility anomaly is the underlying reason for the Φ-

return relationship. Similar to the whole sample, Panels C and D show an insignificant 

association between Φ and stock returns in the middle and recent periods. This relationship 

may be explained by the offsetting effect between the negative Φε-return and the positive Φs-

return relationship when controlling for ID in Models (1) – (3) or SKEW in Models (7) – (9) or 

the insignificant association between these two components and stock returns in the remaining 

models. In general, Φ and Φε always have opposing associations with stock returns, rejecting 

H2.3B, which states that the idiosyncratic volatility puzzle drives the association between Φ 

and returns. 

[Insert Table 2.6 about here] 
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2.6.2. Regressions on Idiosyncratic and Systematic Volatility 

In this subsection, we reexamine whether the systematic risk accounts for the positive Φ-return 

effect. We do not control for risk characteristics in the same whole period and three sub-periods 

because these characteristics cannot explain the positive Φ-return relationship described in 

subsection 2.6.1. The results are reported in Models (1) – (3) of Table 2.7. The findings for Φ 

and both of its components are consistent with the prior findings regarding controlling for risk 

characteristics in Table 2.6. Moreover, we estimate the following model of each stock i at 

month t to reexamine the effect of Φs on the subsequent stock returns: 

𝑟𝑡 = 𝑐 + 𝛾1𝑡−1
𝛷𝑡−1 + 𝛾2𝑡−1

𝛷𝑠𝑡−1
+ 𝛾3𝑡−1

𝑋𝑡−1 + 휀𝑡                                      (2.7) 

Because Φ= Φε+ Φs, Eq. (2.7) can be rewritten: 

𝑟𝑡 = 𝑐 + 𝛾1𝑡−1
𝛷𝜀𝑡−1

+ (𝛾1𝑡−1
+ 𝛾2𝑡−1

)𝛷𝑠𝑡−1
+ 𝛾3𝑡−1

𝑋𝑡−1 + 휀𝑡                            (2.8) 

The significance of the estimated regression coefficient 𝛾2 provides evidence on whether the 

relationship between systematic volatility and returns is statistically different from the 

relationship between idiosyncratic volatility and returns. If the estimate of 𝛾2 is positive and 

significant, and so is 𝛾1, this constitutes evidence that the overarching role the low-volatility 

anomaly plays in explaining the positive Φ-return relation. In addition to using the three sub-

periods, we also report the time-series averages of the 𝛾1 and 𝛾2 estimates over a rolling 

window of 120 months for the period of January 1960 to December 2016.  

Figure 2.2 and Table 2.7 (Models 4 and 5) present the results for the Fama-MacBeth regressions 

of Eq. (2.7) and Eq. (2.8) to assess which component of Φ plays a more important role in the 

Φ-return relation in different sub-periods. From 1950 to 1970, 𝛾1 and 𝛾2 from Eq. (2.7) are 

nearly zero, while their summation (𝛾1 and 𝛾2) of Eq. (2.8) is significant and positive. This 

result provides evidence of the low-volatility anomaly, in which stocks with high Φs outperform 
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stocks with low Φs. This is consistent with Figure 2.1, which indicates that the average value 

of Φs is mostly higher than that of Φε during this period. This result is consistent with the 

argument by Baker et al. (2011) that the low volatility effect arises because sophisticated 

investors are unlikely to fully exploit an arbitrage opportunity to earn higher returns while 

assuming lower risk systematically due to a benchmark. Pettengill et al. (1995) also find a 

negative relationship between systematic risk measured by betas and stock returns during down 

markets during the same sub-periods. This anomaly repeats in the short period from 2004 to 

mid-2007. The dominant effect of Φs is immediately before the financial crisis periods.  

From 1971 to 2004 and during 2016, while Φε still has a negative and significant effect on 

stock returns, Φs does not have any impact, with a zero summation for 𝛾1 and 𝛾2. According to 

Morck et al. (2013), the period from the mid-1990s to 2000 saw financial liberalisation progress 

in the US, with  a wide range of inefficient regulations eliminated. Therefore, the stock co-

movement with the market is low (low R2), causing higher idiosyncratic risk. The effect of Φ 

is driven primarily by idiosyncratic risk during this period. In the period from 2008 to 2015, 𝛾1 

and 𝛾2 from Eq. (2.7) are nearly zero; their summation from Eq. (2.8) is also insignificant. The 

insignificant coefficients of Φ and its components support the conventional theory that 

idiosyncratic risk should not be priced.  

These results are somewhat comparable to those of Li et al. (2014a). They suggest that controlling 

for the risk factor loadings leads to mixed outcomes for Φ in corporate events or treatment 

variables. However, our focus is on the relationship between Φ and expected returns in the context 

of empirical asset pricing. In future work, we would like to expand this study by decomposing 

systematic components into betas, variances, and covariances, identifying which constituents in 

systematic risk can explain the low-volatility anomaly and the positive Φ-return association. 

[Insert Table 2.7 about here] 
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2.7. CONCLUSION 

In this study, we aim to generate greater insight into the research topic that regards FSRV – 

measured by Φ from the Fama-French three-factor model – with expected stock returns. We 

find that Φ is positive and robust related to subsequent stock returns in the cross-section. By 

decomposing Φ into systematic risk (Φs) and idiosyncratic risk (Φε), we conduct various tests 

based on portfolio sorts and perform the Fama-MacBeth analysis using US individual stocks. 

We show that the systematic risk component in Φ is an essential aspect for understanding the 

positive impact of Φ on stock returns. 

Specifically, the single-sort and double-sort procedures show the opposite results of stock 

returns when sorting stocks based on Φs and Φε. While the average return of a 5-1 portfolio 

ranked by Φs is positive and significant, the reverse is true for a portfolio formed by Φε. 

Controlling for firm characteristics, the risk-adjusted returns formed by Φ are marginally 

significant and positive among the size quintiles but insignificant in the BM quintiles. These 

findings are robust to controlling for each of four risk characteristics. 

Our Fama-MacBeth two-stage regressions provide evidence for the dominant role that the 

systematic risk component in Φ plays in explaining subsequent stock returns when controlling 

for factor loadings and firm characteristics. In particular, by plotting the time-series coefficient 

of the cross-sectional regressions, we find that the pattern of Φ coefficients generally converges 

with that of systematic risk coefficients. In contrast, the Φε coefficients are either insignificant 

or have the opposite sign as the Φ coefficient in most sub-periods.  

In summary, our study investigates the performances of nonsynchronicity or the relative 

idiosyncratic volatility (Φ) in explaining cross-sectional returns. Our findings contribute to the 

existing literature by showing that the systematic risk component underlies the positive 
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association between Φ and subsequent returns, implying that investors can take advantage of 

the information on the two components’ interacting roles when making investment decisions.  

 



 

32 

 

 

 

A. Full sample period from 1927 to 2016 

 

B. The sub-sample period from 1927 to 1950 
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C. The sub-sample period from 1950 to 1970 

 

D. Sub-sample period from 1971 to 1990 
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E. Sub-sample period from 1991 to 1960 

 

 

Figure 2.1. The average monthly value of Φ, Φε and Φs  

This figure provides a visual illustration of the difference between Φ, and its two components Φε and Φs. Φ is the log transformation of inverse R2 and 

then averaged all stocks in each month. The idiosyncratic component, Φε is computed as the natural logarithm of annualised variance of residual; and 

the systematic component, Φs is the negative natural logarithm of annualised total systematic volatility from a regression of Fama-French three factor 

model and then averaged all stocks in each month. The sample period is from July 1927 to December 2016. 
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A. Coefficient of Φ in Eq. (2.7) 

 

B. Coefficient of Φε in Eq. (2.7) 
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C. Coefficient of Φs in Eq. (2.8) 

 

Figure 2.2. The monthly average coefficients of Φ, Φε and Φs 

 

This figure provides a visual illustration of the difference between the average coefficients of Φ, Φε and Φs in rolling windows of 120 months for the 

period of Jan 1960 to Dec 2016. The model are 

𝑟𝑡 = 𝑐 + 𝛾1𝛷𝑡−1 + 𝛾2𝛷𝑠𝑡−1
+ 𝛾3𝑋𝑡−1 + 휀𝑡                     (2.7) 

𝑟𝑡 = 𝑐 + 𝛾1𝛷𝜀𝑡−1
(𝛾1 + 𝛾2)𝛷𝑠𝑡−1

+ 𝛾3𝑋𝑡−1 + 휀𝑡           (2.8) 

where 𝛷𝑡−1is stock price nonsynchronicity in month t-1; 𝛷𝜀𝑡−1
 is the log of total residual variance and 𝛷𝑠𝑡−1

 is the negative log of systematic volatility 

in month t-1; 𝑋𝑡−1 stands for BM, Size and RET. The estimated regression coefficients provide evidence for a relationship between systematic volatility 

and stock returns. 𝛾2 is estimated of the time-series averages the slope coefficients estimated in the monthly cross-sectional regressions over the rolling 

window of 120 months. From Eq. (2.7), the positive significance of 𝛾2 provides strong support for a low-volatility anomaly of systematic component in 

stock returns. 
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Table 2.1. Descriptive Statistics 

At month t, Stock Price Nonsynchronicity (Φ) is the logistic transformation of R2 based on FF3F model 

regressions of daily returns over a 12 month period. Φε is measured as natural logarithm of variance of 

residuals based on FF3F model regressions, Φs is measured natural logarithm of negative systematic 

component in Φ. Daily returns are winsorised at the 1st and 99th percentiles over the full sample. The sample 

period is from December 1926 to December 2016. 

 

Panel A. Descriptive Statistics 

Period Variable 

No. of 

stocks N Mean Std 

25th 

perc. Median 

75th 

perc. 

Whole 

sample 

Φ 23,502 3,158,682 2.558 1.537 1.420 2.463 3.615 

Φε 23,502 3,158,673 1.590 1.086 0.921 1.654 2.350 

 
Φs 23,502 3,153,233 0.948 1.523 -0.109 0.779 1.838 

  
 

      
1950-1960 Φ 1,230 334,604 1.756 1.270 0.871 1.650 2.528 

1961-1970 
 

2,987 215,263 2.470 1.182 1.635 2.322 3.163 

1971-1980 
 

6,463 466,269 2.651 1.281 1.717 2.502 3.436 

1981-1990 
 

10,190 622,861 2.988 1.409 1.944 2.907 3.923 

1991-2000 
 

11,955 708,629 3.252 1.361 2.253 3.200 4.155 

2001-2010  8,201 550,900 2.158 1.682 0.814 1.793 3.453 
 

 

Panel B. Correlation Matrix (Pearson below the diagonal and Spearman above) 

 Φ Φε Φs Size BM 

Φ 1.000 0.353 0.791 -0.663 0.172 

Φε 0.283 1.000 -0.246 -0.457 -0.033 

Φs 0.798 -0.301 1.000 -0.380 0.197 

Size -0.187 -0.151 -0.084 1.000 -0.363 

BM 0.107 0.048 0.075 -0.050 1.000 
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Table 2.2. Returns of Portfolios Sorted on FSRV 

This table reports the average monthly returns for investing strategy and using individual stock’s past average 

value of Φ, Φε and Φs. The table reports the single-sort strategy profits based on individual stocks’ performance 

of past 12 months and one-month holding. Portfolio 1 (5) is the portfolio of stocks with the lowest (highest) 

value of FSRV measure. Each portfolio is rebalanced monthly and is value-weighted. The column “5-1” refers 

to the difference in monthly returns between portfolio 5 and portfolio 1. The Alpha columns report Jensen’s 

alpha with respect to the CAPM or FF3F models. Number in the parentheses are the t-statistics are calculated 

using Newey and West’s (1987) robust standard errors. ***, **, * denote significance at the 1%, 5% and 10% 

levels, respectively. The sample period is from December 1926 to December 2016. 

 

 1 2 3 4 5 5_1 

   Φ    
Raw 1.04*** 1.06*** 1.00*** 0.95*** 0.98*** -0.06 

 (4.91) (5.10) (4.92) (4.90) (5.50) (-0.55) 

𝛼𝐶𝐴𝑃𝑀 -0.03 0.05 0.05 0.10 0.24** 0.27*** 

 (-0.41) (0.66) (0.54) (0.96) (2.34) (2.84) 

𝛼𝐹𝐹 -0.07 -0.03 -0.06 -0.02 0.13* 0.20** 

 (-1.23) (-0.60) (-1.14) (-0.27) (1.79) (2.20) 

       

   Φε    
Raw 1.05*** 1.17*** 1.18*** 0.99*** 0.64** -0.40** 

 (7.31) (6.59) (5.77) (4.25) (2.46) (-2.33) 

𝛼𝐶𝐴𝑃𝑀 0.28*** 0.28*** 0.21** -0.03 -0.39*** -0.67*** 

 (4.51) (3.96) (2.55) (-0.26) (-2.66) (-4.39) 

𝛼𝐹𝐹 0.23*** 0.21*** 0.13*** -0.13** -0.56*** -0.78*** 

 (4.31) (4.08) (2.71) (-2.29) (-6.36) (-7.49) 

       

Φs 

Raw 0.88*** 1.03*** 1.04*** 1.08*** 1.00*** 0.13 

 (3.40) (4.63) (5.27) (6.18) (6.84) (0.80) 

𝛼𝐶𝐴𝑃𝑀 -0.31*** -0.01 0.11 0.26*** 0.34*** 0.66*** 

 (-2.80) (-0.12) (1.30) (3.10) (4.14) (5.35) 

𝛼𝐹𝐹 -0.39*** -0.11** 0.01 0.16*** 0.27*** 0.66*** 

 (-5.16) (-2.05) (0.20) (2.94) (3.91) (5.81) 
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Table 2.3. Returns of Portfolios Sorted on FSRV and Firm Characteristics  

This table reports the average monthly returns for double-sort strategy based on Φ, Φε and Φs . Each month, 

we first sort stocks based on the first characteristic (Size, BM) and within each quintile we sort stocks based 

on FSRV. The five FSRV portfolios are then averaged over each of the five characteristic portfolios. The 

column “5-1” refers to the difference in monthly average returns, CAPM alphas and the FF3F alphas between 

portfolio 5 and portfolio 1 in Panel A, B respectively. We use data over the previous month for characteristic 

and individual stocks’ performance of past 12 month for FSRV measure then hold all portfolios for 1 month. 

Number in the parentheses are the t-statistics are calculated using Newey and West’s (1987) robust standard 

errors. ***, **, * denote significance at the 1%, 5% and 10% levels, respectively. The sample period is from 

December 1926 to December 2016. 

 

Panel A. Market Capitalisation and FSRV 

  1 2 3 4 5 5 - 1 

   Φ    

Raw 1.14*** 1.16*** 1.13*** 1.07*** 1.00*** -0.14 

 (4.24) (4.83) (5.10) (5.26) (5.77) (-0.97) 

𝛼𝐶𝐴𝑃𝑀 -0.03 0.11 0.17 0.18* 0.26*** 0.28** 

 (-0.22) (1.08) (1.63) (1.83) (2.80) (2.55) 

𝛼𝐹𝐹 -0.18*** -0.04 0.03 0.05 0.15** 0.33*** 

  (-2.59) (-0.89) (0.50) (0.90) (2.28) (3.09) 

       

   Φε    
Raw 1.11*** 1.20*** 1.18*** 1.11*** 0.91*** -0.20 

 (6.70) (6.02) (5.15) (4.43) (3.21) (-1.17) 

𝛼𝐶𝐴𝑃𝑀 0.34*** 0.30*** 0.19* 0.04 -0.20 -0.54*** 

 (4.04) (3.06) (1.96) (0.38) (-1.42) (-3.65) 

𝛼𝐹𝐹 0.24*** 0.17*** 0.05 -0.11** -0.38*** -0.62*** 

 (3.90) (2.86) (1.08) (-2.41) (-4.49) (-5.37) 

       

   Φs    
Raw 1.06*** 1.16*** 1.14*** 1.13*** 1.01*** -0.05 

 (3.53) (4.61) (5.07) (5.88) (6.46) (-0.23) 

𝛼𝐶𝐴𝑃𝑀 -0.19 0.07 0.17* 0.27*** 0.33*** 0.51*** 

 (-1.35) (0.66) (1.65) (2.89) (3.79) (3.38) 

𝛼𝐹𝐹 -0.36*** -0.09 0.03 0.15*** 0.24*** 0.60*** 

  (-4.30) (-1.56) (0.50) (2.69) (3.38) (4.59) 
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Panel B. Book-to-market ratio and FSRV 

  1 2 3 4 5 5 - 1 

   Φ    

Raw 1.49*** 1.45*** 1.35*** 1.21*** 1.10*** -0.39*** 

 (6.46) (6.29) (6.08) (5.80) (5.71) (-3.10) 

𝛼𝐶𝐴𝑃𝑀 0.18** 0.21** 0.20* 0.15 0.19 0.01 

 (2.00) (2.04) (1.71) (1.29) (1.49) (0.08) 

𝛼𝐹𝐹 0.02 0.02 -0.00 -0.04 0.02 0.00 

 (0.21) (0.33) (-0.04) (-0.48) (0.18) (0.01) 

       

   Φε    
Raw 1.31*** 1.39*** 1.43*** 1.35*** 1.15*** -0.16 

 (8.73) (7.56) (6.57) (5.39) (4.11) (-0.80) 

𝛼𝐶𝐴𝑃𝑀 0.37*** 0.30*** 0.24** 0.10 -0.09 -0.46** 

 (3.76) (2.96) (2.05) (0.73) (-0.55) (-2.51) 

𝛼𝐹𝐹 0.19*** 0.11* 0.05 -0.07 -0.28** -0.47*** 

 (2.79) (1.82) (0.85) (-0.87) (-2.52) (-3.89) 

       

   Φs    
Raw 1.46*** 1.40*** 1.38*** 1.28*** 1.11*** -0.35* 

 (5.14) (6.04) (6.65) (7.08) (6.97) (-1.88) 

𝛼𝐶𝐴𝑃𝑀 -0.00 0.15 0.25** 0.28** 0.27** 0.27* 

 (-0.01) (1.17) (2.21) (2.48) (2.48) (1.81) 

𝛼𝐹𝐹 -0.19* -0.06 0.06 0.10 0.12 0.31** 

  (-1.88) (-0.79) (0.80) (1.21) (1.39) (2.15) 
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Table 2.4. Alphas of Portfolios Sorted on FSRV and Risk Characteristics 

This table reports the average monthly returns for double-sort strategy controlling for risk characteristics.  Each 

month, we first sort stocks based on the first control variable (RES, ID, SKEW and JUMP) and within each 

quintile, we sort stocks again based on FSRV relative to the FF3F model. The five FSRV portfolios are then 

averaged over each of the five control-variable portfolios. The column “5-1” refers to the difference in monthly 

FF3F alphas sorted by Φ, Φε and Φs between portfolio 5 and portfolio 1. We use individual stocks’ performance 

of the past 12 months for four anomalies and FSRV measure then hold all portfolios for one month. Number 

in the parentheses are the t-statistics are calculated using Newey and West’s (1987) robust standard errors. 

***, **, * denote significance at the 1%, 5% and 10% levels, respectively. The sample period is from 

December 1926 to December 2016.  

  

Variable 1 2 3 4 5 5 - 1 

   Φ    

ID -0.10* -0.03 -0.02 -0.02 0.11 0.21** 

 (-1.76) (-0.57) (-0.51) (-0.29) (1.62) (2.46) 

RES -0.01 0.04 0.10 0.17** 0.28*** 0.29*** 

 (-0.11) (0.51) (1.60) (2.09) (3.40) (3.10) 

SKEW -0.07 -0.04 -0.05 -0.01 0.11* 0.18** 

 (-1.16) (-0.95) (-0.97) (-0.19) (1.66) (2.04) 

JUMP -0.13** -0.10** -0.06 0.06 0.15** 0.28*** 

  (-2.14) (-2.26) (-1.22) (1.16) (2.31) (3.21) 

       

    Φε    

ID 0.21*** 0.18*** 0.11** -0.16*** -0.49*** -0.70*** 

 (3.95) (3.67) (2.35) (-2.95) (-5.70) (-6.91) 

RES 0.19*** 0.15** 0.18** 0.07 -0.00 -0.20** 

 (3.05) (2.14) (2.29) (0.92) (-0.05) (-1.97) 

SKEW 0.22*** 0.20*** 0.08* -0.16*** -0.47*** -0.69*** 

 (4.34) (4.12) (1.78) (-2.75) (-5.77) (-7.22) 

JUMP 0.32*** 0.14*** 0.03 -0.12*** -0.48*** -0.80*** 

  (6.21) (3.17) (0.74) (-2.61) (-6.48) (-9.93) 

       

    Φs    

ID -0.36*** -0.12** 0.01 0.15*** 0.25*** 0.61*** 

 (-4.81) (-2.18) (0.15) (2.75) (3.62) (5.47) 

RES -0.15 0.03 0.11 0.22*** 0.36*** 0.51*** 

 (-1.58) (0.41) (1.51) (2.88) (4.43) (4.75) 

SKEW -0.35*** -0.11** 0.01 0.15*** 0.24*** 0.60*** 

 (-4.83) (-2.16) (0.20) (2.76) (3.64) (5.54) 

JUMP -0.37*** -0.16*** 0.01 0.13** 0.30*** 0.67*** 

  (-5.17) (-3.23) (0.15) (2.39) (4.44) (6.31) 
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Table 2.5. Alphas of Portfolios Sorted on FSRV and Two Components 

 

This table reports the average monthly returns for independent double-sort strategy between Φ with each of 

two components.  The column “5-1” and the row “5-1” refer to the difference in monthly FF3F alphas sorted 

by Φ, Φε or Φs between portfolio 5 and portfolio 1 in Panel A, B, respectively. We use individual stocks’ 

performance of past 12 months for FSRV measure then hold all portfolios for one month. Number in the 

parentheses are the t-statistics are calculated using Newey and West’s (1987) robust standard errors. ***, **, 

* denote significance at the 1%, 5% and 10% levels, respectively. The sample period is from December 1926 

to December 2016. 

