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Introduction
Asset pledgeability is an important aspect of a firm’s capital structure. Pledgeable assets 
benefit both firms and creditors. Because pledgeable assets support additional borrow-
ing (Almeida and Campello 2007), firms can use these assets when they need capital 
or for further investment. Pledgeable assets help creditors recover loans from debtors, 
and if a debtor fails to meet the required payment, the creditor can use the collateral to 
minimize its losses. Additionally, pledgeable assets help mitigate enforcement frictions 
between borrowers and creditors (Tirole 2010), and the ability to pledge both collateral 
and redeployable collateral reduces the cost of external financing and increases debt 
capacity (Benmelech and Berman 2009).

The advantages of pledgeable assets have motivated firms to maintain a high level of 
such assets in their asset management portfolios. While various views offer different 
explanations for why firms own pledgeable assets, an underlying common thread is that 
these assets can be collateralized and liquidated when needed. These benefits encour-
age firms to purchase and strategically use these assets. For example, Cvijanovic (2014) 
finds that firms modify their debt structure when the value of real estate1 increases. 
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Furthermore, this increase in real estate value positively influences firms’ future invest-
ment decisions (Chaney et al. 2012).

Although many studies observe this relationship at the firm level, few have examined 
how variations in pledgeable assets affect a CEO’s behavior. Therefore, we address this 
gap in the literature by investigating how changes in pledgeable assets affect a CEO’s ten-
dency to hoard bad news. Our research departs from the literature by showing the firm-
specific benefits of using pledgeable assets and investigates whether firms with higher 
volumes of such assets engage in less bad news hoarding and have a lower crash risk. 
To test this relationship empirically, we use crash risk measures as the main depend-
ent variable. Numerous studies have examined stock price crash risk. Among the many 
explanations for such risks, most studies assume that managers intentionally hide and 
hoard bad news. When negative news is eventually revealed to the market, typically all 
at once, there is a significant negative effect on stock prices (Hutton et al. 2009; Kothari 
et al. 2009). Managers hide bad news for several reasons, including financial reporting 
opacity (Hutton et al. 2009), asymmetric information between managers and the market 
(Kothari et al. 2009), corporate social responsibility (CSR) disclosure (Kim et al. 2014), 
tax avoidance (Kim et al. 2011b), takeover protection (Bhargava et al. 2017), formal com-
pensation contracts and career concerns (Kothari et al. 2009; LaFond and Watts 2008), 
and managerial opportunism (Kim et al. 2011a), among others.

Here, we focus on the classical notion that managers intentionally hoard bad news 
to make it easier for them to receive external financing. While firms deliberately hide 
bad news that might hinder them from obtaining a loan, “pledgeable” assets provide 
insurance against possible bad events that result in agents needing “liquid” instruments 
(Gorton 2017). Therefore, access to a greater value of pledgeable assets eases the CEO’s 
burden of receiving external financing, thus encouraging them not to hide bad news.

We hypothesize that an increase in firm-level pledgeable assets decreases CEOs’ bad 
news hoarding behavior, as measured by stock price crash risk. In economic terms, we 
find that when a firm increases its pledgeable assets ratio by one standard deviation, the 
risk of a crash decreases by 0.037 (0.154 × 0.241) for the crash risk measure of CRASHt

,2which amounts to approximately 16% of the mean crash risk (0.232 in Table 1). This 
accounts for approximately 24% of the mean crash risk measures. The results are eco-
nomically significant even after including other control variables and fixed effects to 
control for possible unobserved heterogeneity.

Although our main finding shows that variations in pledgeable assets affect future 
stock price crash risks, interpreting this finding may be difficult owing to potential 
endogeneity concerns arising from omitted variable bias. In other words, other endog-
enous variables may bias our interpretation of the main findings. To address potential 
endogeneity concerns, we further test our assumption using an instrumental variable, 
propensity score matching (PSM) (Rosenbaum and Donald 1983; Roberts and Whited 
2013), and the Oster test (Oster 2017) based on the literature. The results show that 
our findings are robust to other tests. In addition to statistical tests, we use alternative 
sampling periods and measures to confirm the baseline estimation results. For instance, 

2 
CRASHt , NCSKEWt and DUVOLt are popularly used stock price crash variables and detailed explanation and calculation of 

the variables are documented on the Sect. 3 of this paper.
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we test whether the previously mentioned relationship between pledgeable assets and 
future stock price crash risk manifests, excluding the financial crisis period (2007–2009). 
For example, the U.S. stock market decreased significantly during the Great Recession, 
which may have directly or indirectly affected managers’ trust in safe assets. We also 
extend the forecasting windows to verify the long-term effects of corporate pledgeable 
asset ownership (CPAO) and employ alternative measures, crash risk variables, and 
industry classifications to validate the main findings.