 

Panel A.  Portfolio returns sorted on Φ and Φε 

 1 (Low Φ) 2 3 4 5 (High Φ) 5 – 1 

1 (Low Φε) 0.10* 0.21*** 0.34*** 0.44*** 0.42*** 0.32*** 

 
(1.84) (3.75) (5.17) (5.65) (5.31) (3.72) 

2 -0.08 0.20*** 0.33*** 0.41*** 0.40*** 0.48*** 

 
(-1.20) (3.47) (5.17) (5.78) (5.07) (4.42) 

3 -0.15* 0.10* 0.13** 0.23*** 0.34*** 0.48*** 

 
(-1.66) (1.73) (2.22) (3.54) (4.32) (3.72) 

4 -0.64*** -0.29*** -0.20*** -0.03 0.15* 0.70*** 

 
(-4.60) (-4.00) (-2.93) (-0.43) (1.76) (4.05) 

5 (High Φε) -1.10*** -1.01*** -0.73*** -0.55*** -0.22** 0.76*** 

 
(-4.80) (-6.55) (-7.68) (-5.88) (-2.18) (3.46) 

5 – 1 -1.10*** -1.22*** -1.07*** -0.98*** -0.64***  

 
(-5.28) (-7.22) (-8.77) (-8.05) (-5.76)  

 

Panel B.  Portfolio returns sorted on Φ and Φs 

 1 (Low Φ) 2 3 4 5 (High Φ) 5 – 1 

1 (Low Φs) -0.22*** -0.51*** -0.83*** -0.59** 0.15 -0.19 

 
(-2.65) (-6.63) (-6.55) (-2.34) (0.20) (-0.56) 

2 0.12* 0.07 -0.34*** -0.72*** -0.37 -0.86*** 

 
(1.90) (1.26) (-4.95) (-5.69) (-1.01) (-2.63) 

3 0.19*** 0.26*** 0.11** -0.24*** -0.62*** -0.87*** 

 
(3.18) (4.53) (1.97) (-3.00) (-3.43) (-4.08) 

4 0.15** 0.28*** 0.33*** 0.16*** -0.04 -0.28** 

 
(2.01) (4.39) (5.28) (2.60) (-0.40) (-2.02) 

5 (High Φs) 0.16 0.20* 0.37*** 0.40*** 0.23*** -0.11 

 
(1.03) (1.68) (4.78) (5.55) (3.49) (-0.75) 

5 – 1 0.39*** 0.72*** 1.21*** 0.99*** 0.10  

 
(2.99) (5.27) (7.92) (3.90) (0.63)  
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Table 2.6. Fama_MacBeth Cross-sectional Regressions: FSRV and Risk Characteristics 

This table presents the results for the Fama-MacBeth cross-sectional regressions of monthly stock returns on lagged FSRV, firm characteristics and control variables 

for the period from January 1950 to December 2016. We include three risk factor loadings (𝛽MKT, 𝛽SMB, 𝛽HML), the log of Size (Size), book-to-market ratio of the prior 

month (BM) and the stock return over previous six months (RET). Risk characteristics are ID, RES, SKEW, and JUMP.  Monthly returns are winsorised at the 1st and 

99th percentiles over the full sample. Number in the parentheses are the t-statistics are calculated using Newey and West’s (1987) robust standard errors. ***, **, * 

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

Panel A. Full sample period from 1950 to 2016 

Control variable  ID   RES   SKEW   JUMP  

Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Intercept 0.013 1.003*** -0.307 0.211 0.852*** -0.017 -0.079 0.893*** -0.397 0.102 0.924*** -0.081 

 (0.04) (3.45) (-1.06) (0.62) (2.81) (-0.06) (-0.27) (3.05) (-1.34) (0.35) (3.09) (-0.29) 

Φ 0.027   0.025   0.029   0.037   

 (0.87)   (0.71)   (0.95)   (1.21)   

Φε  -0.236***   -0.162***   -0.231***   -0.214***  

  (-4.48)   (-2.88)   (-4.33)   (-4.17)  

Φs   0.106***   0.083***   0.107***   0.089*** 

   (3.77)   (2.60)   (3.77)   (3.15) 

𝛽MKT 0.350* 0.416** 0.445** 0.367* 0.404* 0.449** 0.345* 0.406** 0.439** 0.362* 0.405** 0.432** 

 (1.73) (2.11) (2.17) (1.67) (1.91) (2.01) (1.71) (2.06) (2.14) (1.80) (2.05) (2.11) 

𝛽SMB 0.135 0.192 0.184 0.155 0.201 0.193 0.128 0.187 0.177 0.150 0.183 0.180 

 (1.00) (1.44) (1.35) (1.10) (1.45) (1.36) (0.95) (1.40) (1.31) (1.10) (1.37) (1.32) 

𝛽HML 0.025 -0.001 0.000 0.030 0.010 0.007 0.027 -0.000 0.002 0.015 -0.000 -0.001 

 (0.20) (-0.01) (0.00) (0.21) (0.07) (0.05) (0.21) (-0.00) (0.02) (0.12) (-0.00) (-0.00) 

Size 0.037* -0.023 0.051** 0.029 -0.010 0.038* 0.043** -0.016 0.057*** 0.027 -0.021 0.035* 

 (1.81) (-1.06) (2.43) (1.28) (-0.44) (1.83) (2.12) (-0.75) (2.68) (1.38) (-0.95) (1.80) 

BM 0.343*** 0.306*** 0.333*** 0.270*** 0.252*** 0.266*** 0.340*** 0.302*** 0.328*** 0.330*** 0.304*** 0.324*** 

 (9.29) (8.31) (9.18) (6.23) (5.87) (6.23) (9.11) (8.09) (8.89) (9.12) (8.20) (9.13) 

RET 0.008*** 0.008*** 0.008*** -0.001 -0.001 -0.001 0.009*** 0.009*** 0.009*** 0.008*** 0.009*** 0.008*** 

(4.24) (4.21) (4.11) (-0.48) (-0.39) (-0.49) (4.69) (4.66) (4.56) (4.58) (4.63) (4.48) 

Control variable 0.380 0.625** 0.520* 0.076*** 0.077*** 0.076*** -0.007 -0.004 -0.002 -1.031* -0.107 -0.679 

(1.35) (2.23) (1.88) (7.49) (7.51) (7.39) (-0.26) (-0.15) (-0.09) (-1.74) (-0.19) (-1.15) 

Adj. R2 0.187 0.188 0.187 0.19 0.191 0.191 0.186 0.186 0.186 0.187 0.187 0.188 

NObs 1,526,815 1,526,815 1,526,815 755,845 755,845 755,845 1,526,815 1,526,815 1,526,815 1,526,444 1,526,444 1,526,444 
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Panel B. First sub-period from 1950 to 1970 

Control 

variable ID  RES   SKEW   JUMP  

Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Intercept -0.098 1.449*** 0.360 -0.529 1.177* 0.147 -0.185 1.464*** 0.298 -0.255 1.468*** 0.041 

 (-0.18) (2.71) (0.74) (-0.72) (1.83) (0.26) (-0.33) (2.70) (0.60) (-0.46) (2.65) (0.09) 

Φ 0.160**   0.193**   0.172**   0.149**   

 (2.42)   (2.35)   (2.60)   (2.21)   

Φε  -0.152   -0.107   -0.153   -0.268**  

  (-1.34)   (-0.80)   (-1.30)   (-2.46)  

Φs   0.153**   0.171**   0.164***   0.163*** 

   (2.51)   (2.26)   (2.66)   (2.68) 

𝛽MKT 0.640** 0.570* 0.703** 0.566 0.429 0.622* 0.639** 0.555* 0.704** 0.589* 0.564* 0.669** 

 (2.01) (1.84) (2.17) (1.59) (1.28) (1.71) (2.02) (1.80) (2.19) (1.89) (1.83) (2.09) 

𝛽SMB 0.026 0.057 0.078 0.081 0.087 0.131 0.020 0.055 0.074 0.032 0.048 0.067 

 (0.12) (0.28) (0.37) (0.36) (0.41) (0.58) (0.09) (0.27) (0.35) (0.15) (0.24) (0.32) 

𝛽HML 0.005 0.009 -0.011 -0.019 -0.010 -0.045 -0.001 -0.001 -0.016 -0.017 -0.008 -0.027 

 (0.03) (0.05) (-0.06) (-0.09) (-0.05) (-0.21) (-0.00) (-0.01) (-0.08) (-0.09) (-0.04) (-0.15) 

Size 0.004 -0.084* -0.031 0.057 -0.035 0.009 0.014 -0.081* -0.025 0.024 -0.079* -0.000 

 (0.09) (-1.90) (-0.80) (1.17) (-0.71) (0.22) (0.35) (-1.83) (-0.63) (0.63) (-1.77) (-0.01) 

BM 0.175** 0.138* 0.155** 0.237** 0.209** 0.219** 0.172** 0.128 0.146* 0.187** 0.140* 0.175** 

 (2.23) (1.76) (2.02) (2.37) (2.14) (2.23) (2.15) (1.61) (1.86) (2.41) (1.76) (2.32) 

RET 0.016*** 0.016*** 0.016*** 0.003 0.004 0.004 0.017*** 0.018*** 0.018*** 0.016*** 0.017*** 0.016*** 

(3.98) (4.04) (4.05) (0.58) (0.74) (0.63) (4.45) (4.46) (4.48) (4.17) (4.32) (4.19) 

Control 

variable 

-0.400 -0.363 -0.349 0.081*** 0.082*** 0.083*** -0.151*** -0.135** -0.115** 1.670 2.987* 2.556 

(-0.64) (-0.60) (-0.58) (4.57) (4.59) (4.66) (-2.86) (-2.60) (-2.32) (0.98) (1.83) (1.53) 

             

Adj. R2 0.237 0.238 0.238 0.237 0.237 0.238 0.235 0.235 0.236 0.238 0.238 0.239 

NObs 141,737 141,737 141,737 51,380 51,380 51,380 141,737 141,737 141,737 141,708 141,708 141,708 
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Panel C. Second sub-period from 1971 to 1990 

Control 

variable  ID   RES   SKEW   JUMP  

Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Intercept 0.619 1.329*** -0.565 0.864 1.019** -0.229 0.452 0.983** -0.733 0.892* 1.194*** 0.122 

 (1.32) (3.21) (-1.13) (1.43) (2.12) (-0.40) (0.95) (2.33) (-1.45) (1.88) (2.65) (0.25) 

Φ -0.079   -0.091     -0.082   -0.050     

 (-1.51)   (-1.48)     (-1.57)   (-0.95)     

Φε  -0.427***    -0.318***    -0.398***    -0.313***   

  (-5.81)    (-4.09)    (-5.70)    (-4.32)   

Φs   0.103**     0.068   0.094**     0.057 

   (2.17)     (1.39)   (2.01)     (1.20) 

𝛽MKT 0.152 0.402 0.323 0.151 0.383 0.307 0.143 0.389 0.308 0.218 0.378 0.316 

 (0.40) (1.08) (0.83) (0.36) (0.94) (0.72) (0.38) (1.04) (0.79) (0.57) (1.01) (0.81) 

𝛽SMB 0.051 0.173 0.106 0.087 0.207 0.131 0.041 0.163 0.095 0.084 0.162 0.114 

 (0.21) (0.73) (0.44) (0.34) (0.80) (0.50) (0.17) (0.69) (0.40) (0.35) (0.69) (0.48) 

𝛽HML -0.084 -0.152 -0.143 -0.044 -0.104 -0.095 -0.077 -0.143 -0.134 -0.094 -0.139 -0.130 

 (-0.38) (-0.70) (-0.65) (-0.18) (-0.43) (-0.39) (-0.35) (-0.66) (-0.61) (-0.43) (-0.64) (-0.59) 

Size -0.001 -0.053* 0.062* -0.011 -0.032 0.047 0.007 -0.034 0.071* -0.033 -0.052 0.010 

 (-0.04) (-1.70) (1.69) (-0.26) (-0.87) (1.09) (0.21) (-1.08) (1.91) (-0.96) (-1.58) (0.28) 

BM 0.419*** 0.351*** 0.409*** 0.386*** 0.348*** 0.387*** 0.410*** 0.349*** 0.401*** 0.372*** 0.339*** 0.368*** 

 (6.56) (5.90) (6.71) (4.72) (4.36) (4.77) (6.39) (5.80) (6.52) (5.97) (5.66) (6.11) 

RET 0.006** 0.006* 0.005* -0.004 -0.004 -0.004 0.006** 0.006** 0.006** 0.007** 0.007** 0.006** 

(1.98) (1.88) (1.78) (-1.02) (-1.07) (-1.07) (2.14) (2.10) (1.98) (2.23) (2.22) (2.12) 

Control 

variable 

0.312 0.985*** 0.570 0.098*** 0.100*** 0.097*** 0.143*** 0.122*** 0.131*** -3.007*** -1.783*** -2.854*** 

(0.86) (2.64) (1.56) (6.21) (6.35) (6.14) (4.40) (3.70) (3.99) (-7.15) (-5.09) (-7.18) 

                

Adj. R2 0.159 0.160 0.159 0.165 0.166 0.165 0.158 0.159 0.159 0.159 0.160 0.160 

NObs 560,031 560,031 560,031 259,429 259,429 259,429 560,031 560,031 560,031 559,777 559,777 559,777 
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Panel D. Third sub-period from 1991 to 2016 

Control 

variable  ID   RES   SKEW   JUMP  

Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Intercept -0.364 0.391 -0.646 0.303 0.463 0.015 -0.404 0.363 -0.698 -0.220 0.277 -0.335 

 (-0.77) (0.76) (-1.29) (0.68) (1.04) (0.03) (-0.84) (0.71) (-1.37) (-0.46) (0.54) (-0.68) 

Φ 0.001   -0.020   -0.000   0.014   

 (0.04)   (-0.54)   (-0.01)   (0.37)   

Φε  -0.158**   -0.085   -0.166**   -0.095  

  (-2.01)   (-1.19)   (-2.10)   (-1.21)  

Φs   0.071*   0.023   0.071*   0.053 

   (1.88)   (0.60)   (1.86)   (1.42) 

𝛽MKT 0.269 0.303 0.332 0.374 0.401 0.420 0.263 0.300 0.326 0.290 0.297 0.331 

 (0.79) (0.92) (0.98) (1.05) (1.15) (1.16) (0.77) (0.91) (0.96) (0.86) (0.90) (0.97) 

𝛽SMB 0.289 0.316 0.329 0.267 0.287 0.290 0.284 0.313 0.324 0.295 0.307 0.321 

 (1.20) (1.31) (1.36) (1.11) (1.19) (1.20) (1.18) (1.30) (1.34) (1.23) (1.27) (1.33) 

𝛽HML 0.126 0.107 0.119 0.125 0.115 0.127 0.129 0.110 0.122 0.125 0.113 0.120 

 (0.52) (0.44) (0.49) (0.48) (0.43) (0.48) (0.53) (0.45) (0.50) (0.52) (0.46) (0.50) 

Size 0.093*** 0.049 0.109*** 0.036 0.028 0.054** 0.094*** 0.049 0.111*** 0.076** 0.050 0.084*** 

 (3.11) (1.47) (3.42) (1.38) (0.98) (2.02) (3.11) (1.46) (3.44) (2.57) (1.48) (2.72) 

BM 0.421*** 0.406*** 0.417*** 0.207*** 0.212*** 0.211*** 0.422*** 0.407*** 0.419*** 0.412*** 0.410*** 0.411*** 

 (9.19) (8.49) (9.20) (4.82) (4.56) (4.91) (9.14) (8.39) (9.14) (9.05) (8.47) (9.04) 

RET 0.003 0.003 0.003 -0.003 -0.003 -0.003 0.004 0.003 0.003 0.004 0.003 0.003 

 (1.26) (1.21) (1.14) (-0.69) (-0.72) (-0.74) (1.45) (1.39) (1.32) (1.45) (1.38) (1.36) 

Control 

variable 

1.063** 1.144*** 1.183*** 0.056*** 0.054*** 0.054*** -0.006 0.005 -0.014 -1.688*** -1.314*** -1.615*** 

(2.56) (2.74) (2.87) (3.08) (3.01) (2.96) (-0.14) (0.12) (-0.33) (-4.08) (-4.38) (-3.81) 

             

Adj. R2 0.168 0.169 0.168 0.173 0.173 0.173 0.167 0.168 0.167 0.168 0.168 0.168 

NObs 825,047 825,047 825,047 445,036 445,036 445,036 825,047 825,047 825,047 824,959 824,959 824,959 
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Table 2.7. Fama-MacBeth Cross-sectional Regressions on Φ, Φε and Φs 

This table presents the results for the Fama-MacBeth cross-sectional regressions of monthly stock returns on 

lagged Φ, Φ’s components (Φε and Φs), firm characteristics and control variables for the period from 1950 to 

2016. We include three risk factor loadings (𝛽MKT, 𝛽SMB, 𝛽HML), the log of Size (Size), book-to-market ratio of 

the prior month (BM) and the stock return over previous six months (RET). Monthly returns are winsorised at 

the 1st and 99th percentiles over the full sample. Number in the parentheses are the t-statistics are calculated 

using Newey and West’s (1987) robust standard errors. ***, **, * denote significance at the 1%, 5% and 10% 

levels, respectively. 

 

Panel A. Full sample period from 1950 to 2016 

Variable (1) (2) (3) (4) (5) 

      

Intercept -0.071 0.943*** -0.407 0.629** 0.639** 

 (-0.24) (3.21) (-1.38) (2.19) (2.23) 

Φ 0.030   -0.205***  

 (0.97)   (-3.62)  

Φε  -0.248***   -0.208*** 

  (-4.68)   (-3.67) 

Φs   0.112*** 0.248*** 0.042 

   (3.91) (4.68) (1.40) 

𝛽MKT 0.338* 0.411** 0.439** 0.452** 0.453** 

 (1.67) (2.09) (2.15) (2.21) (2.21) 

𝛽SMB 0.125 0.187 0.176 0.193 0.194 

 (0.92) (1.40) (1.29) (1.43) (1.43) 

𝛽HML 0.026 0.000 0.001 -0.003 -0.003 

 (0.21) (0.00) (0.01) (-0.02) (-0.03) 

Size 0.043** -0.020 0.057*** -0.002 -0.003 

 (2.11) (-0.90) (2.73) (-0.09) (-0.12) 

BM 0.339*** 0.300*** 0.328*** 0.309*** 0.309*** 

 (9.13) (8.08) (8.98) (8.45) (8.44) 

RET 0.009*** 0.009*** 0.009*** 0.009*** 0.009*** 

 (4.70) (4.67) (4.57) (4.61) (4.60) 

      

Adj. R2 0.185 0.186 0.185 0.188 0.188 

NObs 1,526,815 1,526,815 1,526,815 1,526,815 1,526,815 
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Panel B. First sub-period from 1950 to 1970 

Variable (1) (2) (3) (4) (5) 

      

Intercept -0.265 1.427*** 0.184 0.281 0.293 

 (-0.47) (2.63) (0.37) (0.50) (0.53) 

Φ 0.165**   -0.020  

 (2.45)   (-0.16)  

Φε  -0.190   -0.023 

  (-1.63)   (-0.18) 

Φs   0.164*** 0.175 0.155** 

   (2.62) (1.54) (2.37) 

𝛽MKT 0.625** 0.571* 0.702** 0.699** 0.699** 

 (1.99) (1.85) (2.19) (2.17) (2.17) 

𝛽SMB 0.013 0.053 0.068 0.082 0.082 

 (0.06) (0.26) (0.32) (0.39) (0.39) 

𝛽HML -0.005 0.001 -0.020 -0.015 -0.015 

 (-0.03) (0.00) (-0.11) (-0.08) (-0.08) 

Size 0.019 -0.080* -0.017 -0.019 -0.020 

 (0.47) (-1.81) (-0.44) (-0.45) (-0.47) 

BM 0.169** 0.128 0.150* 0.157** 0.157** 

 (2.16) (1.61) (1.94) (2.02) (2.01) 

RET 0.017*** 0.017*** 0.017*** 0.017*** 0.017*** 

 (4.30) (4.36) (4.36) (4.25) (4.25) 

      

Adj. R2 0.233 0.234 0.234 0.238 0.238 

NObs 141,737 141,737 141,737 141,737 141,737 
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Panel C. Second sub-period from 1971 to 1990 

Variable (1) (2) (3) (4) (5) 

      

Intercept 0.579 1.187*** -0.639 1.667*** 1.683*** 

 (1.21) (2.75) (-1.25) (3.92) (3.96) 

Φ -0.074   -0.479***  

 (-1.39)   (-6.11)  

Φε  -0.418***   -0.484*** 

  (-6.01)   (-6.18) 

Φs   0.109** 0.408*** -0.070 

   (2.31) (5.84) (-1.33) 

𝛽MKT 0.134 0.391 0.312 0.341 0.344 

 (0.35) (1.05) (0.80) (0.87) (0.88) 

𝛽SMB 0.038 0.165 0.097 0.139 0.141 

 (0.16) (0.70) (0.40) (0.58) (0.59) 

𝛽HML -0.075 -0.144 -0.136 -0.137 -0.139 

 (-0.35) (-0.66) (-0.62) (-0.62) (-0.63) 

Size 0.001 -0.046 0.066* -0.070** -0.071** 

 (0.03) (-1.42) (1.76) (-2.24) (-2.27) 

BM 0.410*** 0.344*** 0.398*** 0.346*** 0.345*** 

 (6.35) (5.74) (6.46) (5.81) (5.80) 

RET 0.007** 0.007** 0.006** 0.007** 0.007** 

 (2.33) (2.25) (2.15) (2.25) (2.25) 

      

Adj. R2 0.158 0.159 0.158 0.161 0.161 

NObs 560,031 560,031 560,031 560,031 560,031 
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Panel D. Third sub-period from 1991 to 2016 

Variable (1) (2) (3) (4) (5) 

      

Intercept -0.414 0.363 -0.706 0.109 0.114 

 (-0.86) (0.71) (-1.39) (0.23) (0.25) 

Φ 0.001   -0.144*  

 (0.02)   (-1.81)  

Φε  -0.163**   -0.145* 

  (-2.08)   (-1.82) 

Φs   0.071* 0.183** 0.039 

   (1.88) (2.25) (1.05) 

𝛽MKT 0.262 0.299 0.326 0.338 0.338 

 (0.77) (0.90) (0.96) (1.00) (1.00) 

𝛽SMB 0.283 0.312 0.324 0.325 0.325 

 (1.17) (1.29) (1.34) (1.34) (1.34) 

𝛽HML 0.130 0.111 0.123 0.110 0.110 

 (0.54) (0.46) (0.51) (0.45) (0.45) 

Size 0.095*** 0.049 0.111*** 0.065** 0.064** 

 (3.14) (1.46) (3.45) (2.14) (2.13) 

BM 0.422*** 0.407*** 0.419*** 0.403*** 0.403*** 

 (9.15) (8.40) (9.16) (8.30) (8.30) 

RET 0.004 0.004 0.003 0.004 0.004 

 (1.45) (1.39) (1.31) (1.39) (1.39) 

      

Adj. R2 0.167 0.168 0.167 0.170 0.170 

NObs 825,047 825,047 825,047 825,047 825,047 
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APPENDIX 2.A. Variable Definitions 

 

Variables Definition Data 

Residual 

momentum 

(RES) 

To reach a sufficient number of return observations to obtain accurate estimates 

for stock exposures to the market, size, and value, we use a 36-month window to 

estimate monthly residuals (휀𝑖𝑚 ) from Eq. (2.1) – that is, over the period from 

m−36 to m−1. 

Once the monthly residual returns are obtained, at month t, we calculate the 

residual return over the formation window of eleven monthly observations 

standardised by the standard deviation of the residual returns over the same 

period.18 The standardised residual return yields an improved measure of the 

extent to which given firm-specific return volatility is news, as opposed to noise 

(Gutierrez and Prinsky 2007; Blitz et al. 2011).  

Monthly 

returns 

Information 

discreteness 

(ID) 

𝐼𝐷𝑡  =  𝑠𝑔𝑛(𝑃𝑅𝐸𝑇𝑡) × [%𝑛𝑒𝑔𝑡  −  %𝑝𝑜𝑠𝑡]                                  
where PRET is defined as the cumulative raw returns during the formation 

period; 

sgn(PRET) denotes the sign of PRET and equals +1 if PRET > 0 and -1 if PRET 

< 0;  

%neg and %pos are defined as the percentages of days with negative and positive 

stock returns during the formation period, respectively. 

Similar to absolute idiosyncratic volatility and Φ, only stocks with more than 204 

daily observations in the formation window of the one-year period are included in 

our analysis. (Da et al. 2014) 

Daily 

returns 

Return 

skewness 

(SKEW) 

𝑆𝐾𝐸𝑊𝑡

= [𝑇(𝑇 − 1)3/2 ∑(𝑟𝑖,𝜏 − �̅�𝑖)
3

𝑇

𝜏=1

] [(𝑇 − 1)(𝑇 − 2) (∑(𝑟𝑖,𝜏 − �̅�𝑖)
2

𝑇

𝜏=1

)

3/2

]⁄  

where  𝑟𝑖 is the daily return of stock i; �̅�𝑖 is the average firm-specific daily return 

in the formation period; T is the number of daily observations (Jin and Myers 

2006; Hutton et al. 2009). 

Daily 

returns 

Stock price 

jumps 

(JUMP) 

To document stock price jumps (JUMP) and their features, we use the bipower 

variation measure (hereafter BNS) developed by Barndorff-Nielsen and Shephard 

(2004); (Barndorff-Nielsen and Shephard 2006). Barndorff-Nielsen and Shephard 

show that the realised volatility can, in turn, be divided into continuous and 

discontinuous (jump) components. The BNS method is used in the high-frequency 

data context to document the importance of incorporating jumps into security 

prices, including studies of stock prices (Andersen et al. 2007; Zhou and Zhu 

2012; Liao 2012), bond prices and interest rates (Dungey et al. 2009; Zhou and 

Zhu 2012), and currencies (Chan et al. 2014). 

 

More recently, Pukthuanthong and Roll (2015) compute the BNS jump statistic 

using daily data within each available calendar month to investigate the extent of 

cross-country jump dependence, which is a critical issue for international 

investors.  Similarly, we use daily data for valid observations, jumps are identified 

monthly, and stocks must have at least ten valid returns within a given month.  

Daily 

returns 

 

 

                                                           
18 The residual return is estimated from monthly returns with a 36-month rolling window, then averaged for 12 

months; thus, its starting date is May 1930. 

https://www.sciencedirect.com/science/article/pii/S0927539817301093#fd1
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Chapter 3  

CEO Stock Donation and Stock Price Crash Risk  

 

3.1. INTRODUCTION 

Executives’ share donations have become increasingly popular in the US, most notably among 

figures such as Bill Gates ($64 million of Microsoft shares in 2017), Tim Cook ($5 million of 

Apple shares in 2019), and Warren Buffett ($4 billion of Berkshire shares).19 Related literature 

shows mixed arguments on whether executive philanthropy’s contribution towards society is to 

solve social problems or, more disturbing, merely to generate personal benefits. On the one hand, 

the literature on social psychology describes philanthropic or altruistic behaviour as a collection 

of actions that benefit others (Ariely et al. 2009; Dovidio et al. 2017; Penner et al. 2005). 

Generous managers are more likely to experience higher ethical costs from committing fraud and 

tend to make voluntary disclosures to reduce information risk and boost stock price (Graham et 

al. 2005). Accordingly, firms with philanthropic executives may have a lower stock price crash 

risk because executives are not motivated to hoard negative news from outside investors. 

On the other hand, prior studies document that executives trade based on their advance 

knowledge of bad news in the corporate world and at the expense of uninformed investors. 

Some managers fraudulently backdate their stock donations to their charitable foundations to 

gain personal tax deductions (Avci et al. 2015; Ghosh and Harjoto 2011; Yermack 2009) as 

                                                           
19 The sources for the three donation amounts, respectively, are as follows: 

https://www.afr.com/wealth/people/warren-buffett-donates-4b-of-berkshire-shares-to-charity-20200709-p55ai3,  

https://www.seattletimes.com/business/bill-gates-makes-largest-donation-of-microsoft-stock-since-2000-with-

46-billion-gift/, and https://appleinsider.com/articles/20/08/24/apple-ceo-tim-cook-donates-5-in-company-stock-

to-charity. 

https://www.sciencedirect.com/science/article/pii/S0927539810000423
https://www.afr.com/wealth/people/warren-buffett-donates-4b-of-berkshire-shares-to-charity-20200709-p55ai3
https://www.seattletimes.com/business/bill-gates-makes-largest-donation-of-microsoft-stock-since-2000-with-46-billion-gift/
https://www.seattletimes.com/business/bill-gates-makes-largest-donation-of-microsoft-stock-since-2000-with-46-billion-gift/
https://appleinsider.com/articles/20/08/24/apple-ceo-tim-cook-donates-5-in-company-stock-to-charity
https://appleinsider.com/articles/20/08/24/apple-ceo-tim-cook-donates-5-in-company-stock-to-charity
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well as to conceal negative news. Accumulated bad news has considerable adverse effects on 

shareholders, which might increase future stock price crashes, particularly when the 

accumulated bad news is released to the equity market all at once. Thus, the real impact of 

executives’ stock donation on future stock price crash risk is an empirical question. In this 

study, we focus upon Chairmen and chief executive officers (CEOs) at US-listed firms and 

examine whether CEOs’ stock donations affect future stock price crash risk. 

The majority of the prior literature studies corporate philanthropy and its impact on short-term 

and long-term equity performance. However, the literature on executives’ stock gifts and their 

influences is limited.20 One of the main reasons for corporate donation is that it gives managers 

means and justification to act on their self-interests. The literature on charitable giving 

documents that tax effects bear a significant impact on the philanthropic decisions of donors 

(Auten et al. 2002; Randolph 1995). Regarding personal stock donation, instead of maximising 

long-term shareholders’ value, executives fraudulently backdate their stock donations to obtain 

benefits from their tax deductions. These studies support the argument that executives use their 

knowledge of private information to make well-timed charitable donations of stocks before 

stock prices decline. In particular, CEOs can withhold bad news by backdating their dates, 

which can result in extremely negative stock returns.  

A counterargument about altruistic CEOs is also plausible; in terms of business, philanthropist 

is an essential second role for successful business executives. The literature on social 

psychology describes altruistic behaviour as that which benefits other people (Ariely et al. 

2009; Dovidio et al. 2017; Penner et al. 2005). In the presence of altruistic affection, it is 

assumed that philanthropic CEOs outweigh the benefits of other firm stakeholders over their 

                                                           
20 Corporate philanthropy refers to a firm’s giving to causes that increases the social welfare of society at large 

(Godfrey, 2005). CEO stock gifts are considered as one kind of corporate philanthropy. However, stock gifts are 

generally not constrained by U.S. insider trading law, and CEOs can donate their stocks to charities at times when 

selling the same shares would be prohibited.  
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costs and benefits. Accordingly, these CEOs likely pay more attention to the long-term 

performance of their firms rather than to short-term performance (Bhojraj et al. 2009; Graham 

et al. 2005; Haynes et al. 2015). Also, generous CEOs are more likely to experience higher 

emotional costs from committing fraud. Taken together, the altruistic view predicts that the 

incentive to withhold bad news may be less relevant to CEOs who donate their stocks, thus 

implying that CEO stock donation will lead to lower stock price crash risk.  

To test this debatable conjecture, we collect the data for stock gifts by CEOs listed on the 

Thomson Reuters Insider Trading database from 1996 to 2015. The main measure we use for 

CEO stock donation (CEOGIFT) is the mean ratio of the number of shares gifted by CEOs to 

the number of shares CEOs owned at the firm level. Because we are interested in the effect of 

CEO stock donation on future stock crash risk, we extract data from WorldScope and 

Datastream from 1997 to 2016 to compute our dependent and control variables. We proxy firm-

specific crash risk by the negative skewness of its weekly returns (NCSKEW) and the 

asymmetric volatility of negative versus positive weekly returns (DUVOL) (Chen et al. 2001; 

Kim et al. 2011a; 2011b). After merging all these datasets and excluding missing observations, 

our final sample includes 23,637 observations for 2,816 corporate entities. 

Personal stock donation is not a random event, and thus, before running the baseline model, we 

first examine whether corporate governance characteristics drive CEO stock donation. 

Specifically, we investigate CEO tenure (Ali and Zhang 2015), CEO power and age (Fabrizi et 

al. 2014) and board independence (Khan et al. 2013). In the separate regressions for each 

variable, we find that long-tenured, more powerful and senior CEOs are more likely to increase 

stock donation, but a more independent board is probably to decrease CEO stock donation. 

However, when all these variables are entered in one regression, CEO tenure and age are 

statistically significant. These results suggest that CEO tenure and age are the primary 
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determinants of CEOs’ stock donations, whereby CEOs donate more when they have a more 

significant influence in their firms.  

Our baseline results document a positive relationship between CEO stock donation and stock 

price crash risk after controlling for firm-specific and CEO attributes. The coefficients of the 

CEOGIFT ratio on NCSKEW and DUVOL are, respectively, 0.380 and 0.311, and both are 

statistically significant at the 1% level when controlling for the industry- and year-fixed effects. 

Our findings are robust to controlling for the firm- and year-fixed effects as well as to alternative 

measures of CEOs’ stock gifts. To mitigate endogeneity concerns, we perform two endogeneity 

tests: we use entropy balancing in our first test, whereby we define the treatment variables as 

firm-years with CEOs’ stock donation and use entropy balancing to identify weights for each 

control observation, and in our second test, via the instrumental variable approach, we instrument 

CEOs’ stock donation by industry-specific stock gift variable, which is measured by the average 

CEO donation ratio of the focal firm’s industry peers in a given year. The positive relation 

between crash risk and CEO stock donation still holds, suggesting that our base results are not 

confounded by reverse causality and the omitted variable problem. In addition, we find that CEO 

stock donation will not have a long-term impact on crash risk as far as one year ahead. 

The literature on stock price crash risk is based on the theory of concealing bad news (Jin and 

Myers 2006). Thus, we further conduct a test to substantiate the evidence that CEOs’ stock 

donation facilitates the hoarding of negative news, which eventually leads to a higher stock price 

crash risk. We show that firms with CEO donations tend to have higher earnings surprises; these 

firms also present financial reports and respond to questions in conference calls with more 

complex words. Earnings surprises or the usage of linguistic complexity in conference calls 

indicate that these firms are inclined to conceal bad news, both suggesting a general tendency 
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even among philanthropic CEOs to withhold negative information. These findings support our 

conclusion of a positive relationship between CEO stock donation and crash risk. 

We also examine the channels by which philanthropic CEOs’ decisions to hoard bad news for 

extended periods lead to stock price crashes. Following Yermack (2009), we capture the 

potential backdating of CEOs’ stock gifts by looking at the number of days elapsed between 

the transaction date and SEC filing date of donation. We assume that CEOs are less likely to 

backdate when their donation is within two trading dates of the SEC filing date. Further, prior 

studies argue that tax avoidance activities can facilitate opportunistic managerial behaviours 

(Chen et al. 2010; Desai and Dharmapala 2006; 2009) and thus increase future stock price crash 

risk. To capture CEO tax planning incentives, we define an indicator variable for whether SEC 

filings occur during the peak period in the US federal tax season, and consequently, we find 

the effect of CEOs’ stock donation is only significant when CEOs backdate their donation date 

or announce their stock donation during the peak period of taxation, implying that CEOs 

invariably attempt to maximise their tax deductions.  

Finally, we examine the moderating effect of analyst coverage and CEO power to capture the 

moderating effect of these variables. According to He et al. (2019), financial analysts play a 

role as information intermediaries, which increases firm-specific information transparency and 

suppresses hoarding of bad news among management. Hence, CEOs in firms with more 

financial analysts are less capable of hiding bad news from outside investors through donating 

their stocks in the capital market. However, Al Mamun et al. (2020) argue that CEOs with more 

power will have the means and justification to divert firm resources for their personal gain and 

to conceal bad news from investors, which altogether can increase crash risk. Thus, stock 

donation of powerful CEOs is likely one of the means for them to maximise personal benefits, 

such as from tax deduction. Consistent with the arguments above, we find that the positive 
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relation between CEOGIFT and stock price crash risk is attenuated among firms with more 

analysts but is more pronounced among firms with more powerful CEOs.  

Our study contributes to the literature in three ways. First, this study documents a positive 

association between the CEOs’ donation and future stock price crash risk. This evidence adds 

to the extant literature that investigates the impact of various CEO characteristics such as option 

incentives for executives (Kim et al. 2011a), overconfidence (Kim et al. 2016), and age 

(Andreou et al. 2017) on stock price crash risk. Our paper is the first to reveal the unfavourable 

outcome of personal philanthropic donations, which are presumed to evince pure altruism, on 

firms’ stock performance. In particular, our evidence supports the argument that managers 

donate their stocks to derive personal tax benefits; thus, they must withhold bad news and 

increase firm-specific crashes. Second, few studies show that abnormal returns are negative 

immediately after CEO stock donation announcements (Ghosh and Harjoto 2011; Yermack 

2009). By examining the stock market reaction measured by extreme negative stock returns in 

the subsequent year of CEO stock donation, our study extends the relatively scant literature 

that examines the economic consequences, positive or negative, of CEOs’ philanthropy.  

Finally, our study contributes to insider trading literature. The literature on informed insider 

trading finds that insiders are inclined to trade on their inside information due to an array of 

bad news events (He et al. 2020; Marin and Olivier 2008). Unlike open market sales, gifts of 

stock are not restricted by US insider trading law, and firms’ executives can donate their stocks 

to charitable foundations at times when selling the same stocks would be forbidden. However, 

an executive who makes a stock gift and receives a substantial tax benefit could potentially 

violate Rule 10b-521 if the executive’s firm issues negative news that decreases its stock price 

shortly afterward. So far, the SEC has sued no executives for a Rule 10b-5 violation for 

                                                           
21 17 C.F.R. § 240.10b-5 
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strategically making and reporting stock donation.22 As such, our results raise concerns for 

federal courts as to whether CEOs’ stock gifts should be considered as insider sales. 

The remainder of the paper is structured as follows. Section 3.2 reviews the related literature and 

develops hypotheses, Section 3.3 presents our sample and descriptive statistics, Section 3.4 

discusses the determinants for CEO stock donations and Section 3.5 discusses the research design 

and empirical findings. Section 3.6 examines possible mechanisms, Section 3.7 outlines how 

CEOs hide their bad news, Section 3.8 investigates the moderating effects on the association 

between CEOs’ stock gifts and stock price crash risk and Section 3.9 serves as the conclusion. 

3.2. RELATED LITERATURE AND HYPOTHESIS DEVELOPMENT 

By using a traditional agency theory framework, a growing body of literature on determinants of 

stock price crash risk is related to bad news hoarding. Managers generally suppress the release 

of bad news, relative to good news, to investors (Kothari et al. 2009) due to their personal 

interests, such as personal or career benefits (Andreou et al. 2017; Baginski et al. 2018). When 

bad news accumulates and reaches a tipping point, the sudden release of all bad news at once 

leads to a sharp decrease in stock price or a stock price crash (Hutton et al. 2009;  Jin and Myers 

2006). Prior research documents some internal and external mechanisms that can lead to bad 

news hoarding behaviour, resulting in stock price crash risk, including option incentives for 

executives (Kim et al. 2011a), tax avoidance (Kim et al. 2011b), short interest (Callen and Fang 

2015b), stock liquidity (Chang et al. 2017), CEO overconfidence (Kim et al. 2016), CEO age 

                                                           
22 Yermack (2009) shows that “Under the Securities and Exchange Act of 1934, corporate insiders face two broad 

areas of potential insider trading liability: the short-swing profit prohibition of Section 16(b), and the anti-fraud 

prohibition of Rule 10b-5. Short-swing profit rules bar corporate insiders from acquiring a security and then disposing 

of it at a higher price (or vice versa) within any interval shorter than six months. Rule 10b-5 prohibits insider trading 

on the basis of material, non-public information ‘in connection with the purchase or sale of any security’.  

“For short-swing profit liability, current law provides an insider trading exemption for ‘bona fide gifts.’ However, 

no parallel exemption exists for anti-fraud liability. Therefore, an executive who makes a charitable gift and realizes 

a large tax benefit could potentially violate Rule 10b-5 if the company issues adverse news that drives its stock price 

lower shortly afterward. However, to date nobody appears ever to have been charged by the SEC with a Rule 10b-5 

violation for making an untimely gift of stock, so the federal courts have not considered the issue directly”.  
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(Andreou et al. 2017), readability of 10-K reports (Kim et al. 2019) and powerful CEOs (Al 

Mamun et al. 2020). In contrast, some can mitigate managerial bad news hoarding and lead to 

lower future crash risk, such as dedicated institutional ownership (An and Zhang 2013), corporate 

social responsibility (Kim et al. 2014), industry-specialist auditors (Robin and Zhang 2015), firm 

headquarters in countries with high religiosity (Callen and Fang 2015a), accounting conservatism 

(Kim and Zhang, 2016) and active takeover markets (Balachandran et al. 2020).  

Despite the vast majority of studies that identify firm and CEO characteristics as the 

determinants of stock price crashes, the impact of CEOs’ stock donation on stock price crash 

risk remains unexamined. In this study, we propose two opposing views on how CEO stock 

donation links to stock price crash risk: one based on the agency perspective and another drawn 

from the prosocial behaviour perspective.  

Egoism and Stock Price Crash Risk 

One argument supporting the positive association between CEOs’ stock gifts and stock price 

crash risk is that donation grants managers the means and justification to act on their self-

interests. Jensen and Meckling (1976) provide evidence that management can take non-

pecuniary advantage through a charitable contribution; managers may contribute corporate 

resources to attain higher social reputation, to gain favour with board members by contributing 

to their favourite causes or to further their ideological preferences (Barnard 1996). Boatsman 

and Gupta (1996), Brown et al. (2006) and Galaskiewicz (1997) note that managers have 

prominent influence over corporate giving, thus reflecting the agency costs between managers 

and shareholders.23 

                                                           
23 The social and personal standards approach emphasises how norms, such as social responsibility and reciprocity 

(Dovidio 1984), can promote aid as people strive to maintain positive self-images or achieve their ideals (Schwartz 

and Howard 1982) and fulfil personal needs (Omoto and Snyder 1995).  

https://www.sciencedirect.com/science/article/pii/S0929119920300262?casa_token=epHS_6tTDP4AAAAA:3n-KBB0n76qk3vwf6KwPhtWg1T9vNqk5gPs03lYL2F11llu5yS6snxAWRe6H-jqm9O7DDhzJzR0#bb0315
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Prior literature on charitable giving concludes that tax effects have a significant impact on the 

philanthropic decisions of donors (Auten et al. 2002; Randolph 1995). Under US tax law, 

charitable gifts of stocks allow the donor to claim the maximum tax deduction by using the 

market value of stocks while also offsetting the capital tax gains by selling the stocks within 

the same year (IRS Form 8283).  

Instead of maximising long-term shareholders’ wealth, executives may fraudulently backdate 

their stock donations to obtain benefits from their personal tax deduction (Avci et al. 2015; 

Ghosh and Harjoto 2011; Yermack 2009). These studies suggest that executives might have 

used their access to private information to make well-timed charitable stock donations before 

stock prices decline. In particular, CEO-donors can withhold bad news and backdate their 

giving time to obtain the maximum possible tax deduction in the highest market value of the 

shares. As a result, Yermack (2009) finds that the adverse market reactions of shareholders 

imply that CEOs who give away their shares are likely to harbour negative inside news about 

their firms. In light of the above, we argue that stock donation constitutes one prevailing means 

by which CEOs divert firm resources for their personal gain and withhold the bad news. 

In contrast, CEOs’ stock donation event is more likely to signal the private information about 

the expectation of CEOs that firm performance becomes worse in the future. Thus, the positive 

argument for CEO stock donation shows the private-information-signalling effect on the bad 

firm performance. When outside investors receive the signal of poor firm performance, stock 

prices are more likely to drop significantly. Therefore, we develop the following hypothesis: 

Hypothesis 3.1A: CEO stock donation is positively associated with future stock price crash risk. 

Altruism and Stock Price Crash Risk 
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There exists a counterargument to the negative association between CEO stock gifts and stock 

price crash risk that builds upon the social psychology literature concerning personal 

philanthropy. Within this realm of literature, donation of stocks may represent a philanthropic 

or altruistic action among the CEOs who offer help regardless of whether they benefit from the 

act (Ariely et al. 2009; Dovidio et al. 2017; Penner et al. 2005). With genuine altruism, one can 

assume that these CEOs are also aware of outweighing the costs and benefits of other firm 

stakeholders. Further, these individuals are less likely to exhibit short-termism and may instead 

focus on long-term firm performance (Bhojraj et al. 2009; Graham et al. 2005; Haynes et al. 

2015). In line with this school of thought, economic theories also suggest that personal altruism 

catalyses the honesty of individual decision-makers (Becker 1976; Gino et al. 2013; Gneezy 

2005). Thus, it is plausible that the CEOs who make charitable contributions tend to make 

voluntary disclosures to reduce information risk and boost stock price (Graham et al. 2005). In 

conclusion, the altruism or philanthropy view predicts that the incentive to withhold bad news 

may be less relevant to CEO-donors, thus implying that CEO stock donation will lead to lower 

stock price crash risk.  

Hypothesis 3.1B: CEO stock donation is negatively associated with future stock price crash risk. 

Furthermore, the literature on stock price crash risk is based on the theory of concealing bad 

news (Jin and Myers, 2006). Roychowdhury and Sletten (2012) argue that negative earnings 

surprises are attenuated when managers voluntarily disclose information and information 

asymmetry is weaker. Further, Li (2008) shows that managers tend to use linguistic complexity 

of corporate disclosures to obfuscate information and slow down the market reaction to 

released news. Specifically, firms with losses or transitory profits tend to have more complex 

annual reports. Kim et al. (2019) also assert that complex financial statements facilitate bad 

news hoarding and thus, enable managers to hide adverse information for extended periods, 
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which is more likely to increase future crashes. Since CEOs donating their stock tend to 

withhold bad news from outside investors, we posit that CEO stock donation is positively 

related to earnings surprises and linguistic complexity of corporate disclosures. 

Hypothesis 3.2: CEO stock donation is positively associated with earnings surprises and 

linguistic complexity of corporate disclosures. 

3.3. SAMPLE AND RESEARCH DESIGN 

3.3.1. Sample and Data Source 

Yermack (2009) demonstrates that stock gifts by corporate executives are extracted from the 

Thomson Financial Insider Trading database (TFN insider filing data), which was compiled 

from insiders’ Form 4 and Form 5 SEC filings between 1996 to 2015. We retrieve transactions 

by way of gifting (transcode=G) made by insiders who list one of their job titles as either CEO 

or Chairman of the Board (rolecode=CEO or rolecode=CB).24 We also delete observations that 

Thomson assigns as problematic and unable to be “cleansed” because of missing and 

inconsistent data, and we exclude a number of gifts involving securities other than common 

stocks (e.g. preferred stock or warrants). To avoid double-counting gift transactions, we drop 

duplicate observations of gifts that are reported more than once.  

Two primary databases constitute crash risk and financial data, including weekly return data 

for the construction of crash risk measures as well as annual accounting and financial data from 

WorldScope and Datastream from 1997 to 2016. The data for CEO bonus and incentives are 

extracted from Execucomp. We then delete observations with low-priced firms (fiscal year-

                                                           
24 Chairman title is included in our sample because many CEOs hold multiple titles at their firms but do not list 

all their titles on their SEC filings. 
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end lower than $1), observations with fewer than 20 weeks of stock return data and 

observations with missing accounting data.  

3.3.2. CEO Stock Donation 

Stock gifts made by corporate executives are required to be publicly reported to the SEC either 

via Form 4 or Form 5 filings. Most insider gift reports disclose the gift date, the number of 

shares donated and the number of shares owned by executives at the time of the transaction but 

not a stock’s market price at the time of donation. Therefore, instead of using the absolute value 

of shares gifted by CEOs to measure CEOs’ stock donation, we use CEOGIFT calculated by 

the average percentage ratio of the number of shares given to the number of shares owned by 

a CEO in a firm of year t-1.  

3.3.3. Stock Price Crash Risk  

To calculate the measures of firm-specific crash risk, we follow Jin and Myers’s (2006) market 

model. We adopt two firm-specific measures of stock price crash risk for each firm-year 

observation: the negative coefficient of skewness of the firm’s daily returns (NCSKEW) and 

the down‐to‐up volatility of firm‐specific daily returns (DUVOL).  

First, we regress the weekly returns of each firm in our sample on the MSCI USA value-weighted 

market return in the current week, as well as two weeks forward and backward, as in Eq. (3.1): 

𝑟𝑖,𝜏 = 𝛼𝑖 + 𝛽1,𝑖𝑟𝑚,𝜏 + 𝛽2,𝑖𝑟𝑚,𝜏−1 + 𝛽3,𝑖𝑟𝑚,𝜏−2 + 𝛽4,𝑖𝑟𝑚,𝜏+1 + 𝛽5,𝑖𝑟𝑚,𝜏+2 + 휀𝑖,𝜏            (3.1) 

where 𝑟𝑖,𝜏 is the stock return for firm i in week 𝜏, 𝑟𝑚,𝜏 is the return of MSCI USA market index 

in week 𝜏 and 휀𝑖,𝜏 is an error item.  
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We include the lead and lag terms for the market index return to allow for nonsynchronous 

trading (Dimson 1979). The weekly return for firm i in week τ, 𝑊𝑖,𝜏, is measured by the natural 

log of one plus the residual return in Eq. (3.1): 

                     𝑊𝑖,𝜏 = 𝑙𝑛(1 + 휀𝑖,𝜏)                                   (3.2) 

In estimating Eq. (3.2), we require at least 20 available weekly return observations for each 

firm in each fiscal year (Hong et al. 2017). Following Chen et al. (2001), NCSKEW for a given 

firm in the fiscal year is computed by taking the negative of the third moment of firm-specific 

weekly returns for each sample year and dividing it by standard deviation of returns raised to 

the third power, as shown in Eq. (3.3): 

   𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡 = −[𝑛(𝑛 − 1)3/2 ∑ 𝑊𝑖,𝜏
3 ]/ [(𝑛 − 1)(𝑛 − 2)(∑ 𝑊𝑖,𝜏

2 )
3/2

]             (3.3) 

where 𝑊𝑖,𝜏 is as previously defined and n is the number of weekly return observations in year t. 

A more negatively skewed return distribution (i.e. a higher value for NCSKEW) indicates a 

higher crash risk.  

Our second proxy for stock price crash risk is the down-to-up volatility (DUVOL) calculated 

as the natural logarithm of the standard deviation of weekly stock returns 𝑊𝑖,𝜏 during the weeks 

in which 𝑊𝑖,𝜏,𝑗 is lower than its annual means of down-weeks over the standard deviation of 

weekly stock returns 𝑊𝑖,𝜏,𝑗 and during the weeks in which 𝑊𝑖,𝜏,𝑗  is higher than its annual means 

of up-weeks: 

𝐷𝑈𝑉𝑂𝐿𝑖,𝑡 = 𝑙𝑜𝑔{[(𝑛𝑢 − 1) ∑ 𝑊𝑖,𝜏
2

𝐷𝑂𝑊𝑁 ]/[(𝑛𝑑 − 1) ∑ 𝑊𝑖,𝜏
2

𝑈𝑃 ]}                    (3.4) 

https://www.sciencedirect.com/science/article/pii/S0304405X1100033X#eq0005
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where 𝑛𝑢 is the number of up weeks and 𝑛𝑑 is the number of down weeks. A higher value 

for DUVOL indicates a higher crash risk. These two risk measures are winsorised at the 1st and 

99th percentiles to mitigate the effect of outliers. 

3.3.4. Control Variables 

In continuation of the recent literature on stock price crash risk (Kim et al. 2011a; 2014; Kim 

and Zhang 2016), we include control variables that may affect stock price crash risk. Our main 

control variables include the following: SIZE is the natural logarithm of a firm’s market value 

in the fiscal year t-1, LEV is the ratio of long‐term debt over total assets for firm i in the fiscal 

year t-1, BM is the market‐to‐book ratio in the fiscal year t-1, ROA is the ratio of net income 

over total assets for firm i in the fiscal year t-1, DTURN is the change in turnover ratio 

calculated as the difference between the average monthly turnover in the fiscal year t-1 and the 

average monthly turnover in the fiscal year t-2, RET is the average of firm‐specific weekly 

returns over the fiscal year t-1, and SIGMA is the standard deviation of the weekly stock returns 

in the fiscal year t-1. As Hutton et al. (2009) show, information opacity measured by accrual 

manipulation (ACCM) is positively related to future crash risks, and we therefore further 

control for ACCM, which is the three-year moving sum of absolute discretionary accruals.  