Finally, the study tests a channel through which the pledgeable asset-owning firms 
contribute to lowering the likelihood of future stock price crash risk. Prior studies find 
that accrual management obscures at least some information about firm fundamentals 
(Sloan 1996), and is thus a direct, firm-specific measure of opacity. In addition, aggres-
sive earnings management is likely to be a proxy for management’s general proclivity 
to hide information from the capital market, and thus captures less easily quantifiable 
or observable aspects of opacity. The analysis shows that CPAO is negatively associated 
with information opacity in firms with a higher volume of pledgeable assets as they have 

Table 1  Descriptive statistics

This table reports the descriptive statistics for stock price crash risk measures, real estate measure, and other control 
variables used in our analysis. The sample covers 88,248 US public firm-year observations from CRSP and Compustat 
database. Observations span from 1988 to 2019. All variables are defined and explained in detail in “Appendix B”

Descriptive statistics

N Mean SD 10th Pctl 25th Pctl 50th Pctl 75th Pctl 90th Pctl

Crash risk measures

CRASHt 88,248 0.232 0.422 0.000 0.000 0.000 0.000 1.000

NCSKEWt 88,248 0.027 1.136 − 1.259 − 0.645 − 0.012 0.635 1.342

DUVOLt 88,248 0.025 0.854 − 1.021 − 0.522 0.007 0.552 1.084

Main variables

CPAOt−1 88,248 0.094 0.153 0.000 0.000 0.017 0.142 0.259

CPAO(PPE)t−1 88,093 0.327 0.419 0.000 0.000 0.113 0.609 0.888

CPAO(Asset)t−1 88,248 0.264 0.224 0.039 0.089 0.197 0.379 0.619

Control variables

DTURNt−1 88,248 0.002 0.182 − 0.078 − 0.026 − 0.001 0.025 0.083

NCSKEWt−1 88,248 0.009 1.118 − 1.257 − 0.654 − 0.029 0.607 1.306

SIGMAt−1 88,248 0.071 0.040 0.030 0.042 0.061 0.089 0.123

RETt−1 88,248 − 0.003 0.011 − 0.016 − 0.008 − 0.002 0.003 0.008

SIZEt−1 88,248 4.880 2.161 2.143 3.294 4.762 6.337 7.774

MBt−1 88,248 2.168 2.469 0.909 1.117 1.515 2.338 3.919

LEVt−1 88,248 0.176 0.211 0.000 0.002 0.118 0.280 0.436

ROAt−1 88,248 − 0.040 0.471 − 0.283 − 0.045 0.035 0.086 0.146

ACC​t−1 88,248 0.004 0.373 − 0.227 − 0.093 0.000 0.093 0.232

R&Dt−1 88,248 0.063 0.170 0.000 0.000 0.003 0.066 0.175

R&D_MISSINGt−1 88,248 0.370 0.483 0.000 0.000 0.000 1.000 1.000

KUTt−1 88,248 2.500 3.733 − 0.129 0.399 1.360 3.130 6.197

GWt−1 88,248 0.079 0.130 0.000 0.000 0.002 0.114 0.270

LOG_FIRM_AGEt−1 88,248 2.656 0.776 1.609 2.079 2.639 3.258 3.714

Other variables

CPAO_IND_MEANt−1 88,237 0.094 0.073 0.030 0.039 0.077 0.123 0.172

LOG_BOGt 67,175 4.435 0.100 4.304 4.369 4.443 4.500 4.554

OPAQUEt 84,103 0.485 0.625 0.119 0.199 0.340 0.573 0.935
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relatively fewer incentives to hide and hoard bad news. We also investigate how CPAO 
may contribute to enhancing information transparency, measured by the readability of 
10-K reports. Decreased readability of 10-Ks is reported to be related to adverse news 
hiding (Li 2008; Rogers et  al. 2014). Thus, if pledgeable asset-owning firms have less 
incentive to hide negative information, the annual reports of such firms would also be 
more readable. Our empirical tests show that asset-owning firms’ annual reports are less 
obscure.