Finally, we control for the potential conflict interest between managers and shareholders; 

following the methodology of Bergstresser and Philippon (2006), we calculate CEO stock 

incentives (INCENTIVE_STK) and option incentives (INCENTIVE_OPT). While Benmelech 

et al. (2010) argue that both stock and option incentives motivate CEOs to hide bad firm 

performance and increase future crashes, Kim et al. (2011a) show that only executive option 

incentives matter in inducing bad news hoarding. Previous research argues that CEOs’ bonus 

plans can influence short-behaviour (Healy 1985), and thus, we include BONUS as a control 

variable, which denotes the CEOs’ bonus in the current year divided by cash salary 
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(Fahlenbrach and Stulz 2011). Similar to crash risk measures, all control variables are 

winsorised at the 1st and 99th percentiles to mitigate the impact of outliers. 

3.3.5. Descriptive Statistics 

Table 3.1 presents the descriptive statistics and correlation matrix of CEOs’ stock gifts, crash 

risk measures and control variables. After merging these datasets and excluding missing 

observations, our final sample includes 23,637 observations for 2,816 corporate entities. These 

correspond to our dependent variables in year t and independent and other control variables in 

year t-1. Panel A in Table 3.1 displays the descriptive statistics. The mean values of NCSKEW 

and DUVOL are 0.102 and 0.071, respectively. The average CEOGIFT ratio is 0.009, so that 

on average, the number of stocks gifted constitutes 0.9% of the number of stocks that a CEO 

owned at the time of transaction. The number of non-zero observations of CEOGIFT is 5,318 

(22.5%) of the total sample of 23,637 firm-year observations, with an average CEOGIFT ratio 

of 3.7%. Among our control variables, the mean DTURN is 0.003, the average of RET is 0.003 

and the average of SIGMA is 0.052.  

Panel B in Table 3.1 provides the correlation matrix among the variables in our main tests. 

There are significant positive relationships between CEOs’ stock donation and crash risk 

measures, indicating that CEOs with stock gifts are likely to increase future stock price crash 

risk. Correlations in the absolute values of control variables are less than 0.5, suggesting that 

these variables do not present much of a collinearity problem.25  

[Insert Table 3.1 about here] 

                                                           
25 The number of CEOs who donate their stocks or receive bonus is relatively small, that’s why the distribution 

of CEOGIFT and BONUS is right-skewed. To examine the distribution effect of these variables, the arcsine 

transformation is used to pull out the ends of the distribution. The coefficients of CEOGIFT are robust after using 

arcsine transformation for CEOGIFT and BONUS in the baseline results.  
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3.4. DETERMINANTS OF CEO STOCK DONATION 

In this section, we examine firms’ internal determinants of CEO stock donation and test 

whether corporate governance drives the stock donation by CEOs when firms are governed by 

more long-tenured, powerful and senior CEOs or by an independent board.  

Ali and Zhang (2015) suggest that CEOs’ behaviour and their performance often vary with the 

length of their tenure. Because CEOs who perform well are retained, longer tenure indicates 

cumulative success (Hambrick and Fukutomi 1991); thus, long-tenured CEOs will have more 

power than short-tenured CEOs will. Powerful CEOs are more likely to be engaged in corporate 

social responsibility (CSR) to benefit themselves and their firms (Fabrizi et al. 2014). In line 

with this argument, long-tenured CEOs with more power will feel the market pressure less and 

may address concerns beyond shareholders’ financial interests. As such, CEO tenure and power 

are expected to correlate positively with CEO stock donation.  Following previous literature, we 

define CEO tenure (CEOTEN) as the number of years during which CEOs stay in their current 

position (Carter et al. 2007) and CEO power index (CEOPO) by running the first principal 

component analysis of CEO tenure, CEO duality and CEO ownership (DeBoskey et al. 2019).  

Moreover, while young CEOs pay more attention to short-term performance and tend to invest 

less in CSR than older CEOs do, CEOs who are closer to retirement feel market pressures less 

and tend to invest more in CSR. Fabrizi et al. (2014) provide evidence that companies with 

older CEOs present higher CSR levels than companies with younger CEOs do. Thus, we expect 

that a CEO’s age (CEOAGE) is a determinant of CEO stock gifts and that more senior CEOs 

donate more stocks than younger CEOs do.  

To test the explanatory power of these variables, we run linear regressions in which the 

dependent variable is CEOGIFT and the independent variables are CEO tenure, power and age. 

We present the results of these regressions in Table 3.2. All firm-level independent variables 
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are in the same year as the CEO stock donation, and we include both the industry and year 

fixed effects and cluster the standard errors at the firm and year level. Columns (1) – (3) of 

Table 3.2 show that CEO tenure, power and age coefficients are both positive and significant; 

these results imply that longer-tenured, more senior or more powerful CEOs are more 

independent in their decision-making and experience less of the pressure on their performance 

that might prompt them to donate their share of stocks.  

We also investigate the effect of a governance variable, particularly board independence 

(BOARD_IND), which is the number of independent directors divided by the total number of 

directors. Prior studies suggest that the independence of a firm’s board is typically considered 

to be more effective in monitoring management because this type of board will protect 

shareholders from self-serving managerial behaviour (Agrawal and Chadha 2005; Xie et al. 

2003). If charitable giving constitutes an agency cost, then it is not only insiders but all board 

members who could derive benefits from firm donation (Khan et al. 2013). From Column (4), 

we find a negative association between board independence and personal stock donation. 

However, when we include all CEO characteristics and the independent board measure in one 

regression, Column (5) shows that only the coefficients of CEO tenure and age are positive and 

statistically significant. Our results imply that the impact of CEO tenure and age dominate that 

of CEO power and board independence on CEO stock donation.26  

[Insert Table 3.2 about here]  

 

                                                           
26 Thanks Professor Wongchoti for point out the possible issue of multicollinearity in Table 3.2. Variance inflation 

factor (VIF) was used to measure the correlation and strength of correlation between the explanatory variables in 

a regression model. The mean value of VIF in four models of this Table are above 1, suggesting moderate 

correlation between CEOGIFT and explanatory variables in the models, but this is often not severe enough to 

require attention. Therefore, multicollinearity is not a problem for these results.  
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3.5. RESEARCH DESIGN AND EMPIRICAL RESULTS  

3.5.1. The Association between CEO Stock Donation and Stock Price Crash Risk 

To examine the association between CEOs’ stock gifts and future stock price crash risk, we 

estimate the following regression model: 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐶𝐸𝑂𝐺𝐼𝐹𝑇𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡                (3.5) 

where CRASH_RISKi,t represents one of the two crash risk measures, NCSKEW or DUVOL. 

CEOGIFT is the number of shares gifted by the CEO scaled by the CEO’s owned shares at the 

time of the transaction, which is one-year lagged to circumvent the simultaneity bias. CONTROL 

includes all the control variables discussed in Section 3.4; these variables are also lagged by one 

year. The standard errors are clustered at the firm and year level. Of central interest is the 

coefficient 𝛿1, which captures the effect of CEO stock donation on stock price crash risk.  

We present the estimation results of Eq. (3.5) in Table 3.3. In Columns (1) and (3), we report 

the regression results controlling for the industry and year-fixed effects, whereas those in 

Columns (2) and (4) include the firm- and year-fixed effects. We document a positive and 

statistically significant coefficient of CEOGIFT across all specifications irrespective of using 

industry- or firm-fixed effects. The effect of CEOGIFT is economically significant; for 

instance, in Columns (1) and (3), the coefficients of CEOGIFT on NCSKEW and DUVOL 

(0.311 and 0.220) suggest that a one-standard-deviation increase in the magnitude of CEOGIFT 

leads to an increase of 10.4% in NCSKEW and 10.5% in DUVOL from their mean values. These 

results are consistent with our H3.1A, which underscores the self-serving behaviours of the 

CEOs disguised as philanthropic stock donations and the signalling effect that CEOs will 

donate the stocks when they do not expect a better stock performance in the future. 
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The coefficients of the control variables, as expected, are consistent with those in previous 

studies. Similar to prior research, the coefficient of DTURN is significantly positive, indicating 

that differences in points of view among investors increase future stock price crashes (Chen et 

al. 2001). The coefficients of prior-year NCSKEW, RET, SIZE and MB are statistically 

significant and positive (Hutton et al. 2009; Kim et al. 2011a), while the negative coefficients 

for both LEV, ROA are consistent with Hutton et al. (2009). Finally, the coefficient of ACCM is 

significantly positive, suggesting that firms with more accrual manipulation are more likely to 

experience more crashes in the future. 

[Insert Table 3.3 about here] 

3.5.2. Robustness Check 

In this section, we examine the relation between CEOs’ stock gifting and future stock price crash 

risk using two different measures of CEOs’ stock gifts: CEOGIFT_DUM as an indicator variable 

that equals one if CEOs made stock gifts during t-1, and CEOGIFT_SZ as the mean ratio of the 

number of shares gifted by CEOs to firm size in the firm of year t-1. Table 3.4 features the results 

of our analysis, which show that the positive association between CEO stock donation and future 

stock price crashes still holds, thus confirming the previous results of H3.1A. 

[Insert Table 3.4 about here] 

3.5.3. Endogeneity Analysis 

Thus far, our results lend support to the notion that CEOs’ stock donations are associated with 

higher stock price crash risk, consistent with bad news hoarding of managers. However, these 

results might not be reflective of a causal relationship due to the potential reverse causality and 

omitted variable problems. For instance, CEOs of firms with higher stock price crash risk may 

be more likely to donate shares of stock to charities instead of selling the same shares of stocks. 
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To address the endogeneity concerns, we adopt two identification strategies: entropy balancing 

and instrumental variable estimation approach. 

a. Entropy Balancing 

Although propensity score matching (PSM) provides a practical approach to alleviate the 

endogeneity concerns, (DeFond et al. 2016) show that only when using PSM can its statistical 

inferences be sensitive to several design choices, such as the number of nearest neighbours or 

caliper width. Moreover, PSM imposes the weights of 0 (to unmatched firms) or 1 (to matched 

firms) and thus does not maintain information from the full sample. As the first identification 

strategy, we use entropy balancing to control for the endogeneity problem arising from 

observable firm characteristics. Entropy balancing is a matching technique that identifies optimal 

weights for each control observation to equalise the distributions of underlying variables across 

treatment and control samples (Hainmueller 2012). The advantage of this method is that it can 

achieve a covariate balance by retaining the original sample size and can improve efficiency. 

In particular, we first define the treatment variables to be firm-years with CEOGIFT, and then 

we use entropy balancing to identify continuous weight for each control observation. The mean, 

variance and skewness of the weighted control variables are roughly equal to those of the 

treatment variables (CEOGIFT). Table 3.5 presents the results of matched samples derived 

from entropy balancing. Columns (1) and (3) show the results of two distribution moments 

(mean and variance) that are matched between treatment and control variables, and Columns 

(2) and (4) include the results of three distribution moments (mean, variance and skewness). 

Table 3.5 demonstrates that the coefficients of CEOGIFT remain statistically significant and 

positive at the 5% level in the balancing samples, and these findings indicate only that the 

exogenous CEOGIFT causes future crash risk. 

[Insert Table 3.5 about here] 
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b. Instrumental Variable Approach 

The second analysis to address the endogeneity concern is the instrumental variable (IV) 

approach. Our instrumental variable is an industry-level stock gift (IND_CEOGIFT) that is the 

average CEO donation ratio of the focal firm’s industry peers, defined based on two-digit SIC 

codes, in a given year. We choose IND_CEOGIFT as the instrumental variable for two reasons. 

First, Bertels and Peloza (2008) argue that firms benchmark against other firms within their 

same industry when making decisions about philanthropy, and thus, IND_CEOGIFT is an 

exogenous instrument more likely to influence the likelihood of CEOs donating their shares. 

Second, IND_CEOGIFT is not expected to exert any influence on stock price crash risk. 

The IV approach estimates the two-stage least squares (2SLS) regressions specified as follows: 

First stage: 𝐶𝐸𝑂𝐺𝐼𝐹𝑇 𝑖,𝑡 = 𝛿0 + 𝛿1IND_𝐶𝐸𝑂𝐺𝐼𝐹𝑇 𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑆𝑖,𝑡−1 + 휀𝑖,𝑡−1      (3.6) 

Second stage: 𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐶𝐸𝑂𝐺𝐼𝐹𝑇̂  𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑆𝑖,𝑡−1 + 휀𝑖,𝑡       (3.7) 

In the first-stage regression, we regress CEOGIFT on the instrumental variable, 

IND_CEOGIFT, as well as other firm characteristic variables. In the second stage, we then 

model each crash risk measure as a function of 𝐶𝐸𝑂𝐺𝐼𝐹𝑇̂  estimated from the first stage 

regression. The country, industry and year-fixed effects are included in both regressions.  

Table 3.6 reports the estimation results of 2SLS regressions. Columns (1) and (3) illustrate the 

first-stage regressions, where our CEOGIFT is instrumented by IND_CEOGIFT. In Columns 

(2) and (4), the second-stage regressions show a positive and significant coefficient of the 

predicted CEOGIFT on both measures of stock price crash risk, implying that the omitted 

variable problem does not confound our baseline results.  

[Insert Table 3.6 about here] 
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3.5.4. Long-term Effect 

The preceding results focused on whether CEOs’ stock gifts are associated with future stock 

price crash risk in the one-year-ahead forecast window. In this section, we further explore how 

far into the future CEOs’ stock gifts can affect stock crash risk, and to do so, we now expand 

the measurement interval of future crash risk into two-, three- and four-years-ahead windows. 

We most notably estimate NSCKEW and DUVOL using firm-specific returns during periods of 

up to four years ahead; thus, our dependent variables become these long-interval crash risk 

measures. We reestimate Eq. (3.5) and report the results in Table 3.7. The association between 

CEOs’ stock gifts and stock price crash risk becomes statistically insignificant when future 

crash risk is measured in two-, three- and four-year-ahead windows. We find that the predictive 

ability of CEO donation disappears. Our findings support the notion that the forecastability of 

CEOs’ gifts concerning future crash risk is only one year ahead. 

[Insert Table 3.7 about here] 

3.6. CEO STOCK DONATION AND BAD NEWS HOARDING 

The literature on stock price crash risk is based on the theory of concealing bad news (Jin and 

Myers, 2006), and we note that two main reasons for suppressing bad news are the incentive 

(Kim et al. 2011a; Baginski et al. 2018) and the ability to hide this type of information (Al 

Mamun et al. 2020). Jin and Myers (2006) propose bad-news-hoarding theory to explain stock 

price crash risk. They argue that self-interested managers delay the release of bad news in an 

opaque information environment. Thus, our results in the prior sections show the positive 

relationship between CEOs’ stock gifts and crash risk, suggesting indirect evidence on the CEO 

stock donation as a self-interest incentive for CEOs in concealing bad news. 

https://www.sciencedirect.com/science/article/pii/S0927538X19304731?casa_token=Jmv094kfvpwAAAAA:UIIlOk4-3cwwl-Ru5b5n45DmQCG1htMJ8Itw2kXy22mZ7cVPm0yExAOE1eaMoMcnw3tfEyWP#bb0185
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Our first proxy for concealing bad news is earnings surprises (SURP_MEAN) that capture the 

aggregate effect of a firm’s voluntary disclosure. Roychowdhury and Sletten (2012) argue that 

negative earnings surprises are attenuated when managers voluntarily disclose information and 

information asymmetry is weaker. Following Brown and Larocque (2013), we define earnings 

surprises as the absolute value of the difference between the mean of a firm’s actual earnings 

and mean of analysts’ forecast.27  

Finally, Li (2008) shows that managers tend to use linguistic complexity of corporate 

disclosures to obfuscate information and slow down the market reaction to released news. More 

specifically, firms with losses or transitory profits tend to have more complex annual reports. 

Kim et al. (2019) also assert that complex financial statements facilitate bad news hoarding 

opacity and thus enable managers to hide adverse information for extended periods, which is 

more likely to increase future crashes. Following Bushee et al. (2018), we use the Gunning Fog 

index as a function of the number of words per sentence and the percentage of complex words 

in conference calls, rather than in mandatory SEC filings.28 Lower values of the Fog 

index correspond to less complicated texts. The managerial Fog is separated for the 

presentation and questions & answers (Q&A) portions of the call, FOG_PRES represents the 

Fog index of managers’ language during the presentation and FOG_QA is the Fog of 

managers’ responses to questions.29  

We run a regression to test the association between CEOs’ stock gifts in year t-1, earnings 

surprises (SURP_MEAN) and textual complexity (FOG_PRES or FOG_QA), respectively, in 

year t. We control for the main financial and accounting variables as DTURN, RET, SIGMA, 

                                                           
27 The data of SURP_MEAN is downloaded from Analyst History of IBES.  
28 Gunning Fog index = 0.4*(average number of words per sentence + percent of complex words) (Bushee et al. 2018). 
29 https://accounting-faculty.wharton.upenn.edu/dtayl/dan-taylor/ 

The data of the Gunning Fog index for conference calls are used in Bushee et al. (2018). Special thanks to Daniel 

Taylor of the University of Pennsylvania for providing these data. 

https://accounting-faculty.wharton.upenn.edu/dtayl/dan-taylor/
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SIZE, MB, LEV, ROA and ACCM in year t-1. We also control for the industry and year-fixed 

effect. The results in Columns (1) to (3) in Table 3.8 show that CEOGIFT in year t-1 has a 

positive and statistically significant impact on earnings surprises and linguistic complexity at 

the conference calls in year t.  

The results provide more evidence that CEO-donors tend to conceal bad news through both 

earnings surprises and complex presentations and answers at annual meetings. Overall, our 

findings on the methods by which philanthropic CEOs withhold bad news through control of 

information disclosed to the market further reinforce the association between CEO donations 

and higher stock price crash risk.  

[Insert Table 3.8 about here] 

3.7. HOW DO CEOS WHO DONATE THEIR STOCKS HIDE BAD NEWS  

According to Yermack (2009), stock gifts by Chairmen and CEOs are well-timed, at peaks in 

firm stock prices and just before significant drops. An explanation is that longer reporting 

delays allow CEOs to withhold bad news to be released by their firms and accelerate their 

donations to obtain minimum personal income tax. Also, CEOs’ stock gifts might be backdated 

to the highest point in corporate price histories, again in a way that would increase the personal 

tax benefits to the CEOs.  

Following Yermack (2009), we measure the potential backdating of CEO stock gifts by 

considering the number of days elapsed between the transaction date and the SEC filing date 

of stock giving. We assume that CEOs are less likely to backdate when their donation is within 

two trading dates of the SEC filing date. For CEOs with one or more giftings in one year, we 

define the BACKDATE variable as a dummy that equals one – if at least one CEO gift in that 

year is backdated (SEC filing is filed more than two trading days from the gifting date). For 
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firms with CEOs’ stock gifts (5,318 firm-years out of a total of 23,637 firm-years), we run 

regressions using two subsamples: BACKDATE=1 and BACKDATE=0. Panel A of Table 3.9 

shows that the coefficient of CEOs’ stock gifts remains statistically significant only when 

CEOs backdate their gifting dates and the difference of CEOGIFT coefficients between the 

backdate and non-backdate subsamples is statistically significant. Hence, donation gifts may 

be reported retroactively so that donor-CEOs may decrease their tax payments. 

In an agency theory framework, prior studies argue that tax avoidance activities can facilitate 

opportunistic managerial behaviours, such as accrual management and rent diversion (Chen et 

al. 2010; Desai and Dharmapala 2006; 2009). This argument is consistent with (Kim et al. 

2011b), who assert that corporate tax avoidance is positively associated with future stock price 

crash risk. Following this view, if the motive of CEO-donors is related to personal tax 

avoidance, we expect that the positive relation between CEOGIFT and stock price crash risk is 

pertinent in the subsample of CEOGIFT during the peak tax season.  

The peak period during tax planning season in the US is from the 1 December to the 15 April 

of the subsequent calendar year. We define the dummy variable, TAXPLAN, which equals one 

for CEOs who have at least their stock gifts filed during the peak tax season during the fiscal 

year t-1 and 0 otherwise. Panel B of Table 3.9 demonstrates that the coefficient of CEOs’ stock 

gifts is statistically significant during the peak period and that the difference in the coefficients 

of CEOs’ stock gifts between the two subsamples is statistically significant. This evidence 

implies that CEOs announce their donation during the peak of tax season to maximise their 

income tax deductions.  

[Insert Table 3.9 about here] 
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3.8. FURTHER ANALYSIS 

CEOs are more prone to engage in moral problems when they decide to give away their 

proportion of stocks, and thus, corporate governance might have some impact on CEOs’ 

donation concerns. Accordingly, in this section, we examine the effect of CEO power and 

analyst coverage, and we augment the base model in Eq. (3.5) by adding these interaction 

variables to capture the moderating effect of these variables in Eq. (3.8): 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐶𝐸𝑂𝐺𝐼𝐹𝑇𝑖,𝑡−1 ∗ 𝑋𝑖,𝑡−1 + 𝛿2𝑋𝑖,𝑡−1 + 𝛿3𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡 (3.8) 

where CEOGIFT is the mean ratio of number shares gifted by CEOs to shares owned at the 

time of the transaction in the firm of year t-1.  

For a straightforward interpretation of the interaction term (𝐶𝐸𝑂𝐺𝐼𝐹𝑇𝑖,𝑡−1 ∗ 𝑋𝑖,𝑡−1), we assign 

analyst coverage and CEO power as indicator variables that equal one if their value is above 

their respective median values and zero otherwise. If the X variable weakens the relationship 

between CEOs’ gifts and crash risk, 𝛿1 should be negative and significant, and vice versa.  

Accordingly, we use these two variables to examine their moderating effect on the relationship 

between CEO stock donation and stock price crash risk. First, Al Mamun et al. (2020) argue 

that CEOs with more power will have the means and justification to divert firm resources for 

their personal gain and to hide bad news from investors, which can increase crash risk. Thus, 

stock donation of powerful CEOs is likely to be one of means for them to maximise personal 

benefits such as tax deduction. We expect that firms with powerful CEOs will strengthen the 

relationship between CEOGIFT and future crashes.  

According to He et al. (2019), financial analysts play the role of information intermediaries, 

which increases firm-specific information transparency and constrains managers’ negative 

news hoarding activities. Hence, CEOs in firms with more financial analysts are less able to 
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conceal negative news from outside investors through donating their stocks in the capital 

market. We measure the analyst coverage variable (ANALYST) by the number of financial 

analysts in the fiscal year t-1. We expect that the positive CEOGIFT and crash risk relation is 

more attenuated among firms with a high number of analysts.  

Columns (1) and (3) of Table 3.10 show that the interaction term’s coefficients between 

CEOGIFT and CEO power are positive and statistically significant, suggesting that the 

association of CEO stock donation and crash risk is more pronounced when the firms have 

more powerful CEOs. Columns (2) and (4) demonstrate that the association between CEOGIFT 

and crash risk is weakened when more analysts follow the firms. The findings support the 

notion that CEOs’ stock donation is more likely to influence crash risk in firms that have CEOs 

with more power but remains less likely in firms with greater analyst coverage. 

[Insert Table 3.10 about here] 

3.9. CONCLUSION 

We investigate the relationship between CEO stock donation and future stock price crash risk 

and show that CEO stock donation is positively associated with firm-level stock price crash 

risk. Our results hold when controlling for previously documented crash determinants, such as 

earnings management, CEO equity, option incentives, and CEO bonuses. We address 

endogeneity concerns by using three approaches such as firm fixed-effect regressions, entropy 

balancing and instrumental variable regression analysis, and we find a consistently positive 

association between CEO stock donation and future stock price crash risk.  

Further, we document that CEOs’ stock gifts positively correlate with earnings surprises and 

the complexity of words utilised during conference calls. These results imply that the ability of 

philanthropic CEOs to withhold bad news is related to the positive association between CEOs’ 
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stock gifts and crash risk. We also examine the ways by which philanthropic CEOs hoard bad 

news, which results in future stock price crashes. We find that the positive association between 

philanthropic CEOs and crash risk is more evident in the subsample of firms in which CEOs 

backdate their stock donation or announce their donation during the peak of tax season. We 

also find the positive relationship between CEO stock donation and stock price crash risk is 

attenuated with higher analyst coverage but is more pronounced when there are more powerful 

CEOs. These findings suggest that the consequences of philanthropic CEOs are more likely to 

be worse when the CEOs have more power.  

In conclusion, our study extends the scant literature that examines the economic consequences 

of CEOs’ philanthropy by investigating extreme negative stock returns in the year following 

stock donations by CEOs. Accordingly, CEOs who donate stocks are inclined to conceal bad 

news through backdating and tax planning their donation dates, thus resulting in the positive 

relationship between CEO stock donation and future stock crashes. This finding raises concerns 

for SEC and federal courts to reconsider CEOs’ stock gifts as market stock sales.
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Table 3.1. Descriptive Statistics 

The table presents descriptive statistics for CEOs’ stock gifts, stock price crash risk measures and 

control variables. The sample contains firm-years from 1997 to 2016 with non-missing values for all 

the variables. All variables and their correlations are defined in the Appendix 3.A. 

 

Panel A. Summary statistics of key variables 

Variable N Mean Std 25th perc. Median 75th perc. 

       

CEO stock donation       

CEOGIFTt-1 23,637 0.009 0.034 0.000 0.000 0.000 

Control Variables       

NCSKEWt 23,637 0.102 0.723 -0.315 0.063 0.462 

DUVOLt 23,637 0.071 0.482 -0.250 0.058 0.378 

NCSKEWt-1 23,637 0.105 0.697 -0.306 0.061 0.450 

DTURNt-1 23,637 0.003 0.081 -0.026 0.003 0.031 

RETt-1 23,637 0.003 0.008 -0.001 0.002 0.007 

SIGMAt-1 23,637 0.052 0.027 0.033 0.046 0.065 

SIZEt-1 23,637 21.429 1.656 20.210 21.287 22.523 

MBt-1 23,637 3.111 2.830 1.500 2.247 3.584 

LEVt-1 23,637 0.220 0.171 0.066 0.209 0.338 

ROAt-1 23,637 5.721 8.161 2.495 5.887 9.736 

ACCMt-1 23,637 0.217 0.183 0.080 0.169 0.298 

INCENTIVE_OPTt - 1 23,637 0.485 0.428 0.000 0.567 0.937 

INCENTIVE_STKt - 1 23,637 0.151 0.205 0.024 0.069 0.179 

BONUSt-1 23,637 0.597 1.087 0.000 0.000 0.867 
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Panel B. Correlation Matrix 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

                 

CEOGIFTt-1 (1) 1.000               
NCSKEWt (2) 0.019 1.000              
DUVOLt (3) 0.020 0.885 1.000             
NCSKEWt-1 (4) 0.004 0.038 0.039 1.000            
DTURNt-1 (5) -0.003 0.011 0.010 0.058 1.000           
RETt-1 (6) 0.004 0.044 0.052 -0.239 -0.054 1.000          
SIGMAt-1 (7) -0.033 0.020 0.020 0.072 0.135 0.064 1.000         
SIZEt-1 (8) 0.057 -0.011 -0.008 0.003 0.022 -0.072 -0.350 1.000        
MBt-1 (9) 0.026 0.039 0.038 -0.030 0.013 0.230 -0.045 -0.017 1.000       
LEVt-1 (10) 0.010 -0.009 -0.008 0.004 0.051 -0.067 -0.102 0.332 0.003 1.000      
ROAt-1 (11) 0.042 0.066 0.062 -0.011 0.076 0.171 -0.243 0.016 0.313 -0.132 1.000     
ACCMt-1 (12) 0.003 0.046 0.038 0.044 -0.014 0.038 0.219 -0.299 0.373 -0.286 0.205 1.000    
INCENTIVE 

_OPTt - 1 
(13) 0.041 0.022 0.015 -0.009 0.012 0.084 -0.050 0.210 0.178 -0.013 0.119 0.104 1.000   

INCENTIVE 

_STKt - 1 
(14) 0.027 0.008 0.002 -0.005 0.004 0.075 -0.024 0.043 0.179 -0.092 0.157 0.079 0.036 1.000  

BONUSt-1 (15) 0.006 0.004 0.003 -0.036 0.037 0.114 -0.033 0.165 0.100 0.026 0.121 0.002 0.109 -0.054 1.000 
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Table 3.2. Determinants of CEOs’ Stock Gifts 

The table presents the results of the regression analysing the determinants of CEO stock gift. The sample 

contains firm-years from 1997 to 2016 with non-missing values for all control variables. All variables 

are defined in the Appendix 3.A. t-statistics are reported in parentheses. The standard errors are 

clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, 

respectively.  

 

  CEOGIFT t-1 

Variable (1) (2) (3) (4) (5) 

      

CEOTEN t-1 0.020***    0.024** 

 (4.71)    (2.39) 

CEOPO t-1  0.063**   -0.073 

  (2.37)   (-1.38) 

CEOAGE t-1   0.013***  0.014*** 

   (3.54)  (2.62) 

BOARD_IND t-1    -0.419* -0.442* 

    (-1.88) (-1.73) 

NCSKEWt-1 -0.002 0.004 0.044 0.028 0.013 

 (-0.07) (0.11) (1.16) (0.83) (0.29) 

DTURNt-1 -0.218 -0.238 -0.236 -0.306 -0.192 

 (-0.64) (-0.62) (-0.69) (-1.01) (-0.46) 

RETt-1 -2.384 0.169 -1.001 -1.007 0.622 

 (-0.59) (0.04) (-0.26) (-0.29) (0.13) 

SIGMAt-1 -0.502 -2.060 -0.547 0.054 -2.857* 

 (-0.40) (-1.48) (-0.40) (0.05) (-1.85) 

SIZEt-1 0.124*** 0.127*** 0.169*** 0.145*** 0.106*** 

 (5.16) (4.56) (6.08) (6.01) (2.67) 

MBt-1 0.012 0.021 0.036** 0.031** 0.019 

 (0.91) (1.32) (2.24) (2.25) (1.12) 

LEVt-1 -0.143 -0.421* -0.543** -0.259 -0.349 

 (-0.68) (-1.74) (-2.19) (-1.24) (-1.31) 

ROAt-1 0.012*** 0.009** 0.010*** 0.010*** 0.008* 

 (3.54) (2.23) (2.79) (3.35) (1.90) 

ACCMt-1 0.248 -0.148 -0.155 0.222 -0.179 

 (1.24) (-0.67) (-0.75) (1.24) (-0.75) 

INCENTIVE_OPTt - 1 0.190*** 0.179** 0.210*** 0.212*** 0.212** 

 (2.58) (2.21) (2.77) (3.08) (2.44) 

INCENTIVE_STKt - 1 -0.051 0.104 0.189 0.089 0.066 

 (-0.29) (0.51) (1.14) (0.60) (0.30) 

BONUSt-1 -0.072** -0.041 -0.019 -0.021 -0.046 

 (-2.11) (-0.99) (-0.63) (-0.78) (-1.02) 

Constant -1.932*** -1.640*** -2.530*** -3.174*** -1.990** 

 (-3.80) (-2.72) (-4.28) (-5.91) (-2.40) 

      

Adj. R2 0.015 0.014 0.035 0.029 0.017 

Industry FE Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes 

NObs 14,732 12,048 16,311 20,024 11,011 

      



 

 

83 

Table 3.3. Baseline Regressions 

The table presents the results of the association between CEOs’ stock gifts on stock price crash risk. 

The regression model is as follows:  

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐶𝐸𝑂𝐺𝐼𝐹𝑇𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡 

where CRASH_RISK  represents the stock price crash measures: NCSKEW or DUVOL;  

CEOGIFT is the mean ratio of number shares gifted by CEO to shares owned at the time of the 

transaction in the firm of year t-1; CONTROL represents all control variables. All variables are defined 

in the Appendix 3.A.The sample contains firm-year observations from 1997 to 2016 with non-missing 

values for all control variables. t-statistics are reported in parentheses. The standard errors are clustered 

by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, 

respectively.  

 

Variable 

NCSKEWt  DUVOLt 

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

      

CEOGIFTt-1 0.311** 0.391***  0.220** 0.224** 

 (2.34) (2.67)  (2.43) (2.24) 

DTURNt-1 0.044 0.147**  0.010 0.078* 

 (0.71) (2.30)  (0.24) (1.81) 

NCSKEWt-1 0.038*** -0.072***  0.028*** -0.036*** 

 (5.02) (-8.93)  (5.79) (-6.93) 

RETt-1 5.266*** 3.466***  4.352*** 3.316*** 

 (7.36) (4.60)  (8.95) (6.49) 

SIGMAt-1 0.585** -1.195***  0.589*** -0.700*** 

 (2.45) (-3.80)  (3.65) (-3.32) 

SIZEt-1 0.007* 0.127***  0.005* 0.088*** 

 (1.87) (8.92)  (1.76) (9.25) 

MBt-1 -0.000 0.013***  0.001 0.011*** 

 (-0.02) (4.23)  (0.53) (5.15) 

LEVt-1 0.031 -0.108*  0.001 -0.099** 

 (0.85) (-1.75)  (0.05) (-2.40) 

ROAt-1 0.004*** 0.004***  0.003*** 0.002*** 

 (6.12) (4.51)  (5.59) (3.92) 

ACCMt-1 0.058 0.112**  0.023 0.068** 

 (1.57) (2.28)  (0.93) (2.09) 

INCENTIVE_OPTt - 1 0.013 0.004  0.007 0.003 

 (1.09) (0.28)  (0.84) (0.26) 

INCENTIVE_STKt - 1 -0.019 -0.001  -0.030* -0.012 

 (-0.79) (-0.03)  (-1.86) (-0.46) 

BONUSt-1 -0.004 -0.004  -0.002 -0.001 

 (-0.96) (-0.70)  (-0.70) (-0.33) 

Constant -0.213** -2.596***  -0.160*** -1.820*** 

 (-2.55) (-8.86)  (-2.82) (-9.31) 

      

Adj. R2 0.027 0.060  0.031 0.058 

Industry FE Yes   Yes  
Year FE Yes Yes  Yes Yes 

Firm FE  Yes   Yes 

NObs 23,637 23,637  23,637 23,637 
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Table 3.4. Robustness Check 

The table presents the results of the regression analysing the association between CEO stock gift and 

future stock price crash risk using two alternative measures of CEO’s stock gifts. CEOGIFT_DUM is 

an indicator variable that equals one if CEOs made stock gifts during t-1 and CEOGIFT_SZ as the mean 

ratio of number shares gifted by CEO to firm size in the firm of year t-1.  

The sample contains firm-years from 1997 to 2016 with non-missing values for all control variables. 

All variables are defined in Appendix 3.A. t-statistics are reported in parentheses. The standard errors 

are clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 

levels, respectively.  

 

Variable 

NCSKEWt  DUVOLt 

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

    
   

CEOGIFT_DUMt-1 0.053***  
 0.040***  

 (2.93)  
 (3.30)  

CEOGIFT_SZt-1  0.158**   0.134*** 

  (2.40)   (3.05) 

      

Control variables Yes Yes  Yes Yes 

      

Adj. R2 0.025 0.025  0.030 0.030 

Industry FE Yes Yes  Yes Yes 

Year FE Yes Yes  Yes Yes 

NObs 23,427 23,427  23,427 23,427 
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Table 3.5. Entropy Balancing 

The table presents the results of the regression analysing the association between CEO stock gift and 

stock price crash risk using an entropy balanced sample. Columns (1) and (3) contain the results of two 

distribution moments (mean and variance) that are matched between treatment and control variables, 

and Columns (2) and (4) show the results of three distribution moments (mean, variance and skewness). 

The sample contains firm-years from 1997 to 2016 with non-missing values for all control variables. 

All variables are defined in the Appendix 3.A. t-statistics are reported in parentheses. The standard 

errors are clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 

10% levels, respectively.  

 

Variable 

NCSKEWt  DUVOLt 

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

   
   

CEOGIFTt-1 0.290** 0.279**  0.200** 0.194** 

 (2.16) (2.08)  (2.20) (2.13) 

      

Control variable Yes Yes  Yes Yes 

      

R2 0.037 0.037  0.043 0.043 

Industry FE Yes Yes  Yes Yes 

Year FE Yes Yes  Yes Yes 

NObs 23,637 23,637  23,637 23,637 
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Table 3.6. Instrumental Variable Approach 

The table presents the estimation results of the following 2SLS regressions: 

𝐶𝐸𝑂𝐺𝐼𝐹𝑇𝑖,𝑡−1 = 𝛿0 + 𝛿1𝐼𝑁𝐷_𝐶𝐸𝑂𝐺𝐼𝐹𝑇 𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡−1 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐶𝐸𝑂𝐺𝐼𝐹𝑇̂  𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 𝑒𝑖,𝑡 

In the first-stage regression, we regress CEOGIFT on instrumental variables, IND_CEOGIFT, as well 

as other firm characteristic variables. In the second stage, we then model crash risk measures 

(CRASH_RISK) as a function of 𝐶𝐸𝑂𝐺𝐼𝐹𝑇 ̂ estimated from the first stage regression. The sample 

contains firm-year observations from 1997 to 2016 with non-missing values for all control variables. 

All variables are defined in Appendix 3.A. t-statistics are reported in parentheses. The standard errors 

are clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 

levels, respectively.  

 

Variable 

First stage  NCSKEWt  First stage  DUVOLt 

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

   
 

 
   

 

IND_CEOGIFTt-1 0.183***  
 

 0.183***  
 

 (23.47)  
 

 (23.47)  
 

𝐶𝐸𝑂𝐺𝐼𝐹𝑇𝑡−1 ̂   
 1.555**    0.901* 

  
 (2.13)    (1.73) 

        

Control variable Yes  Yes  Yes  Yes 

        

Adj. R2 0.104  0.029  0.104  0.032 

Industry FE Yes  Yes  Yes  Yes 

Year FE Yes  Yes  Yes  Yes 

NObs 23,310  23,310  23,310  23,310 
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Table 3.7. Long-term Effect 

The table presents the results of the impact of CEOs’ stock gifts on future stock price crash risk during 

the next two-year, three-year and four-year windows. The sample contains firm-years from 1997 to 

2016 with non-missing values for all control variables.  

All variables are defined in Appendix 3.A. t-statistics are reported in parentheses. The standard errors 

are clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 

levels, respectively.  

 

Variable 

NCSKEWt+2 DUVOLt+2  NCSKEWt+3 DUVOLt+3  NCSKEWt+4 DUVOLt+4 

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

    
 

  
 

  
CEOGIFTt-1 0.093 0.070  -0.194 -0.092  -0.000 0.114 

 (0.62) (0.69)  (-1.22) (-0.88)  (-0.00) (0.98) 

         

Control 

variables Yes Yes 

 

Yes Yes 

 

Yes Yes 

         

Adj. R2 0.023 0.027  0.025 0.028  0.025 0.027 

Industry FE Yes Yes  Yes Yes  Yes Yes 

Year FE Yes Yes  Yes Yes  Yes Yes 

NObs 20,481 20,481  18,013 18,013  16,090 16,090 
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Table 3.8. CEOs’ Stock Gifts and Bad News Hoarding 

This table presents the results for the effect of CEOs’ stock gifts on proxies for hiding bad news. We 

use four proxies for hiding bad news, ACCM, FOG _PRES, FOG_QA and SURP_MEAN. The sample 

contains firm-year observations from 1997 to 2016 with non-missing values for all control variables.  

All variables are defined in the Appendix 3.A. t-statistics are reported in parentheses. The standard 

errors are clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 

10% levels, respectively.  

 

Variable 

SURP_MEANt  FOG_PRESt  FOG_QAt 

(1)  (2)  (3) 

    
 

 
 

CEOGIFTt-1 0.860**  0.446***  0.359** 

 (2.30)  (3.09)  (2.08) 

DTURN t-1 0.517***  -0.110*  -0.083  
(3.37)  (-1.65)  (-1.08) 

RETt-1 11.529***  -1.071  0.100  
(7.61)  (-1.28)  (0.10) 

SIGMA t-1 -8.749***  2.733***  0.808**  
(-14.02)  (9.34)  (2.36) 

SIZE t-1 0.402***  -0.044***  0.116***  
(40.69)  (-9.06)  (21.35) 

MB t-1 0.022***  -0.021***  0.002  
(3.89)  (-8.49)  (0.77) 

LEVt-1 -0.018  0.348***  0.107**  
(-0.19)  (7.26)  (1.99) 

ROAt-1 0.016***  -0.006***  -0.005***  
(9.53)  (-8.31)  (-4.93) 

ACCMt-1 0.845***  0.113***  0.140*** 

 (9.62)  (2.65)  (2.82) 

Constant -7.018***  15.312***  8.943*** 

 (-32.36)  (70.41)  (42.25) 

      

Adj. R2 0.347  0.246  0.129 

Industry FE Yes  Yes  Yes 

Year FE Yes  Yes  Yes 

NObs 22,747  64,242  63,212 
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Table 3.9. Backdating and Tax Planning 

The table presents the results of the subsample regressions of NCSKEWi,t, and DUVOLi,t on CEOGIFTi,t-

1 based on BACKDATE and TAXPLAN. The sample contains firm-year observations from 1997 to 2016 

with non-missing values for all control variables. All variables are defined in Appendix 3.A. t-statistics 

are reported in parentheses. The standard errors are clustered by firm and year. ***, **, and * indicate 

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

 

Panel A. Backdate 

 NCSKEWt  DUVOLt 

 BACKDATE =1 BACKDATE =0  BACKDATE =1 BACKDATE =0 

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

    
 

  
CEOGIFTt-1 0.542*** -0.251  0.357*** -0.128 

 (2.891) (-0.830)  (2.868) (-0.630) 

      

Control 

variables Yes Yes 

 

Yes Yes 

      

Adj. R2 0.042 0.028  0.050 0.039 

Industry FE Yes Yes  Yes Yes 

Year FE Yes Yes  Yes Yes 

NObs 3,686 1,632  3,686 1,632 

    

Subsample 

difference χ2= 6.00 

 

χ2= 4.83 

CEOGIFT t-1 (Prob= 0.0143)  (Prob= 0.0280) 

 

 

Panel B. Tax planning 

 NCSKEWt  DUVOLt  

 TAXPLAN=1 TAXPLAN=0  TAXPLAN=1 TAXPLAN=0 

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

    
 

  
CEOGIFTt-1 0.525*** -0.073  0.370*** -0.091 

 (2.755) (-0.246)  (2.927) (-0.453) 

      

Control 

variables Yes Yes 

 

Yes Yes 

      

Adj. R2 0.036 0.032  0.042 0.038 

Industry FE Yes Yes  Yes Yes 

Year FE Yes Yes  Yes Yes 

NObs 3,741 1,577  3,741 1,577 

    

Subsample 

difference χ2= 3.12 

 

χ2= 3.99 

CEOGIFT t-1 (Prob= 0.0774)  (Prob= 0.0456) 
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Table 3.10. Cross-sectional Analysis 

This table presents the results of the effects of analyst coverage and CEO power on the association 

between CEO stock gift and stock price crash risk. The sample contains firm-year observations from 

1997 to 2016 with non-missing values for all control variables.  

All variables are defined in Appendix 3.A. t-statistics are reported in parentheses. The standard errors 

are clustered by firm and year. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 

levels, respectively.  

 

 NCSKEWt  DUVOLt 

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

       
CEOGIFTt-1 -0.297 1.668***  -0.259 0.968** 

 (-0.25) (2.82)  (-0.63) (2.14) 

CEOPOt-1 -0.007   -0.005  

 (-0.63)   (-0.55)  

CEOGIFTt-1*CEOPOt-1 2.490*   1.128**  

 (1.68)   (2.17)  

ANALYSTt-1  0.016   0.008 

  (1.54)   (0.93) 

CEOGIFTt-1*ANALYSTt-1  -1.442**   -0.798 

  (-1.98)   (-1.43) 

      

Control variables Yes Yes  Yes Yes 

      

Adj. R2 0.030 0.034  0.030 0.034 

Industry FE Yes Yes  Yes Yes 

Year FE Yes Yes  Yes Yes 

NObs 17,362 23,637  17,362 23,637 
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APPENDIX 3.A. Variable Definitions 

A.1. Dependent variables: crash risk measures 

NCSKEW The negative skewness of firm-specific weekly returns over the fiscal year period 

DUVOL The log of the ratio of the standard deviation of firm‐specific weekly returns for 

down weeks to the standard deviation of firm‐specific weekly returns for up weeks. 

For each firm i over a fiscal year period t, we define down weeks as all the weeks 

with firm‐specific weekly returns below the annual mean and up weeks as those 

with firm‐specific returns above the annual mean 

A.2. Measures of CEOs’ stock gifts 

CEOGIFT The mean ratio of the number of shares gifted by CEO to the number of shares 

owned at the time of the transaction of firm i in year t-1 

CEOGIFT_DUM The indicator variable that equals one if CEOs made stock gifts during the fiscal 

year 

CEOGIFT_SZ The mean ratio of number shares gifted by CEO to firm’s size of firm i in year t-1 

A.3. Control variables  

DTURN The average monthly share turnover over the current fiscal year period minus the 

average monthly share turnover over the previous fiscal year period, where monthly 

share turnover is calculated as the monthly trading volume divided by the total 

number of shares outstanding during the month 

SIGMA The standard deviation of firm-specific weekly returns over the fiscal year period. 

RET The average of firm‐specific weekly returns over the fiscal year period. 

SIZE The natural logarithm of a firm’s market value. 

MB The market value of equity divided by the book value of equity. 

LEV The total long-term debts divided by total assets. 

ROA The income before extraordinary items divided by lagged total assets. 

ACCM  the prior three years’ moving sum of the absolute value of discretionary accruals, 

where discretionary accruals are estimated from the modified Jones model 

(denoted OPAQUE in Hutton et al. (2009)). 

INCENTIVE_OPT The incentive ratio for executive option holdings, which is measured 

as ONEPCT_OPT/(ONEPCT_OPT + SALARY + BONUS). The 

variable ONEPCT_OPT is the dollar change in the value of executive option 

holdings resulting from a 1 percent increase in the firm’s stock price measured as 

0.01 × share price × option delta × number of options, assuming the option delta 

equals one 

INCENTIVE_STK  

 

The incentive ratio for executive stock holdings, defined similarly 

to INCENTIVE_OPT 

BONUS The CEO bonus in the current year divided by cash salary 

A.4. Other variables 

CEOTEN CEO tenure, which is the number of years in which CEOs stay in their current 

position 

CEOPO CEO power index, which is the first principal component analysis of CEO tenure, 

CEO duality, CEO ownership 

CEOAGE The age of CEO in the current year 

BOARD_IND Board independence, which is the number of independent directors divided by the 

total number of directors. 

BACKDATE 

 

The indicator variable that equals 1 if at least one CEO gift in that year is backdated 

(SEC filling is filed more than two trading days from the gifting date). 

TAXPLAN 

 

The indicator variable that equals 1 for CEOs who have at least their stock gifts 

filed during the peak tax season during the fiscal year t-1 and 0 otherwise. 

ANALYST The number of financial analysts at the fiscal year t-1 
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Chapter 4  

Issuer Rating Downgrades and Stock Price Crash Risk 

 

4.1. INTRODUCTION 

Credit rating agencies (CRAs) play a crucial role in capital markets by assessing the financial 

credibility of debt issuers and facilitating investment decisions. Prior studies suggest that CRAs 

are well-informed and that their ratings convey private information on firms (e.g. Griffin and 

Sanvicente, 1982). Thus, credit rating changes, especially downgrades, facilitate negative 

information flow from the debt market to the equity market and reduce the likelihood of 

managers’ information hoarding. Most studies show that withholding negative information is 

positively related to the probability of stock price crashes in the future (e.g. Hutton et al. 2009; 

Jin and Myers 2006).30 Thus, rating downgrades might be negatively related to the likelihood 

of stock price crashes in the future. In contrast, issuer rating downgrades send a negative signal 

about a firm’s prospects to equity investors. Such an adverse event might cause panic in the 

equity market because of information asymmetry between insiders and outside investors (He 

et al. 2011). Related empirical evidence shows significantly negative abnormal stock or bond 

returns around rating downgrades (Bannier and Hirsch 2010; Chung et al. 2012; Hu et al. 2016). 

According to this viewpoint, rating downgrades might exacerbate future stock price crash risk. 

                                                           
30 This argument is that once the accumulated negative information reaches a tipping point, it will be released to 

the market all at once, resulting in stock price crashes. 
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To resolve this debate, we examine the influence of issuer rating downgrades on future stock 

price crash risk, using a comprehensive international sample of firms in 69 countries.31  

First, we empirically examine the impact of credit rating downgrades on a firm’s stock price 

crash risk. Boot et al. (2006) build a theoretical framework to demonstrate that credit ratings 

serve as an implicit contract between the firms and CRAs, in that the latter plays a monitoring 

role and pressures firms to improve their credit quality. The monitoring effect, to some extent, 

reduces the self-serving behaviour of corporate managers, thus mitigating the information gap 

between insiders and outsiders. Moreover, previous studies show that credit rating downgrades 

convey new information to common shareholders beyond what could be acquired by investors 

or stock analysts (Hu et al. 2016; Jorion and Zhang 2010). Drawing on agency theory (Jensen 

and Meckling, 1976), managers voluntarily release good news to the equity market but 

withhold bad information, leading to information asymmetry between managers and outside 

investors. Given the breadth of the information content embedded in credit rating change, 

observed downgrades in a company’s debt classification can plausibly lower its information 

asymmetry, thereby reducing bad news hoarding by managers. Therefore, we compose the 

baseline hypothesis that future stock price crash risk is lower after issuer rating downgrades. 

To test this conjecture, we collect data on credit rating announcements made by Standard & 

Poor’s for 33,325 publicly listed firms in 69 countries from 1997 to 2017. We define credit 

rating downgrades using an indicator variable that equals one if a firm experiences a rating 

downgrade during the six months before the fiscal year start date; it equals zero otherwise. 

Following prior studies (Chen et al. 2001; Kim et al. 2011a; 2011b), we proxy firm-specific 

                                                           
31 In untabulated tables, we examined the effect of rating upgrade variable for robustness and endogeneity tests 

and found insignificant results. Thus, this chapter focuses the effect of rating downgrade on stock stock price crash 

risk.  
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crash risk by the negative skewness of firm-specific weekly returns (NCSKEW) and by the 

asymmetric volatility of negative versus positive firm-specific weekly returns (DUVOL).  