Our study contributes to the recent empirical literature on the behavioral character-
istics that determine future stock price crashes (An and Zhang 2013; Bao et  al. 2018; 
Bhargava et al. 2017; Callen and Fang 2013, 2015; He 2015; Kim and Zhang 2016; Kim 
et al. 2011a, 2016; Wen et al. 2019; Xu et al. 2014; Yuan et al. 2016). We contribute to the 
crash risk literature by showing that a firm’s choice of pledgeable assets affects the risk 
of future stock price crashes. Firms manage tail risk by securing pledgeable assets, which 
helps protect shareholders from subsequent losses related to these risks, should negative 
events occur.

These findings also have important implications for the role of pledgeable assets held 
by firms. While studies on alternative investments, such as fintech, are growing (Kou 
et al. 2021a), relatively little attention has been paid to firms’ real estate ownership. Thus, 
we focus on the beneficial effects of pledgeable assets as a mechanism to protect against 
stock price crash risk and provide new evidence on the economic consequences of such 
assets. As discussed earlier, previous studies have focused on how pledgeable asset hold-
ings affect a firm’s debt structure, future investment decisions, productivity uncertainty, 
stock return performance, and risk (Cvijanovic 2014; Chaney et al. 2012; Zhao and Sing 
2016; Krumm and Linneman 2001; He and Ren 2017). We extend these works by focus-
ing on the unique role played by pledgeable asset holdings in reducing crash risk, which 
captures the asymmetry in risk or the third moment of a stock return distribution. This 
role is distinct from the effect of asset pledgeability on firm performance (first moment) 
and firm risk (second moment), as documented in prior studies (Hart and Moore 1994; 
Aghion and Bolton 1992; Fazzari et  al. 1988; Kaplan and Zingales 1997; Gomes 2001; 
Almeida and Campello 2007; Gorton 2017). Thus, our results broaden the understand-
ing of the implications for firms and investors holding real estate.

Furthermore, investigating the role of pledgeable assets in reducing crash risk likeli-
hood is important for researchers studying firms’ bankruptcy predictions. Most bank-
ruptcy prediction models use firm-level accounting and financial ratios (Kou et  al. 
2021b). The number of models considered suitable for large-scale financial datasets is 
also increasingly developed (Zha et al. 2020; Li et al. 2021). Therefore, firm’s pledgeable 
asset ratio may be one factor that reduces the likelihood of bankruptcy, which would be 
well captured in recently developed prediction models.

The remainder of this paper is organized as follows. In “Literature review and hypothe-
sis development” sectionsection, we review the literature on pledgeable assets and stock 
price crash risk. “Data and variable description” section presents our hypotheses. “Main 
results” section describes the data and methodologies. “Endogeneity tests” section pre-
sents our main findings and interpretation of the results. We include robustness tests in 
“Further test” section to address potential endogeneity and bias concerns. Finally, “Con-
clusion” section concludes the paper.
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Literature review and hypothesis development
Maintaining a certain volume of pledgeable assets is critical for firms, because such 
assets support additional borrowing (Almeida and Campello 2007). Classical lit-
erature in this field is based on the premise that firms use these assets to alleviate 
financial frictions from adverse selection effects and moral hazard (Stulz and John-
son 1985; Hart and Moore 1994; Hart 1995). These studies developed theoretical 
models showing that the collateral may be correlated with unobserved character-
istics affecting loan rates. Therefore, firms can divest pledgeable assets more easily 
than intangible assets when they need capital. Another stream of the literature finds 
that firms with greater default risk pledge their pledgeable assets as a mechanism to 
increase pledgeable income (Tirole 2010; Rampini and Viswanathan 2008; Eisfeldt 
and Rampini 2009).