Our baseline results show that firms with rating downgrades experience a lower future stock 

price crash risk. Specifically, we find that the average effects of a rating downgrade in year t-1 

are -6.7% and -4.4%, respectively, in the regressions of both crash risk measures in year t, 

controlling for firm-specific variables. Our findings are robust to controlling for the firm- and 

year-fixed effects, as well as in alternative samples that are restricted to the countries with at 

least one rating downgrade or the Group of Seven (G7) countries. Our primary results are also 

supported using alternative measures of a rating downgrade. Moreover, we find that credit 

rating downgrades can have a long-term impact on crash risk – as far as two years into the 

future. We also address the endogeneity concerns via two widely-used methods: propensity 

score matching (DeFond et al. 2015) and instrumental variable approach (Bae et al. 2013).  

Furthermore, we examine whether the impact of the credit rating downgrades on future crashes 

is moderated by firm-level information transparency. First, we use accrual manipulation as a 

proxy for the information opacity of firms’ financial reports, as proposed by Hutton et al. 

(2009). Accordingly, high accrual manipulation implies that there is less firm-specific 

information in the capital market, which may underscore the vital role of financial 

intermediaries such as CRAs in providing more information. Second, Chordia et al. (2008) 

argue that high liquidity attracts arbitrage trading that increases new information impounded in 

stock prices and enhances market efficiency. Therefore, investors trading illiquid stocks may 

be less able to access firm-specific information and can utilise credit ratings as an alternative 

source of information. As such, we find that the negative effect of downgrades on future stock 

price crash risk is more pronounced in the subsample of firms with high accrual and low 

liquidity.  



 

 

95 

We also examine the impact of issuer rating downgrades on future stock price crash risk, using 

two alternative information transparency measures at the country level. We consider the 

moderating role of corporate information transparency (Bushman et al. 2004) in this observed 

relationship. We find that the negative impact of downgrades on stock price crash risk is 

attenuated in the subsample of countries with a higher level of transparency. Our results are 

consistent with those of Dasgupta et al. (2010) that a firm environment with greater 

transparency causes stock prices to aggregate more firm-specific information in the equity 

market, diluting the effect of information impounded in the rating downgrades.  

Finally, following Ding and Pu (2012), who find that cross-financial market linkages become 

stronger in a crisis, we explore the impact of downgrades on future stock price crash risk in 

three subsamples: before, during, and after the global financial crisis. We find that the effect of 

an issuer rating downgrade is significantly negative in the periods before and after the crisis, 

but not during the crisis period. Our results imply that, during the crisis, the spillover effect of 

information between financial markets could diminish information asymmetry and then 

attenuate the impact that information compounded in rating downgrades exerts on crash risk.  

This paper makes three contributions. First, empirical evidence is established for the effect of 

credit rating changes in research areas of corporate finance, such as capital structure 

(Faulkender and Petersen 2006; Kisgen 2009), financial constraints (Campello et al. 2010), the 

performance of stock and corporate bonds (Bannier and Hirsch 2010; Behr and Güttler 2008; 

Chung et al. 2012; Jorion et al. 2005), and voluntary disclosure (Basu et al. 2020). Motivated 

by the importance of credit rating changes, our study substantiates this line of literature. We 

provide evidence for the mitigating effect of rating downgrades on stock price crash risk; this 

suggests that credit rating changes help convey information from debt to equity markets. 

Second, our findings provide complementary evidence related to the roles of external 
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information intermediaries. For instance, Healy and Palepu (2001) report that the intermediary 

information role of financial analysts and auditors mitigates information asymmetry. 

Expanding on this argument, several studies show that the information transmission and 

corporate governance roles of these intermediaries reduce stock price crash risk (Callen and 

Fang 2017; He et al. 2019). This study offers new evidence to investors and market regulators, 

showing that rating downgrades could lower a firm’s stock price crash risk through information 

embedded in its ratings. Third, while most existing studies of rating changes are limited to a 

single-country setting with a few exceptions observed (e.g. Finnerty et al. 2013; Hu et al. 2016), 

we investigate the impact of credit rating changes, using an international sample of 69 

countries.32   

The remainder of the paper is structured as follows. Section 4.2 reviews the related literature 

and hypotheses. Section 4.3 describes the sample and research design. Sections 4.4 and 4.5 

discuss the empirical results and robustness tests. Section 4.6 presents our conclusions.  

4.2. RELATED LITERATURE AND HYPOTHESES DEVELOPMENT 

4.2.1. Credit Rating Downgrades 

Debtholders are among the vital capital providers for a firm. In contrast to shareholders’ 

primary interest in assessing growth opportunities, debtholders are more concerned about the 

downside risk of the business; thus, they have an incentive to monitor business activities. Harris 

and Raviv (1990) posit that debtholders exert a disciplining effect on the information flow to 

uninformed investors by using their option to force a firm into liquidation. In a reflection of 

debtholders’ interests, CRAs (e.g. Moody’s and Standard & Poor’s) rely on the probability 

                                                           
32 Finnerty et al. (2013) and Hu et al. (2016) investigate firm-specific stock price reactions to rating announcements 

by using global S&P data and the G7 countries, respectively. 
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distribution of a firm’s future cash flows to bondholders to construct their ratings, which have 

been used as a tool to evaluate a firm’s creditworthiness. 

Through their rating activities, CRAs function as information intermediaries, helping improve 

the informational efficiency of capital markets (Healy and Palepu 2001). Notably, CRAs 

alleviate the problem of information asymmetry between issuers and investors in the equity 

market (Boot et al. 2006). Supporting this view, Ederington et al. (1987) and Griffin and 

Sanvicente (1982) show that CRAs evaluate publicly traded firms and communicate their 

findings and opinions to uninformed investors, thus conveying private information beyond 

what could be acquired by investors or stock analysts.  

Furthermore, a nascent stream of literature has examined the information content of credit 

ratings and its effects on various corporate matters. Kisgen (2009), for example, shows that 

credit rating changes affect capital structure decisions, whereby firms tend to reduce their 

borrowings instead of equity in the face of a rating downgrade. Thus, they argue that a rating 

downgrade is a better predictor of capital structure arrangement than changes in profitability, 

bankruptcy probability, or leverage. In addition, Faulkender and Petersen (2006) report that 

credit ratings enable firms to raise more debt when they have access to the public bond market. 

Since many studies have focused on the role of credit ratings in the debt market, An and Chan 

(2008) and Liu and Malatesta (2006) provide evidence that credit ratings reduce value 

uncertainty for the issuing firms in initial public offerings (IPOs) and in seasoned equity 

offerings (SEOs) markets. Their findings are attributed to the fact that credit ratings reduce 

information asymmetry across various financial markets.33  

                                                           
33 The most recent paper (Basu et al. 2020) finds that the regulatory role, rather than the information role, of 

credit ratings influence firms’ provision of voluntary disclosure. However, our paper focuses on the information 

intermediary role of CRAs and its effect on stock price crash risk.  
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While these studies document information on credit ratings, our paper focuses on rating 

downgrades because they are more valuable to outside investors, for two reasons. First, stock 

returns around announcements of rating upgrades are insignificant, although stock returns 

respond negatively to downgrade announcements.34 This asymmetric market reaction implies 

that rating upgrades are not as timely as downgrades (Kim and Nabar 2007). Second, while 

rating upgrades only reflect publicly available information, downgrades uncover firm-specific 

private information (Holthausen and Leftwich 1986). Moreover, managers voluntarily release 

good news to the equity market but withhold bad information (Ederington and Goh 1998). 

Hence, downgrade announcements may be more informative than upgrade announcements.  

4.2.2. Stock Price Crash Risk 

Another stream of research concerns the consequence of the information asymmetry existing 

between corporate insiders and outsider investors. Prior studies (Hutton et al. 2009; Jin and 

Myers 2006; Kim et al. 2011a; 2011b; Kothari et al. 2009) argue that managers withhold bad 

news from external stakeholders due to their concerns for personal interests such as career 

security, incentive compensation, and aggressive tax planning and strategies. For similar 

reasons, managers voluntarily announce good news immediately but release bad news slowly 

(Ederington and Goh 1998). However, when bad news is accumulated until the tipping point, 

insiders give up; consequently, all of the bad firm-specific news suddenly becomes publicly 

available, resulting in a stock price crash (Hutton et al. 2009; Jin and Myers 2006).  

Moreover, previous literature on the determinants of crash risk has described two categories of 

governance mechanisms: internal and external mechanisms. Firms with ineffective internal 

control mechanisms prevent outside investors from accessing reliable financial information by 

accrual manipulation (Ashbaugh‐Skaife et al. 2009; Feng et al. 2009). Xu et al. (2014), for 

                                                           
34 The detailed literature is shown in the hypothesis development section 
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example, show that excess perks in state-owned enterprises in China encourage managers to 

conceal negative information over extended periods for personal benefit; in turn, this increases 

future crashes. In contrast, firms with high-quality internal control, which may alleviate self-

serving managerial behaviour and address the agency problem between managers and outside 

investors, thus mitigate future stock price crash risk (Andreou et al. 2016; Chen et al. 2017; 

Kim and Zhang 2016). 

Existing studies suggest that external governance, by uncovering and disseminating firm-

specific information, reduces information asymmetry within and across financial markets. 

According to Kothari et al. (2009) and Robin and Zhang (2015), information intermediaries 

such as financial analysts and auditors could mitigate the agency conflicts between managers 

and investors by revealing their findings from private and public resources to the capital 

markets. Similarly, Callen and Fang (2017) assert that, as auditor tenure and analyst coverage 

increase, greater effort and resources are devoted to uncovering private information; this likely 

decreases the occurrences of stock crashes.35 

4.2.3. Hypothesis Development 

The evidence related to the impact of corporate rating downgrades on future stock price crash 

risk is mixed. On the one hand, issuer rating downgrades might increase stock price crash risk 

for several reasons. First, rating downgrades convey negative information about a deterioration 

in a firm’s financial prospects to equity investors (Kim and Nabar 2007). Such adverse events 

may cause panic in the equity market because of information asymmetry between insiders and 

equity investors. Second, empirical evidence indicates significantly negative abnormal stock or 

bond returns followed by bond downgrades in the equity market (Bannier and Hirsch 2010; 

Behr and Güttler 2008; Chung et al. 2012; Jorion et al. 2005) and the bond market (Hand et al. 

                                                           
35  For a review of the stock price crash risk literature, please see Habib et al. (2018).   

https://scholar.google.com.au/scholar?hl=en&as_sdt=0,5&q=information+intermediaries
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1992; Hite and Warga 1997; Steiner and Heinke 2001). However, there is an insignificant or 

small market effect in upgrades in the equity market (Bannier and Hirsch 2010; Behr and 

Güttler 2008; Chung et al. 2012; Jorion et al. 2005; Norden and Weber 2004), as well as in the 

bond market (Hand et al. 1992; Hite and Warga 1997; Steiner and Heinke 2001).36 The adverse 

market reactions immediately after rating downgrades signal bad news about future firm 

performance; this may exacerbate stock price crashes over the immediate term.37 

On the other hand, issuer rating downgrades by CRAs can decrease the stock price crash risk 

over the long term. CRAs give an independent assessment of issuers’ creditworthiness, thereby 

providing information resources that reduce information costs and increase the market’s 

liquidity (De Haan and Amtenbrink 2011). A downgrade informs investors of greater 

uncertainty about the issuer’s value, which makes private information more valuable and the 

number of informed investors also increases following a rating downgrade (Cortes et al. 2017). 

Similarly, negative information on rating downgrades is released gradually from the debt 

market and then alleviates information asymmetry in the equity market and reduces future stock 

crashes. The negative effect of a downgrade is supported by the body of literature on the link 

between external corporate governance and future stock price crash risk.  

In summary, our study examines the relationship between rating downgrades and the following 

year’s crash risk. We posit that, unlike the immediate market reaction argument, firms with 

rating downgrades (but not upgrades) mitigate information asymmetry between managers and 

investors; in turn, this reduces future stock price crash risk. Our first hypothesis is as follows: 

                                                           
36 Weinstein (1977) (monthly bond returns) and Pinches and Singleton (1978) (monthly bond and stock returns) 

find no reliable abnormal returns in the year after the announcement of rating changes.  
37  Goh and Ederington (1993) argue that not all downgrades are negative information. Downgrades associated 

with deteriorating financial prospects convey new bad news to the capital market, although downgrades related to 

changes in a firm’s leverage do not.  
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Hypothesis 4.1: On average, a firm’s future stock price crash risk is lower after experiencing 

a rating downgrade. 

Furthermore, we posit two hypotheses regarding firm-level and country-level characteristics on 

the influence of issuer rating downgrades and crash risk. Investors in firms with greater 

information opacity are less able to obtain firm-specific information in the capital market 

(Hutton et al. 2009), underscoring the vital role of financial intermediaries such as CRAs in 

delivering additional firm-level information. Therefore, we expect that rating downgrades for 

firms with greater opacity can transmit more private firm-level information and thus help lower 

stock price crash risk.  

Previous study, Chang et al. (2017), documents an increase in stock price crash risk associated 

with a firm’s stock liquidity, since managers tend to withhold bad news to circumvent the 

aggressive selling behaviour of transient investors in more liquid stocks. Although this 

argument suggests that stock liquidity increases accumulated negative information hidden by 

managers, there is a competing argument regarding liquidity’s impact in terms of market 

efficiency. For example, Chordia et al. (2008) argue that high liquidity attracts arbitrage trading 

that increases new information impounded in stock prices and enhances market efficiency. 

Supporting their argument, we posit that more firm-specific information in liquid stocks 

reduces the effects of credit rating downgrades. Therefore, we posit the second hypothesis as 

follows: 

Hypothesis 4.2: The negative impact of a rating downgrade on future stock price crash risk is 

more pronounced among firms with high information opacity or low liquidity. 

We also consider the moderating role of corporate information transparency at the country 

level. Porta et al. (1998) and Bushman et al. (2004) show that the availability of information is 

a primary determinant of market efficiency in an economy. In countries with a high level of 
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information transparency, we expect that more firm-level information is likely to be released 

to outside investors from the debt market. Thus, the effect of downgrade announcements tends 

to be weaker in countries with a more transparent information environment. Hence, we posit 

that the influence of rating downgrades on future stock price crash risk is more pronounced 

among countries with a less-transparent information environment:   

Hypothesis 4.3: The negative impact of a rating downgrade on future stock price crash risk is 

more pronounced in countries with low information transparency. 

4.3. SAMPLE AND RESEARCH DESIGN 

4.3.1. Sample and Data Source 

The sample of this study is constructed from two primary databases. The weekly return data 

for the development of crash risk measures and annual accounting and financial data are 

obtained from WorldScope and Datastream via Thomson Reuters and from The Standard & 

Poor’s (S&P’s) Long-Term Domestic Issuer credit rating information (via Bloomberg). Our 

inclusion criterion is that a company have a valid ISIN, which we then use to merge the 

databases mentioned above. We also exclude those observations with missing credit rating 

information or accounting information. These filtering criteria yield a final sample of 255,808 

firm-years spanning 1997–2017.    

4.3.2. Credit Rating Change 

In Standard & Poor’s rating system, the rating change would be classified as a downgrade from 

AAA to AA or as an upgrade if the S&P’s rating changed from AA to AAA. Accordingly, we 

define DOWN_DUM (UP_DUM) as an indicator variable of credit rating downgrade (upgrade). 

It equals one if the firm experienced a rating downgrade (upgrade) in half of a year before each 

fiscal year; otherwise, it equals zero.  
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4.3.3. Stock Price Crash Risk  

To calculate the measures of firm-specific crash risk, we follow Jin and Myers’s (2006) market 

model. We adopt two firm-specific measures of stock price crash risk for each firm-year 

observation: (i) the negative coefficient of skewness of the firm’s daily returns (NCSKEW) and 

(ii) the down-to-up volatility of firm-specific daily returns (DUVOL).  

First, we regress the firm’s weekly returns for a year in a country in our sample on the MSCI 

market index in the current week, as well as two weeks forward and backward, as in Eq. (4.1): 

𝑟𝑖,𝜏,𝑗 = 𝛼𝑖 + 𝛽1,𝑖,𝑗𝑟𝑚,𝜏,𝑗 + 𝛽2,𝑖,𝑗𝑟𝑚,𝜏−1,𝑗 + 𝛽3,𝑖,𝑗𝑟𝑚,𝜏−2,𝑗 + 𝛽4,𝑖,𝑗𝑟𝑚,𝜏+1,𝑗 + 𝛽5,𝑖,𝑗𝑟𝑚,𝜏+2,𝑗 + 휀𝑖,𝜏,𝑗   (4.1) 

where 𝑟𝑖,𝜏 is the stock return for firm i in week 𝜏 in country j; 𝑟𝑚,𝜏 is the return of the local 

MSCI market index in week 𝜏; and 휀𝑖,𝜏 is an error item. We include the lead and lag terms for 

the market index return to allow for nonsynchronous trading (Dimson 1979). The weekly return 

for firm i in week 𝜏 in country j (𝑊𝑖,𝜏,𝑗) is measured by the natural log of one plus the residual 

return, as in Eq. (4.1): 

                     𝑊𝑖,𝜏,𝑗 = 𝑙𝑛(1 + 휀𝑖,𝜏,𝑗)                                   (4.2) 

In estimating Eq. (4.2), we require at least 20 available weekly return observations for each 

firm in each fiscal year (Hong et al. 2017). Following Chen et al. (2001), NCSKEW for a given 

firm i in the fiscal year t in country j is computed by taking the negative of the third moment of 

firm-specific weekly returns for each sample year and dividing its standard deviation raised to 

the third power, as shown in Eq. (4.3): 

   𝑁𝐶𝑆𝐾𝐸𝑊𝑖,𝑡,𝑗 = −[𝑛(𝑛 − 1)3/2 ∑ 𝑊𝑖,𝜏,𝑗
3 ]/ [(𝑛 − 1)(𝑛 − 2)(∑ 𝑊𝑖,𝜏,𝑗

2 )
3/2

]             (4.3) 

https://www.sciencedirect.com/science/article/pii/S0304405X1100033X#eq0005
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where 𝑊𝑖,𝜏 is as previously defined and n is the number of weekly return observations in year t. 

A more negatively skewed return distribution (that is, higher value for NCSKEW) indicates a 

higher crash risk.  

Our second proxy for stock price crash risk is the down-to-up volatility (DUVOL). This is 

calculated as the natural logarithm of the standard deviation of weekly stock returns 𝑊𝑖,𝜏,𝑗, 

during the weeks in which 𝑊𝑖,𝜏,𝑗 is lower than its annual means (down weeks) over the standard 

deviation of weekly stock returns 𝑊𝑖,𝜏,𝑗, and during the weeks in which 𝑊𝑖,𝜏,𝑗 is higher than its 

annual means (up weeks): 

𝐷𝑈𝑉𝑂𝐿𝑖,𝑡,𝑗 = 𝑙𝑜𝑔{[(𝑛𝑢 − 1) ∑ 𝑊𝑖,𝜏,𝑗
2

𝐷𝑂𝑊𝑁 ]/[(𝑛𝑑 − 1) ∑ 𝑊𝑖,𝜏,𝑗
2

𝑈𝑃 ]}                    (4.4) 

where 𝑛𝑢 is the number of up weeks and 𝑛𝑑 is the number of down weeks. A higher value 

for DUVOL indicates a higher crash risk. These two risk measures are winsorised at the 1st 

and 99th percentiles to mitigate the effect of outliers. 

4.3.4. Control Variables 

Following the recent literature on stock price crash risk (Kim et al. 2011a; 2011b; 2014; Kim 

and Zhang 2016), we use control variables that may affect stock price crash risk. Our primary 

control variables include the following: NCSKEW, as the prior-period price crash risk; DTURN, 

defined as the change in stock turnover ratio (calculated as the difference between the average 

monthly stock turnover in the fiscal year t-1 and the average monthly turnover in the fiscal 

year t-2); RET, defined as the average of firm-specific weekly returns over the fiscal year t-1; 

SIGMA, defined as the standard deviation of the weekly stock returns in the fiscal year t-1; 

SIZE, defined as the natural logarithm of a firm’s market value in the fiscal year t-1; BM, 

defined as the market-to-book ratio in the fiscal year t-1; LEV, defined as the ratio of long-term 
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debt over total assets for firm i in the fiscal year t-1; and ROA, defined as the ratio of net income 

over total assets for firm i in the fiscal year t-1. 

Our last control variable is accrual manipulation (ACCM), which is the three-year moving sum 

of absolute discretionary accruals. Caton et al. (2011) study earnings management attempts 

around seasoned bond offerings using current discretionary accruals; they find that issuers tend 

to inflate earnings performance before an offering. Managers in unrated firms generally 

manipulate earnings to mislead investors, while managers in rated firms tend to exercise their 

accounting and operating discretion for informative purposes (Gounopoulos and Pham 2017). 

Therefore, it is crucial to put ACCM in our control variables to isolate the direct effect of a 

credit rating change from its indirect effect through its impact on accrual manipulation, because 

Hutton et al. (2009) show that ACCM is positively related to future crash risk. As with crash 

risk measures, these variables are winsorised at the 1st and 99th percentiles to mitigate the 

impact of outliers. 

4.3.5. Descriptive Statistics 

In Table 4.1, we report the number of observations and the country-average stock price crash 

risk for each of the 69 countries during the period from 1997 to 2017. There are 255,808 

observations for 33,325 corporate entities across the globe. There are 1,242 downgrades out of 

2,743 rating changes in total. Accordingly, we observe that issuer rating changes occur in 

roughly 1.1% of our sample,38 which is composed of 0.6% with upgrades and 0.5% of 

downgrades. 

[Insert Table 4.1 about here] 

                                                           
38 The most recent paper (Basu et al. 2020) uses entropy matching for endogeneity setting because there are a 

few treatment observations that are not easily matched to a single control firm. 
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Table 4.2 presents the descriptive statistics and correlation matrix of crash risk measures and 

control variables. Panel A in Table 4.2 displays the descriptive statistics. The mean values of 

the crash risk measures, NCSKEW and DUVOL are -0.087 and -0.047, respectively. With 

respect to our control variables, the mean DTURN is 0.003, the average RET is 0.002, and the 

average SIGMA is 0.06. Panel B in Table 4.2 provides the correlation matrix among the 

variables. The two proxies for future stock price crash risk (NCSKEW and DUVOL) are highly 

correlated with each other, suggesting that they capture similar information. Correlations in the 

absolute values of control variables are less than 0.5, suggesting that these variables do not 

present much of a collinearity problem.  

[Insert Table 4.2 about here] 

4.4. EMPIRICAL RESULTS 

4.1. The Impact of Issuer Rating Downgrades on Stock Price Crash Risk 

To examine the effect of rating downgrades on stock price crash risk, we estimate several 

specifications for the following regression model: 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐷𝑂𝑊𝑁𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡                (4.5) 

where CRASH_RISK represents one of two crash risk measures (NCSKEW or DUVOL), and 

DOWN is the indicator variable of an issuer rating downgrade (DOWN_DUM). In the baseline 

analysis, DOWN is also replaced by the upgrade variable (UP_DUM) or both the downgrade 

and upgrade dummy variables.39 Country-, industry-, and year-fixed effects are included in all 

of the regressions; standard errors are clustered at the firm level. 

                                                           
39 All variables are defined in detail in the Appendix 4.A. 
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Table 4.3 presents the estimation results of Eq. (4.5) using country-, industry-, and year-fixed 

effects. In columns (2) and (5), we find that future stock price crash risk is lower on average 

for firms downgraded by S&P’s. The coefficients of DOWN_DUM are -0.067 and -0.044, 

respectively; both are statically significant at the 1% level. In other words, on average, a firm-

year that experiences a rating downgrade in the prior half-year will have a lower stock price 

crash risk by 6.7% for NCSKEW and by 4.4% for DUVOL than one without a rating downgrade. 

Under the guise of releasing private information to outside investors, firms with rating 

downgrades significantly decrease firm-level information asymmetry in the equity market, 

verifying the link between debt and stock value uncertainties. Furthermore, the coefficients of 

UP_DUM are insignificant. Our results regarding rating upgrades support the well-documented 

observation that upgrades in the debt market are unlikely to induce major information transfer 

effects on the equity market.  

The coefficients of the control variables, as expected, are consistent with those reported in 

previous studies. We note that NCSKEW, RET, SIZE, and MB are all positively related to crash 

risk, in line with prior research (Chen et al. 2001; Hutton et al. 2009; Kim et al. 2011a). The 

coefficient of DTURN is significantly positive, indicating that differences in points of views 

among investors increase future stock price crashes. Moreover, we find negative coefficients 

for both LEV and ROA, consistent with Hutton et al. (2009). Finally, the ACCM coefficient is 

significantly positive, suggesting that firms with more accrual manipulation are more likely to 

crash in the future. 

[Insert Table 4.3 about here] 

Overall, the results in Table 4.3 support H4.1 that, on average, firms experience a decrease in 

crash risk after a downgrade announcement. Our findings are consistent after controlling for 
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the accrual manipulation measure of Hutton et al. (2009), the investor heterogeneity of Chen et 

al. (2001), and other potential determinants of crash risk.  

4.4.2. Robustness Check 

4.4.2.1. Firm-Fixed Effect Regressions 

Omitted variables correlated to included variables may exist, in terms of forecasting stock price 

crash risk. To be specific, Ball et al. (2013) show that the incorporation of firm-fixed effects 

can mitigate the omitted variable biases documented by Patatoukas and Thomas (2011). To 

eliminate potential issues that can arise from correlated omitted variables, we re-estimate the 

baseline model using Eq. (4.5) controlling for firm-fixed effects and report the results in Table 

4.4. Columns (1) and (2) show that the impact of rating downgrades on future crash risk remains 

highly significant with an expected negative sign, indicating that our results in Table 4.3 are 

unlikely to be driven by time-invariant variables.   

4.4.2.2. Subsample tests 

In this section, we further examine whether the impact of downgrades on future crash risk is 

robust among various subsamples of countries. To do this, we restrict the sample to countries 

with at least one issuer rating change (41 countries), or to the G7 countries.40 We re-estimate 

alternative specifications in Eq. (4.5) and report the new results from Columns (3) to (6) in 

Table 4.4. The results continue to hold using either subsample. Specifically, the negative effect 

of downgrades in the G7 countries is consistent with Hu et al. (2016) finding that information 

content is reflected in issuer rating downgrades but not in upgrades. Consistent with the baseline 

results, the coefficients of DOWN_DUM are -0.74 for NCSKEW and -0.048 for DUVOL; both 

                                                           
40 Following Hu et al. (2016), we examine the impact of downgrades on crash risk in the G7 for robustness check.  
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are statistically significant at the 1% level. The subsample results confirm H4.1 that firms with 

downgrades have a lower future crash risk.41 

[Insert Table 4.4 about here] 

4.4.2.3. Alternative credit rating variables 

In this section, we use an alternative measure of credit rating change (CR_CHANGE) for 

robustness checks. Explicitly, we compute CR_CHANGE as a cardinal number in a credit rating 

change. For example, CR_CHANGE would be equal to minus two if the S&P’s rating changed 

from AA to AAA, upgrading by two notches: first from AA to AA+ and then to AAA. On the 

other hand, CR_CHANGE from AAA to AA would be equal to two: downgrading from AAA 

to AA+ and then to AA.  

Columns (1) to (2) of Table 4.5 show that there is a negative association between credit rating 

changes and future crash risk. The coefficients of CR_CHANGE for NCSKEW and DUVOL are 

-0.035 and -0.027, respectively; both are statistically significant at the 1% level when 

controlling for country, industry, and year-fixed effect. In terms of economic significance, a 

one-standard-deviation increase in the magnitude of a rating downgrade is associated with a 

decrease of 0.43% for NCSKEW and 0.33% for DUVOL. These results are robust when 

controlling for firm- and year-fixed effects, as shown in Columns (3) and (4) of Table 4.5. 

Furthermore, we break down the rating downgrades into three categories: ‘within investment 

grade’, ‘within speculative grade’, and ‘across investment grade’. A rating downgrade is 

classified as ‘within investment grade’ if the change is from one class or one gradation to 

another of the same investment grade (for example, both the current rating and the past rating 

                                                           
41 In an untabulated table, we also rerun regressions in US and non-US countries. The negative impact of an issuer 

downgrade on future crash risk is statistically significant at the 1% level in the US subsample, but insignificant in 

the non-US subsample. However, the difference between the DOWN_DUM coefficients in the two subsample 

regressions are not statistically significant.  
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are at or above BBB). A rating downgrade is defined as ‘within speculative grade’ if the change 

is from one class or one gradation to another of the same speculative grade (for example, both 

the current rating and the past rating are below BBB). ‘Across investment grade’ describes 

corporate issuers whose ratings are changed from investment grade to speculative grade. 

Correspondingly, we assign DOWN_INV, DOWN_SPE, and DOWN_IS as indicator variables 

equal to one if a downgrade is in the ‘within investment grade’, ‘within speculative grade’, or 

‘across investment grade’ groups, respectively; otherwise, these variables are equal to zero.  

Columns (5) and (6) of Table 4.5 show the results of using three indicator variables of a rating 

downgrade. In general, most of the downgrade variables have a negative impact on stock price 

crash risk. In terms of magnitude, the coefficients of DOWN_SPE and DOWN_IS are larger 

than the coefficient DOWN_DUM in the base model for NCSKEW. In addition, the coefficient 

of DOWN_IS is the largest and is statistically significant at the 1% level for DUVOL. These 

results suggest that a downgrade ‘within speculative grade’ or ‘across investment grade’ is 

likely to disclose more firm-specific information, which, in turn, decreases crash risk.  

[Insert Table 4.5 about here] 

4.4.2.4. Long-term Effect 

Previous sections examine whether issuer rating downgrades impact future stock price crash 

risk in the one-year-ahead forecast window. Following Kim et al. (2011b), we further explore 

how far rating downgrades can affect future crash risk. To do so, we now expand the 

measurement interval for future crash risk into windows that are two, three, and four years 

ahead. Notably, we use NSCKEW and DUVOL, using firm-specific returns during periods up 

to four years ahead. Thus, our dependent variables are now these long-interval crash risk 

measures. Therefore, we re-estimate all of the regressions in Table 4.3 and report on the new 

results in Table 4.6.  
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As shown in Table 4.6, the average effect of downgrades on stock price crash risk becomes 

weaker, with a significant level of 10%. Specifically, the coefficients of DOWN_DUM are           

-0.04 for NCSKEW and -0.028 for DUVOL. However, when we consider crash risk in three- 

and four-years-ahead windows, we find that the ability of a downgrade to influence crash risk 

disappears. Our results provide evidence that the long-term effect of downgrades on future 

crash risk is up to two years ahead. 

[Insert Table 4.6 about here] 

4.4.3. Endogeneity Analysis 

Thus far, our results support the notion that an issuer rating downgrade is associated with a 

lower stock price crash risk, consistent with the spillover of information from the debt market 

to the equity market. However, these results may not be reflective of a causal relationship due 

to omitted variable problems. To address the endogeneity concerns, we adopt two identification 

strategies: a propensity-score matching sample and an instrumental variable estimation 

approach. 

4.4.3.1. Propensity-Score Matching Approach 

As the first identification strategy, we use propensity-score matching to control for the 

endogeneity arising from observable firm characteristics. In particular, we first define a treatment 

indicator that takes the value of one for firm-years with rating downgrades and takes the value of 

zero otherwise. Next, we estimate a logit regression of this indicator variable on all other 

covariates from our baseline regression. The fitted values from this estimated logit regression 

reflect the likelihood that a firm is downgraded in a given year – in other words, the propensity 

scores. Each treated firm is then paired with three or five control firms, with their propensity 

scores lying within a caliper of 0.005 or 0.01. We re-estimate our baseline Eq. (4.5) using the 
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obtained matched sample and report the results in Table 4.7. The coefficients of DOWN_DUM 

remain negative and statistically significant at the 1% level for NCSKEW and DUVOL, indicating 

that our previous findings are robust to endogeneity due to observable characteristics.   

[Insert Table 4.7 about here] 

4.4.3.2. Instrumental Variable (IV) Approach 

Our analysis so far suggests a negative impact of issuer rating downgrades on the occurrences 

of future crash risk. However, unobservable heterogeneity should be considered when 

unobservable firm-specific factors affect both downgrades and crash risk. To address this 

concern, we employ an instrumental approach. Following Bae et al. (2013), our instruments for 

the first-stage model include an indicator variable that equals 1 if the sovereign rating for the 

firm’s nation improves by at least two notches during the previous year; it equals 0 otherwise 

(SOV_RATING)42; the percentage of the firms that have a credit rating in the same country, 

excluding the firm of interest (NAR_RATING). We choose these instruments because they are 

exogenous instruments that influence the likelihood of obtaining a credit rating, although they 

are not expected to affect crash risk.  

The IV approach estimates the two-stage least squares (2SLS) regressions, as specified below: 

First stage: 

𝐷𝑂𝑊𝑁𝐷𝑈𝑀𝑖,𝑡
= 𝛿0 + 𝛿1𝑆𝑂𝑉𝑅𝐴𝑇𝐼𝑁𝐺𝑖,𝑡−1

+ 𝛿1
′𝑁𝐴𝑅𝑅𝐴𝑇𝐼𝑁𝐺𝑖

+ 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑆𝑖,𝑡−1 + 휀𝑖,𝑡−1 (4.6) 

Second stage: 

 𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐷𝑂𝑊𝑁_𝐷𝑈𝑀̂  𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑆𝑖,𝑡−1 + 휀𝑖,𝑡     (4.7) 

                                                           
42 The data used for the SOV_RATING variable is downloaded from sovereign ratings in Bloomberg.  
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In the first-stage regressions, we regress DOWN_DUM on the instrumental variables 

SOV_RATING and NAR_RATING, as well as other firm characteristic variables. In the second 

stage, we then model crash risk measures as a function of 𝐷𝑂𝑊𝑁_𝐷𝑈𝑀̂ , estimated from the 

first stage regression. Country-, industry-, and year-fixed effects are included in all regressions.  

Table 4.8 reports the estimation results of 2SLS regressions. Columns (1) and (3) are the first-

stage regressions, where our downgrade indicator is instrumented by SOV_RATING and 

NAR_RATING. In columns (2) and (4), the second-stage regressions show a significantly 

negative coefficient of the predicted DOWN_DUM on both measures of stock price crash risk, 

suggesting that our baseline results are not confounded by the omitted variable problem.  

[Insert Table 4.8 about here] 

4.5. CROSS-SECTIONAL ANALYSES 

4.5.1. Firm-level Opaque Information 

In this section, we examine whether the negative impact of an issuer rating downgrade on the 

stock price crash risk cross-sectionally varies in terms of accounting information transparency 

and stock liquidity. According to DeFond and Park (2001), discretionary accruals reduce 

earnings informativeness in equity valuations. Hence, investors in firms with greater 

information opacity (high discretionary accruals) are less able to obtain firm-specific 

information in the capital market, which underscores the vital role of financial intermediaries 

such as CRAs in providing more information. Therefore, we expect that rating downgrades 

among these firms convey more firm-specific private information and thus lower the stock price 

crash risk. Following Hutton et al. (2009), we use the prior three years’ moving sum of the 

absolute value of discretionary accruals as a proxy of earnings manipulation. Other literature 
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affirms discretionary accruals as a predictive variable for future earnings and cash flows 

(Badertscher et al. 2012; Bowen et al. 2008; Subramanyam 1996). 

To examine this notion, we re-estimate Eq. (4.5) using subsamples partitioned on the magnitude 

of firm-level opacity. We assign a firm-year observation to the high-ACCM (or low-ACCM) 

subsample if ACCM is greater (or smaller) than the sample median. Panel A of Table 4.9 shows 

the significant coefficients of DOWN_DUM in the high-ACCM subsample, but not in the low-

ACCM subsample. The differences in the coefficients of DOWN_DUM between the two 

subsamples are statistically significant for both crash risk measures. These results support H4.2 

that the negative impact of issuer rating downgrades on the future stock price crash risk is 

driven more by the subsample of firms with more opaque information. 

In addition, prior literature reports that the hoarding of bad news is caused by high equity 

market pressure. Chang et al. (2017) provide evidence that an increase in the stock price crash 

risk is associated with a firm’s stock liquidity, since the managers tend to withhold bad news 

to circumvent the aggressive selling behaviour of transient investors in more liquid stocks. 

Although this argument suggests that stock liquidity increases accumulated negative 

information hidden by managers, there is a competing argument regarding liquidity’s impact 

in terms of market efficiency. Chordia et al. (2008) argue that high liquidity attracts arbitrage 

trading that increases new information impounded in stock prices, thus enhancing market 

efficiency. We support the second line of research since we examine how credit rating 

downgrades in the debt market affect information asymmetry in the equity market. Hence, we 

expect that more information in liquid stocks weakens the effect of downgrades.  

Motivated by this argument, we re-estimate Eq. (4.5) using two subsamples partitioned on the 

firm’s liquidity level. We proxy for stock liquidity as a bid-ask spread (BASP) (Amihud and 
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Mendelson 1988; Conroy et al. 1990)43. BASP is defined as an average of daily spreads for each 

fiscal year, which are the differences between the ask price and the bid price, divided by the 

bid-ask midpoint. The higher-stock-liquidity subsample shows that the bid-ask spread is lower 

than the sample median. Consistent with H4.2, Panel B of Table 4.9 presents the significant 

negative impact of DOWN_DUM in the subsample of firms with low liquidity.  

[Insert Table 4.9 about here] 

4.5.2. Country-level Information Transparency 

We consider the effect of country-level information transparency on the relationship between 

credit rating downgrades and the stock price crash risk. Dasgupta et al. (2010) argue that, in 

countries with more transparent information, more firm-specific information is already 

available to participants in the equity market; this engenders less informativeness in credit 

rating changes and dilutes the effect of rating downgrades. Therefore, we would expect the 

DOWN_DUM coefficients to be significantly negative in the subsample of countries with low 

information transparency.  

To test this conjecture, we estimate the regressions of our crash risk measures on the interaction 

term between DOWN_DUM and one of two information transparency variables at the country 

level: FIN (Finance disclosure) and GOVERN (Governance disclosure). FIN is defined as the 

financial disclosure variable, which is based on the prevalence of disclosures concerning 

research and development (R&D) expenses, capital expenditures, product and geographic 

segment data, subsidiary information, and accounting methods (Bushman et al. 2004). 

GOVERN is defined as governance transparency, a relative measure of the availability of 

information for outside investors to use to hold officers and directors accountable (Bushman et 

                                                           
43 The data for the BASP variable is downloaded from Datastream.  
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al. 2004). We assign a firm-year observation to the high-FIN (GOVERN) subsample if a firm 

is located in the country with FIN (GOVERN) higher than the sample median. Panel A of Table 

4.10 shows that the DOWN_DUM coefficient is statistically significant at the 1% level in the 

subsample with less financial information disclosure (low FIN), but not in the subsample with 

greater information disclosure (high FIN). The differences in the coefficients of DOWN_DUM 

between the two subsamples are statistically significant for both crash risk measures, 

suggesting that higher financial information transparency counteracts the effect of a rating 

downgrade on future crash risk. We find similar results using the governance disclosure 

variable as an alternative transparency measure in Panel B. These results are consistent with 

H4.3. 

[Insert Table 4.10 about here] 

4.5.3. Financial Crisis Effect 

The financial crisis of 2007–2009, triggered by the bursting of the housing bubble, resulted in 

many bank failures and stock crashes, illustrating how stock return volatility increases after 

stock prices fall. Given that our sample covers the financial crisis period, it allows us to 

investigate whether the association between downgrades and a future stock price crash is due 

to the adverse economic conditions resulting in the future crash risk. Ding and Pu (2012) find 

that cross-market linkages become stronger in the crisis period than in the pre-crisis and 

recovery periods. As such, we expect that the spillover effect of firm-specific information 

among financial markets during the crisis mitigates the impact of issuer rating downgrades.  

To investigate this possibility, we re-run our baseline model in three subsamples: before the 

financial crisis (from 1997 to 2006), during the crisis (from 2007 to 2009), and after the crisis 

(from 2010). Table 4.11 presents the results of the above model specification in Panel A 

(for NCSKEW) and Panel B (for DUVOL). We find that the DOWN_DUM coefficients are 
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negative and statistically significant before the crisis, suggesting that the association between 

downgrades and future crash risk has not dissipated. In Columns (3) and (4), the coefficients of 

DOWN_DUM are negative and significant for post-crisis periods, but not for the crisis period 

(2007–2009). Consistent with our expectation, these findings imply that the firm-specific 

information flow between financial markets during the crisis period incorporated the 

information embedded in rating downgrades. Thus, credit rating downgrades may not pass on 

any further firm-specific information to outside investors during this time and, therefore, cannot 

reduce future stock price crash risk.   

[Insert Table 4.11 about here] 

4.6. CONCLUSION 

This study investigates whether issuer rating downgrades from CRAs affect the future stock 

price crash risk. Using a comprehensive panel data set of firms from 69 countries from 1997 to 

2017, we observe that firms with rating downgrades are less likely to experience firm-specific 

stock price crashes in the future. For instance, we find that the effect of downgrades is -6.7% 

and -4.4% in the regressions of crash risk proxy, NCSKEW and DUVOL, respectively, in year t 

when controlling for other firm-specific variables. The impact of rating downgrades on the 

probability of crash risk is significantly negative. We also perform robustness tests by running 

the base model using year- and firm-fixed effects in different subsamples and long-term 

forecast periods. Our main results are robust to all of these additional analyses.  

Moreover, to perform potential endogeneity analysis on issuer rating downgrades and future 

crash risk, we use propensity score matching and instrumental variable approaches. We re-

estimate our baseline model using the obtained matched sample, in which each treated firm is 

matched with three or five control firms, with their propensity scores lying within a caliper of 

0.005 or 0.01. The coefficients of DOWN_DUM remain negative and statistically significant at 
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the 1% level for NCSKEW and DUVOL, providing evidence that our previous findings are 

robust to endogeneity due to observable characteristics. Following Bae et al. (2013), our 

instrumental variables include the sovereign rating and nation rating. Our finding on the IV 

approach attests that the omitted variable problem does not confound our baseline results. 

We further examine the impact of firm-level information opacity and country-level information 

transparency on the influence of issuer rating downgrades. We find that the effect of credit 

rating downgrades on crash risk is driven by the subsample of firms with more opaque 

information and by countries with more transparent information environments, both before and 

after financial crisis periods. Furthermore, we notice that downgrades can predict the likelihood 

of crash risk as far as two years into the future.  

Overall, our findings refer to a corporate governance-based argument to account for the effect 

of rating downgrades on future stock price crash risk. Our analysis suggests that the monitoring 

role of CRAs helps reveal the private information of rating firms to mitigate information 

asymmetry between insiders and outside investors. This paper introduces one new dimension 

into a prediction of crash risk by emphasising the roles of rating downgrades. 
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Table 4.1. Sample Distribution and Descriptive Statistics 

The table presents the country distribution of observations and the descriptive statistics for stock price 

crash risk measures and credit rating downgrade. The sample period is from 1997 to 2017. #Firms is the 

number of public firms in each country. NCSKEW and DUVOL are stock price crash risk measures. 

DOWN_DUM is defined as an indicator variable of credit rating downgrade, which equals one if the 

firm experienced a rating downgrade in the half of before each fiscal year and zero otherwise, 

respectively.  

  

  COUNTRY N # Firms NCSKEW DUVOL DOWN_DUM 

       

1 ARGENTINA 724 81 -0.236 -0.150 7 

2 AUSTRALIA 10,213 1,697 0.015 0.040 45 

3 AUSTRIA 800 100 -0.093 -0.063 1 

4 BAHRAIN 156 33 0.189 0.171 1 

5 BELGIUM 1,105 141 -0.043 -0.034 5 

6 BOTSWANA 2 1 0.805 0.393 0 

7 BRAZIL 1,726 317 -0.026 0.002 6 

8 BULGARIA 51 15 -0.409 -0.237 0 

9 CANADA 9,644 1,579 -0.029 -0.005 59 

10 CHILE 1,924 197 -0.189 -0.128 8 

11 CHINA 15,287 2,311 0.004 0.058 8 

12 COLOMBIA 297 35 -0.263 -0.172 0 

13 CZECH REPUBLIC 146 30 -0.382 -0.259 2 

14 DENMARK 1,771 197 -0.137 -0.091 2 

15 EGYPT 597 93 -0.147 -0.087 2 

16 ESTONIA 60 14 0.150 0.065 0 

17 FINLAND 1,564 148 -0.056 -0.032 8 

18 FRANCE 5,992 743 -0.122 -0.084 38 

19 GERMANY 5,853 793 -0.117 -0.074 37 

20 GREECE 1,613 260 0.009 0.052 6 

21 HONGKONG 2,394 280 -0.198 -0.111 0 

22 HUNGARY 304 40 -0.055 -0.036 0 

23 INDIA 11,449 2,024 -0.263 -0.173 3 

24 INDONESIA 3,315 374 -0.273 -0.173 8 

25 IRELAND 721 90 -0.034 -0.018 1 

26 ISRAEL 2,278 366 -0.008 -0.033 1 

27 ITALY 2,248 296 -0.223 -0.140 13 

28 JAPAN 40,981 4,126 -0.129 -0.071 57 

29 JORDAN 329 47 -0.140 -0.085 0 

30 KAZAKHSTAN 2 1 -1.042 -0.380 0 

31 KENYA 154 36 -0.016 -0.019 0 

32 KUWAIT 870 155 0.077 0.099 0 

33 LEBANON 16 4 0.268 0.146 0 

34 MALAYSIA 9,083 1,065 -0.266 -0.161 4 

35 MAURITIUS 11 2 -0.024 0.029 0 

36 MEXICO 1,400 155 -0.185 -0.142 18 

37 MOROCCO 195 36 -0.094 -0.041 0 

38 NETHERLANDS 1,996 217 0.018 0.009 19 

39 NIGERIA 195 51 -0.044 0.037 0 

40 NORWAY 1,466 213 0.016 0.007 8 

41 NEW ZEALAND 1,021 138 -0.040 -0.006 5 

42 OMAN 374 75 -0.063 -0.058 0 

43 PAKISTAN 1,354 142 -0.124 -0.109 0 
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44 PERU 740 80 -0.159 -0.097 2 

45 PHILIPPINES 2,176 218 -0.265 -0.144 0 

46 POLAND 1,894 336 -0.129 -0.080 4 

47 PORTUGAL 595 65 -0.146 -0.084 4 

48 QATAR 227 37 -0.080 -0.086 0 

49 ROMANIA 199 66 -0.050 0.019 0 

50 RUSSIAN  746 191 -0.140 -0.072 4 

51 SAUDI ARABIA 674 106 -0.109 -0.099 0 

52 SERBIA 20 10 -0.650 -0.377 0 

53 SINGAPORE 5,134 637 -0.095 -0.035 3 

54 SLOVENIA 104 17 -0.002 -0.017 0 

55 SOUTH AFRICA 3,083 395 -0.028 -0.021 6 

56 SPAIN 804 140 -0.022 0.009 3 

57 SRI LANKA 1,015 174 -0.276 -0.191 1 

58 SWEDEN 3,010 412 -0.099 -0.058 18 

59 SWITZERLAND 2,931 313 -0.097 -0.062 10 

60 TAIWAN 13,200 1,532 -0.154 -0.126 5 

61 THAILAND 4,710 484 -0.197 -0.127 0 

62 TUNISIA 38 8 -0.375 -0.186 0 

63 TURKEY 1,772 241 -0.181 -0.144 2 

64 UKRAINE 11 4 -0.033 0.068 0 

65 UAE 247 58 -0.169 -0.120 0 

66 UNITED KINDOM 13,612 1,929 -0.133 -0.086 47 

67 UNITED STATES 56,049 6,741 0.024 0.028 761 

68 VIETNAM 1,132 412 -0.073 -0.058 0 

69 ZIMBABWE 4 1 0.158 0.242 0 

  Total 255,808 33,325 -0.087 -0.047 1,242 
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Table 4.2. Descriptive Statistics 

The table presents descriptive statistics for stock price crash risk, credit rating change and control 

variables. The sample contains firm-years from 1997 to 2017 with non-missing values for all the control 

variables. All variables and their correlations are defined in Appendix 4.A. 

 

Panel A. Summary statistics of key variables 

Variable N Mean Std 25th perc. Median 75th perc. 

       

NCSKEWt 255,808 -0.087 0.844 -0.518 -0.076 0.341 

DUVOLt 255,808 -0.047 0.560 -0.396 -0.050 0.294 

NCSKEWt-1 255,808 -0.087 0.827 -0.515 -0.077 0.338 

DTURNt-1 255,808 0.003 0.086 -0.011 -0.000 0.012 

RETt-1 255,808 0.002 0.010 -0.003 0.002 0.007 

SIGMAt-1 255,808 0.060 0.034 0.036 0.051 0.074 

SIZEt-1 255,808 19.683 2.110 18.212 19.540 21.013 

MBt-1 255,808 2.063 2.250 0.788 1.355 2.410 

LEVt-1 255,808 0.215 0.184 0.045 0.187 0.340 

ROAt-1 255,808 3.059 10.603 0.923 3.868 7.715 

ACCMt-1 255,808 0.193 0.217 0.056 0.123 0.244 
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Panel B. Correlation matrix 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

NCSKEWt-1 (1) 1.000           

DUVOLt-1 (2) 0.892 1.000          
NCSKEWt-1 (3) 0.076 0.077 1.000         
DTURNt-1 (4) 0.019 0.021 -0.046 1.000        
RETt-1 (5) 0.033 0.029 -0.302 0.272 1.000       
SIGMAt-1 (6) -0.015 0.005 -0.052 0.153 0.211 1.000      
SIZEt-1 (7) 0.075 0.062 0.075 0.012 -0.050 -0.364 1.000     
MBt-1 (8) 0.068 0.071 -0.020 0.096 0.258 0.045 0.020 1.000    
LEVt-1 (9) -0.002 0.001 0.018 0.015 -0.047 -0.011 0.255 -0.004 1.000   
ROAt-1 (10) 0.029 0.010 -0.042 0.032 0.173 -0.309 0.216 0.083 -0.003 1.000  
ACCMt-1 (11) 0.020 0.024 0.013 -0.013 0.018 0.292 -0.310 0.285 -0.208 -0.215 1.000 
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Table 4.3. The Impact of Rating Downgrade on Stock Price Crash Risk 

The table presents the results of the impact of credit rating downgrade on stock price crash risk. The 

regression model is as follows: 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐷𝑂𝑊𝑁𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡 

where CRASH_RISK  represents the stock price crash measures: NCSKEW or DUVOL;  

DOWN is corporate bond change: DOWN_DUM or DOWN_UP;  

CONTROL represents for all control variables. All variables are defined in Appendix 4.A. 