Pledgeable assets also help creditors recover loans from their debtors. If a debtor fails 
to make the required payment, the creditor can use collateral to minimize losses. Addi-
tionally, pledgeable assets help mitigate enforcement frictions between borrowers and 
creditors (Tirole 2010), and the ability to pledge collateral and redeployable collateral 
reduces the cost of external financing and increases debt capacity (Benmelech and Ber-
man 2009). Recent evidence shows that borrowers rely on collateral when their pledge-
ability is high. This implies that high pledgeability makes it easier to obtain new loans or 
debt, diluting existing creditors. This induces creditors to seek protection against pos-
sible dilution by means of collateralized assets (Donaldson et al. 2019).

Among the various types of pledgeable assets, real estate has long been considered 
a typical example. Corporate real estate is the largest asset class for many firms (Zeck-
hauser and Silverman 1983; Brounen and Eichholtz 2005), and recent literature identi-
fies the potential advantages real estate ownership may bring to a firm. Firms purchase 
real estate for numerous reasons, one of which is that real estate, unlike other tangible 
assets, is relatively pledgeable (Chaney et al. 2012). One approach to discipline and ease 
borrowers’ financing ex ante is to offer creditors the option of liquidating pledged assets. 
This is because liquidation is an important determinant of corporate financial decisions 
(Stiglitz and Weiss 1981; Grossman and Hart 1986; Hart and Moore 1990), and liquid-
able assets (collateral) are often used to moderate financial frictions in the presence of 
unexpected hazards (Hart and Moore 1994; Aghion and Bolton 1992). In this respect, 
Cvijanovic (2014) hypothesizes and shows that creditors’ willingness to lend money to a 
firm increases with the liquidation value of assets. Cvijanovic (2014) explains that in the 
presence of financing frictions, firms with higher-value real estate tend to increase their 
leverage ratios rather than attempting to link the variation in pledgeable assets to stock 
price crash risk.

Many studies have investigated the determinants of significant stock price drops with 
respect to stock price crash risk. For example, studies have used information blockage 
(Cao et  al. 2002) and the volatility feedback effect (French et  al. 1987; Campbell and 
Hentschel 1992) to explain such events. The volatility feedback effect states that inves-
tors are likely to reassess market volatility and increase the risk premium when there is 
a significant price movement. This reinforces the impact of negative information, which 
offsets positive information, resulting in a large drop in a firm’s stock price in a short 
period.
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Recent research on stock price crashes indicates an agency problem-based view that 
the information asymmetry between corporate insiders and stakeholders results in crash 
risks (Jin and Myers 2006). Such information asymmetry motivates managers to inten-
tionally hide and hoard bad news (Kothari et al. 2009). However, the firm cannot stock-
pile bad news forever, and once a threshold has been crossed, the news is released into 
the market all at once, leading to a crash.

Why do managers hide bad news? Kothari et al. (2009) state that managers intention-
ally hide bad news from the market to protect their positions, maintain their compen-
sation packages, protect their employment, and minimize potential litigation risks. The 
literature postulates channels that strengthen this argument. Hutton et  al. (2009) find 
that firms with opaque financial statements are vulnerable to stock price crashes. Kim 
et al. (2011b) show that tax avoidance behavior is positively associated with crash risks. 
In addition, overconfident CEOs (Kim et al., 2016) and younger CEOs (Andreou et al. 
2017) are associated with a higher stock price crash risk, although Kim et al. (2014) show 
that firms managed by philanthropic CEOs are less prone to a stock price crash3 and He 
(2015) finds that inside debt holdings of CEOs decrease the risk of a crash.

Examining studies on corporate pledgeable asset ownership and stock price crash risk, 
we believe that there is a gap in the literature. Firms need real estate assets to run their 
businesses, and choose between owning or leasing these assets. Firms decide to purchase 
real estate because such pledgeable assets can be liquidated more easily than other tan-
gible assets. Pledgeable assets support additional borrowing that can be used for further 
investment (Almeida and Campello 2007) and provide insurance against possible bad 
events in which agents need liquid instruments (Gorton 2017). These benefits alleviate 
the financial frictions that arise from moral hazards or adverse selection effects (Aghion 
and Bolton 1992; Stulz and Johnson 1985; Hart 1995). Hence, when a firm increases its 
pledgeable assets, it increases its likelihood of obtaining loans and decreases its poten-
tial moral hazard. Therefore, we argue that when a firm is relatively free of financing 
concerns, managers are less worried about hiding bad news (Kothari et al. 2009), which 
reduces the risk of stock price crashes. Thus, we hypothesize as follows:

Hypothesis  The number of pledgeable assets is negatively associated with the risk of a 
future stock price crash.