The sample contains firm-year observations from 1997 to 2017 with non-missing values for all control 

variables. The t-values, reported in parentheses, are based on standard errors clustered at firm. Here***, 

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

  

Variable 

NCSKEWt  DUVOLt  

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

       

DOWN_DUM t-1 -0.067*** -0.067***  -0.044*** -0.044***  

 (-3.09) (-3.10)  (-3.00) (-3.02)  
UP_DUM t-1 0.016  0.017 0.014  0.015 

 (0.86)  (0.93) (1.11)  (1.17) 

NCSKEWt-1 0.076*** 0.076*** 0.076*** 0.050*** 0.050*** 0.050***  
(26.49) (26.49) (26.48) (28.11) (28.11) (28.10) 

DTURN t-1 0.042** 0.042** 0.041** 0.024* 0.024* 0.023*  
(2.20) (2.20) (2.14) (1.87) (1.86) (1.81) 

RETt-1 5.491*** 5.493*** 5.510*** 3.342*** 3.344*** 3.355***  
(25.19) (25.20) (25.30) (23.12) (23.14) (23.23) 

SIGMA t-1 -0.264*** -0.264*** -0.269*** 0.045 0.045 0.041  
(-3.49) (-3.49) (-3.57) (0.90) (0.91) (0.83) 

SIZE t-1 0.032*** 0.032*** 0.031*** 0.017*** 0.018*** 0.017***  
(27.95) (28.09) (27.85) (23.34) (23.49) (23.22) 

MB t-1 0.012*** 0.012*** 0.012*** 0.008*** 0.008*** 0.008***  
(12.47) (12.48) (12.47) (13.52) (13.53) (13.52) 

LEVt-1 -0.070*** -0.070*** -0.071*** -0.030*** -0.030*** -0.030***  
(-6.22) (-6.21) (-6.29) (-4.06) (-4.05) (-4.12) 

ROAt-1 0.000** 0.000** 0.000** -0.000** -0.000** -0.000**  
(2.26) (2.26) (2.32) (-2.18) (-2.19) (-2.13) 

ACCMt-1 0.034*** 0.034*** 0.034*** 0.010 0.010 0.010 

 (3.20) (3.20) (3.21) (1.39) (1.39) (1.40) 

Constant -0.997*** -0.998*** -0.992*** -0.621*** -0.622*** -0.618*** 

 (-21.59) (-21.63) (-21.54) (-19.78) (-19.83) (-19.71) 

       

Adj. R2 0.040 0.040 0.040 0.047 0.047 0.047 

Country FE Yes Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

NObs 255,789 255,789 255,789 255,789 255,789 255,789 
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Table 4.4. Robustness Check 

The table presents the results of the impact of rating downgrade on stock price crash risk controlling for 

Firm Fixed Effect in alternative subsamples that are restricted to the countries with at least one issuer 

rating across firms during our sample period or the G7 countries. The sample contains firm-years from 

1997 to 2017 with non-missing values for all control variables. All variables are defined in Appendix 

4.A. 

The t-values, reported in parentheses, are based on standard errors clustered at firm. Here***, **, and 

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

 

Variable 

Whole sample Forty-one countries G7 countries 

NCSKEWt DUVOLt NCSKEWt DUVOLt NCSKEWt DUVOLt 

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

       

DOWN_DUM t-1 -0.061** -0.036** -0.068*** -0.045*** -0.072*** -0.050*** 
 (-2.48) (-2.18) (-3.16) (-3.08) (-2.97) (-3.04) 

       

Control 

variables 
Yes Yes Yes Yes Yes Yes 

       

Adj. R2 0.099 0.102 0.041 0.049 0.042 0.045 

Country FE No No Yes Yes Yes Yes 

Industry FE No No Yes Yes Yes Yes 

Firm FE Yes Yes No No No No 

Year FE Yes Yes Yes Yes Yes Yes 

NObs 255,808 255,808 239,639 239,639 134,377 134,377 
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Table 4.5. Alternative Variables 

The table presents the effects of credit rating change on future stock price crash using an alternative 

measure of credit rating change. The regression model is as follows: 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐷𝑂𝑊𝑁 𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡 

where CRASH_RISK represents the stock price crash measures NCSKEW and DUVOL;  

 DOWN is CR_CHANGE or three indicator variables: DOWN_INV, DOWN_SPE and DOWN_IS; 

CONTROL represents for all control variables. All variables are defined in Appendix 4.A.  

The t-values, reported in parentheses, are based on standard errors clustered at firm. Here***, **, and 

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

 

Variable 

NCSKEWt DUVOLt NCSKEWt DUVOLt NCSKEWt DUVOLt 

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

       

CR_CHANGEt-1 -0.035*** -0.027*** -0.034** -0.023**   

 (-2.59) (-3.07) (-2.33) (-2.47)   

DOWN_INV t-1     -0.065** -0.029 

     (-2.19) (-1.41) 

DOWN_SPE t-1      -0.077** -0.058** 

     (-2.22) (-2.54) 

DOWN_IS t-1     -0.077* -0.091*** 

     (-1.76) (-3.14) 

       

Control 

variables 
Yes Yes Yes Yes Yes Yes 

       

Adj. R2 0.040 0.047 0.099 0.102 0.040 0.047 

Country FE Yes Yes No No Yes Yes 

Industry FE Yes Yes No No Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Firm FE No No Yes Yes No No 

NObs 255,789 255,789 255,808 255,808 255,789 255,789 
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Table 4.6. Long-term Effect 

The table presents the results of the impact of rating downgrade on stock price crash risk during the next 

two-year, three-year and four-year windows. The sample contains firm-years from 1997 to 2017 with 

non-missing values for all control variables. All variables are defined in Appendix 4.A. 

The t-values reported in parentheses are based on standard errors clustered at firm. Here***, **, and * 

indicate statistical significance at the 1%, 5%, and 10% levels, respectively.  

 

 

Variable 

NCSKEWt+2 DUVOL t+2 NCSKEWt+3 DUVOLt+3 NCSKEWt+4 DUVOLt+4 

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

       

DOWN_DUM t-1 -0.040* -0.028* 0.010 -0.010 0.039 0.003  
(-1.66) (-1.77) (0.41) (-0.61) (1.53) (0.14) 

       

Control 

variables Yes  Yes Yes  Yes  Yes  Yes 

       

Adj. R2 0.030 0.036 0.029 0.035 0.029 0.035 

Country FE Yes Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

NObs 219,472 219,472 190,420 190,420 164,802 164,802 
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Table 4.7. Propensity Score Matching Analysis 

The table reports the results of propensity score estimations using nearest neighbour matching method 

with a selected caliper. The regression model is as follows: 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐷𝑂𝑊𝑁_𝐷𝑈𝑀 𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡 

All variables are defined in Appendix 4.A. The t-values, reported in parentheses, are based on standard 

errors clustered at firm. Here***, **, and * indicate statistical significance at the 1%, 5%, and 10% 

levels, respectively.  

 

Variable 

NCSKEWt DUVOLt 

(1) (2) (3) (4) (5) (6) (7) (8) 

         

DOWN_DUM t-1 -0.084*** -0.090*** -0.075*** -0.077*** -0.051** -0.056*** -0.044** -0.046*** 
 (-2.76) (-3.00) (-2.74) (-2.86) (-2.57) (-2.86) (-2.41) (-2.58) 
         

Control 

variables  
Yes  Yes Yes Yes  Yes Yes Yes Yes 

         

Neighbouring() 3 3 5 5 3 3 5 5 

Caliper 0.005 0.01 0.005 0.01 0.005 0.01 0.005 0.01 

         

Adj. R2 0.038 0.036 0.041 0.039 0.040 0.039 0.042 0.040 

Country FE Yes Yes Yes Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

NObs 3,664 3,756 5,149 5,315 3,664 3,756 5,149 5,315 
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Table 4.8.  Instrumental Variable Analysis 

The table presents the estimation results of the following 2SLS regressions: 
𝐷𝑂𝑊𝑁_𝐷𝑈𝑀𝑖,𝑡−1 = 𝛿0 + 𝛿1𝑆𝑂𝑉_𝑅𝐴𝑇𝐼𝑁𝐺 𝑖,𝑡−1 + 𝛿1

′𝑁𝐴𝑇_𝑅𝐴𝑇𝐼𝑁𝐺 𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡−1 

𝐶𝑅𝐴𝑆𝐻_𝑅𝐼𝑆𝐾𝑖,𝑡 = 𝛿0 + 𝛿1𝐷𝑂𝑊𝑁_𝐷𝑈𝑀̂  𝑖,𝑡−1 + 𝛿2𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑖,𝑡−1 + 휀𝑖,𝑡 

In the first-stage regression, we regress DOWN_DUM on instrumental variables, SOV_RATING and 

NAR_RATING, as well as other firm characteristic variables. In the second stage, we then model crash 

risk measures (CRASH_RISK) as a function of 𝐷𝑂𝑊𝑁_𝐷𝑈𝑀̂   estimated from the first stage regression.  

All variables are defined in Appendix 4.A. The sample contains firm-year observations from 1997 to 

2017 with non-missing values for all control variables. The t-values, reported in parentheses, are based 

on standard errors clustered at firm. Here***, **, and * indicate statistical significance at the 1%, 5%, 

and 10% levels, respectively.  

 

Variable 

First stage NCSKEW First stage DUVOL 

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

     

𝐷𝑂𝑊𝑁_𝐷𝑈𝑀̂  i, t-1  -4.724***  -3.394*** 

  (-2.72)  (-2.95) 

SOV_RATING i, t-1 -0.002***  -0.002***  

 (-2.88)  (-2.88)  

NAT_RATING i 0.252***  0.252***  

 (4.09)  (4.09)  

     

Control variables Yes Yes Yes Yes 

     

R2 0.026 0.043 0.026 0.047 

Country FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

NObs 183,204 183,204 183,204 183,204 
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Table 4.9. Cross-sectional Analyses: Firm-level Opaque Information 

The table presents the results of the subsample regressions of NCSKEW and DUVOL on rating 

downgrade DOWN_DUM based on firm-level opaque information. In panel A, we assign a firm-year 

observation to the high (low) accrual manipulation (ACCM) subsample if ACCM is greater (smaller) 

then the sample median. In panel B, we assign a firm-year observation to the high (low) bid-ask spread 

(BASP) subsample if BASP is greater (smaller) then the sample median. All variables are defined in the 

Appendix 4.A.  

The sample contains firm-year observations from 1997 to 2017 with non-missing values for all control 

variables. The t-values, reported in parentheses, are based on standard errors clustered at firm. Here***, 

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

 

Panel A. Accrual Manipulation 

Variable 

NCSKEWt NCSKEWt DUVOLt DUVOLt 

High ACCM Low ACCM High ACCM Low ACCM 

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

          

DOWN_DUM t-1 -0.104*** -0.016 -0.078*** 0.000 

 (-3.02) (-0.43) (-3.45) (0.01) 

     

Control variables Yes Yes Yes Yes 

     

Adj. R2 0.038 0.038 0.045 0.047 

Country FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

NObs 127,903 127,886 127,903 127,886 

     

Subsample difference     

DOWN_DUM t-1 𝜒2=4.25 𝜒2=7.20 

 (Prob=0.04) (Prob=0.007) 

 

 

Panel B. Bid-Ask Spread 

Variable 

NCSKEWt NCSKEWt DUVOLt DUVOLt 

High BASP Low BASP High BASP Low BASP 

(5) (6) (7) (8) 

          

DOWN_DUM t-1 -0.100*** -0.025 -0.041* -0.038* 

 (-2.77) (-0.86) (-1.75) (-1.88) 

     

Control variables Yes Yes Yes Yes 

     

Adj. R2 0.034 0.047 0.040 0.058 

Country FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

NObs 154,874 100,915 154,874 100,915 

     

Subsample difference     

DOWN_DUM t-1 𝜒2=3.07 𝜒2=0.02 

 (Prob=0.08) (Prob=0.901) 
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Table 4.10. Cross-sectional Analyses: Country-level Information Transparency 

The table presents the results of the subsample regressions of NCSKEW and DUVOL on rating 

downgrade DOWN_DUM based on country-level information transparency. In panel A, we assign a 

firm-year observation to the high (low) FIN subsample if a firm is located in the country with FIN 

greater (smaller) then the sample median. In panel B, we assign a firm-year observation to the high 

(low) GOVERN subsample if a firm is located in the country with GOVERN greater (smaller) then the 

sample median. All variables are defined in the Appendix 4.A.  

The sample contains firm-year observations from 1997 to 2017 with non-missing values for all control 

variables. The t-values, reported in parentheses, are based on standard errors clustered at firm. Here***, 

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

 

Panel A. Finance Disclosure 

Variable 

NCSKEWt NCSKEWt DUVOLt DUVOLt 

High FIN Low FIN High FIN Low FIN 

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

          

DOWN_DUM t-1 0.030 -0.109*** 0.015 -0.067*** 

 (0.70) (-3.81) (0.53) (-3.56) 

     

Control variables Yes Yes Yes Yes 

     

Adj. R2 0.040 0.044 0.048 0.052 

Country FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

NObs 143,271 112,518 143,271 112,518 

     

Subsample 

difference     

DOWN_DUM t-1 𝜒2=9.20 𝜒2=7.10 

 (Prob=0.002) (Prob=0.008)  

 

 

Panel B. Governance Disclosure 

Variable 

NCSKEWt NCSKEWt DUVOLt DUVOLt 

High GOVERN Low GOVERN High GOVERN Low GOVERN 

(5) (6) (7) (8) 

          

DOWN_DUM t-1 0.009 -0.083*** 0.009 -0.055*** 

 (0.17) (-3.13) (0.27) (-3.12) 

     

Control variables Yes Yes Yes Yes 

     

Adj. R2 0.041 0.042 0.050 0.048 

Country FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

NObs 142,850 112,939 142,850 112,939 

     

Subsample 

difference     

DOWN_DUM t-1 𝜒2=3.56 

(Prob=0.059) 

𝜒2=3.68 

(Prob=0.055)  
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Table 4.11. Financial Crisis Effect 

The table presents the effects of the Financial Crisis on the relationship between credit rating change 

and future stock price crash risk. All variables are defined in the Appendix 4.A. 

The sample contains firm-year observations from 1997 to 2017 with non-missing values for all control 

variables. The t-values, reported in parentheses, are based on standard errors clustered at firm. Here***, 

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

 

 

Panel A. NCSKEW 

 NCSKEWt  

 

Whole sample Before crisis, 

year<2007 

During 

(2007,2008) 

After crisis, 

year>=2009  
Variable (1) (2) (3) (4)  
      

DOWN_DUM t-1 -0.067*** -0.097*** 0.093 -0.091**   
(-3.10) (-2.82) (1.35) (-2.43)  

      

Control variables Yes Yes Yes Yes  

      

Adj. R2 0.040 0.042 0.041 0.029  

Country FE Yes Yes Yes Yes  
Industry FE Yes Yes Yes Yes  
Year FE Yes Yes Yes Yes  
NObs 255,789 73,880 30,452 151,457  

      

Subsample 

difference 

 

Before & During 

During & 

After Before & After  

DOWN_DUM t-1  𝜒2=6.84 5.79 0.36  

  (Prob=0.009) (Prob=0.016) (Prob=0.550)  
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Panel B. DUVOL 

  DUVOLt 

 

Whole sample Before crisis, 

year<2007 

During 

(2007,2008) 

After crisis, 

year>=2009 

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

     

DOWN_DUM t-1 -0.044*** -0.055** 0.060 -0.074***  
(-3.02) (-2.41) (1.30) (-2.98) 

     

Control variables Yes Yes Yes Yes 

     

Adj. R2 0.047 0.043 0.054 0.031 

Country FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

NObs 255,789 73,880 30,452 151,457 

     

Subsample 

difference  Before & During 

During & 

After Before & After 

DOWN_DUM t-1  𝜒2=4.31 𝜒2=5.79 𝜒2=0.43 

  (Prob=0.038) (Prob=0.016) (Prob=0.510) 
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Appendix 4.A. Variable Definitions 

A.1. Dependent variables: crash risk measures 

NCSKEW The negative skewness of firm-specific weekly returns over the fiscal year 

period 

DUVOL The log of the ratio of the standard deviation of firm‐specific weekly returns 

for down weeks to the standard deviation of firm‐specific weekly returns for 

up weeks. For each firm i over a fiscal year period t, we define down weeks 

as all the weeks with firm‐specific weekly returns below the annual mean 

and up weeks as those with firm‐specific returns above the annual mean. 

A.2. Measures of credit rating change 

DOWN_DUM An indicator variable of downgrade, which equals one if the firm 

experienced a rating downgrade in the half of before each fiscal year and 

zero otherwise 

UP_DUM are indicator variable of upgrade, which equals one if the firm experienced a 

rating upgrade in the half of before each fiscal year and zero otherwise 

CR_CHANGE The magnitude of issuer rating downgrade in the half of before each fiscal 

year. 

DOWN_INV An indicator variable equals to one if issuer rating downgrade is in “within 

investment grade” and zero otherwise. 

DOWN_SPE An indicator variables equals to one if issuer rating downgrade is in “within 

investment grade”  and zero otherwise 

DOWN_IS An indicator variables equals to one if issuer rating downgrade is in “across 

investment grade” and zero otherwise 

SOV_RATING An indicator variable that equals to 1 if the sovereign rating for the firm’s 

nation improves by at least two notches during the previous year, and 0 

otherwise 

NAT_RATING The percentage of firms in the same nation that have a credit rating, 

excluding the firm of interest. 

A.3. Control variables  

DTURN The average monthly share turnover over the current fiscal year period 

minus the average monthly share turnover over the previous fiscal year 

period, where monthly share turnover is calculated as the monthly trading 

volume divided by the total number of shares outstanding during the month 

SIGMA The standard deviation of firm-specific weekly returns over the fiscal year 

period. 

RET The average of firm‐specific weekly returns over the fiscal year period. 

SIZE The natural logarithm of a firm’s market value. 

MB The market value of equity divided by the book value of equity. 

LEV The total long-term debts divided by total assets. 

ROA The income before extraordinary items divided by lagged total assets. 

ACCM  the prior three years’ moving sum of the absolute value of discretionary 

accruals, where discretionary accruals are estimated from the modified 

Jones model (denoted OPAQUE in Hutton et al. (2009)). 

A.4. Other variables 

BASP  An average of daily spreads for each fiscal year, which are the differences 

between the ask and the bid price divided by the bid-ask midpoint.  

 

FIN 

The financial disclosure which is based on the prevalence of disclosures 

concerning research and development (R&D) expenses, capital expenditures, 

product and geographic segment data, subsidiary information, and 

accounting methods.  

GOVERN The governance disclosure, a relative measure of the availability of 

information for outside investors to hold officers and directors accountable. 
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Chapter 5  

Conclusion 

In section 5.1, I present a summary of the key research findings in this thesis. In Section 5.2, I 

acknowledge the limitations in the three studies and suggest potential avenues for future 

research related to corporate informativeness. 

5.1. THE PRÉCIS 

This thesis inspects the role of internal and external corporate information in influencing 

corporate outcomes by addressing three research questions that have been overlooked in the 

existing literature. 

The first essay in Chapter 2 provides insights into the association between relative idiosyncratic 

volatility (Φ) and subsequent stock returns. I show that Φ generally displays a positive relation, 

while absolute idiosyncratic volatility (Φε) displays a negative relation to cross-sectional stock 

returns. By analysing two components of Φ – idiosyncratic risk (Φε) and systematic risk (Φs) 

– I find that the systematic risk component of Φ dominates the positive association between Φ 

and stock returns. 

The second essay is the first study in the literature to establish a direct link between CEO stock 

donations and stock price crash risk. I document a significant increase in stock price crash risk 

after CEOs donate their shares of stocks. The results are robust to controlling for crash 

determinants, such as earnings management, CEO equity and option incentives, and CEO 

bonuses. The endogeneity concern is addressed using three approaches, including the firm-

fixed-effect regression, entropy balancing, and instrumental variable analysis. Moreover, I 

examine how philanthropic CEOs hoard bad news that results in future stock price crashes. The 
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positive association between philanthropic CEOs and crash risk is more evident in the 

subsample of firms in which CEOs backdate their stock donation or announce their dates of 

donation during the tax peak season. Furthermore, the positive relation between CEO stock 

gifts and stock price crash risk is attenuated with high analyst coverage but more pronounced 

with more powerful CEOs. These findings suggest that the consequences of CEO stock 

donations are more likely to donate their stocks when the CEOs have more power.    

In the final essay, I investigate whether issuer rating downgrades from CRAs affect future stock 

price crash risk. Using an international panel data set of firms in 69 countries from 1997 to 

2017, I find that the impact of rating downgrades on the probability of future crash risk is 

significantly negative. Furthermore, I perform robustness tests by running the base models with 

the year- and firm-fixed effects in various subsamples and using long-term forecast periods. 

These baseline results are robust to these additional analyses and to two years ahead. Overall, 

these findings corroborate a corporate governance-based argument to account for the effect of 

rating downgrades on future stock price crash risk. These analyses suggest that the CRAs’ 

monitoring role helps reveal rating firms’ private information to mitigate information 

asymmetry between managers and uninformed investors. This essay introduces a new 

dimension into the prediction of crash risk by emphasising the information role of rating 

downgrades. 

This thesis has practical implications for investors, market regulators, and other firm 

stakeholders. The first essay offers new insights for investors using stock price 

nonsynchronicity as an idiosyncratic risk measure for building investment portfolios. As such, 

it is essential to understand which components of nonsynchronicity (idiosyncratic volatility and 

systematic volatility) drive the effect of nonsynchronicity on future stock returns. When the 

idiosyncratic component has a negative impact on stock returns, the systematic one has an 
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opposing effect. The second essay provides further evidence for federal courts that CEO stock 

gifts should be treated as insider sales when an executive makes a stock gift and receives a 

substantial tax benefit. This action may violate Rule 10b-5 if the firm issues negative news 

resulting in a significant decrease in stock price shortly afterward. The third study provides 

evidence to investors and market regulators that rating downgrades can reduce the probability 

of issuer’s stock price crash risk via information embedded in their ratings.  

5.2. LIMITATIONS AND AVENUES FOR FUTURE RESEARCH 

In pursuit of this thesis, I have conducted empirical tests to identify the impact of firm-specific 

information embedded in stock prices, CEO actions, and credit rating agencies on future stock 

price movements. However, three caveats must be delineated.  

First, Chapter 2 estimates stock price nonsynchronicity and its two constituents from the Fama-

French three factors; thus, the systematic component of stock price nonsynchronicity includes 

factor sensitivities and the variances and covariance of three-factor returns. As such, a better 

understanding of the interaction between absolute idiosyncratic risk and the primary 

ingredients in systematic risk would yield deeper insights into the relationship between Φ and 

the expected stock returns. 

Second, in Chapter 3, the instrumental variable to address the endogeneity concern is an 

industry-level stock gift that is the average CEO donation ratio of the focal firm’s industry 

peers, defined based on two-digit SIC codes, in a given year. Bertels and Peloza (2008) argue 

that a firm benchmarks against other firms within the same industry when making decisions 

about philanthropy. However, it would be better to use a variable of CEOs’ contributions to 

childcare, because it is assumed that raising, supporting, and protecting infants and young 

children constitutes philanthropic behaviour (Ainsworth et al 2015; Bowlby 1982). Current 

data unavailability prevents using this variable. However, I plan to obtain these data from the 



 

 

137 

Marquis Who’s Who database to improve this chapter and use them as a CEO characteristic in 

relation to stock price crash risk.  

Finally, regarding Chapter 4, Liu et al. (2018) find that firms manage earnings to influence 

ratings upwards; the downgraded firms may have greater crash risk. Thus, it would be an 

avenue for further research to control for managers’ impact on upgrades to confirm rating 

downgrades’ results. In addition, the essay on an issuer rating downgrade uses only S&P ratings 

for an international setting. Therefore, if data for other CRAs (Fitch and Moodys) are available 

and big enough, my subsequent research could introduce other CRAs’ re-ratings and examine 

the incidence of split ratings to determine whether the downgrade’s effects are significant and 

robust.  

In summary, this thesis extends the literature on firm-specific information impounded in 

various mechanisms and has implications for investors, market regulators, and other firm 

stakeholders. However, due to data and time restrictions, there are several limitations to this 

thesis that should be addressed for future publication.  
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