Data and variable description
Sample construction

We first combine firms’ weekly stock return data from the Center for Research in Secu-
rity Prices (CRSP) with firms’ financial data provided by Compustat to obtain the sam-
ple. We exclude observations with missing stock returns and trading volume data in the 
CRSP database as well as those with missing accounting data in the Compustat database. 
Furthermore, we exclude firms with fewer than 26 weeks of stock return data and those 
in the financial services and utilities industries (Hutton et al. 2009). The data span from 
1988 to 2019, consisting of 88,248 firm-year observations.

3  Kim et al. (2014) use CSR scores as a proxy for CEOs’ philanthropic behavior.
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Measurement of pledgeable assets

Our main independent variable, corporate pledgeable asset ownership (CPAO), is cal-
culated following the definition of Chaney et  al. (2012) using the Compustat data-
base. The data source provides firm-specific property, plant, and equipment (PPE) 
data, and we derive the CPAO as the sum of lagged building costs (item name: FATB), 
lagged land and improvements (item name: FATP), and lagged construction in pro-
gress (item name: FATC) divided by the total asset value.

Measurements of stock price crash risk

We employ three different measures of crash risk following previous studies (Chen 
et  al. 2001; Jin and Myers 2006; Kim et  al. 2011a,b). We first estimate the weekly 
returns for each firm and year to observe the firm-specific factors that contribute to 
a firm’s crash risk. We then define W  as the firm-specific weekly return, computed 
as the natural log of one plus the residual return from the expanded market model 
regression. The market model regression is expressed as follows.

where rj,τ is the return on stock j in week τ and rm,τ is the return on the CRSP value-
weighted market index in week τ . Following Dimson (1979), we include the lead and lag 
terms for the market index return to consider non-synchronous trading.

The firm-specific weekly return for firm j in week τ , Wj,τ , is computed as the natural 
log of one plus the residual return.

We define crash weeks in a given fiscal year for a given firm as those in which the 
firm’s weekly return drops by more than 3.09 standard deviations below the mean 
firm-specific returns over the entire fiscal year (Hutton et  al., 2009; Kim et  al., 
2011a,b). Our first measure for each firm in each year, CRASHj,t , is an indicator var-
iable that takes the value of 1 if a firm-year includes one or more crash weeks (as 
defined above), and 0 otherwise.

The second measure of crash risk is negative conditional return skewness 
( NCSKEW  ). Here, we borrow from Chen et  al. (2001) and Kim et  al. (2011a,b), in 
which a firm’s NCSKEW  in a fiscal year is calculated as the negative third moment of 
the firm-specific weekly returns for each year divided by the standard deviation of the 
firm-specific weekly returns to the third power.

Following Chen et  al. (2001), our third measure is the down-to-up volatil-
ity ( DUVOL ). For each firm j over a fiscal-year period t , we categorize all weeks as 
“down” or “up” weeks, where down weeks are those in which the firm-specific weekly 
returns are below the annual mean, and up weeks are those above the annual mean. 
We then calculate the standard deviation for each group. The DUVOL variable is 

rj,τ = αj + β1,jrm,τ−2 + β2,jrm,τ−1 + β3,jrm,τ + β4,jrm,τ+1 + β5,jrm,τ+2 + εj,τ ,

Wj,τ = ln
(

1+ εj,τ
)

.

NSCKEWj,t = −

[

n(n− 1)3/2
∑

W 3
j,τ ]/[(n− 1)(n− 2)

(

∑

W 2
j,τ

)3/2
]

.
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calculated as the log of the ratio of the standard deviation for the down weeks to the 
standard deviation for the up weeks:

where nu and nd denote the number of up-and down-weeks, respectively, during fiscal 
year t.

For all crash risk variables (i.e., CRASHj,t , NCSKEWj,t , and DUVOLj,t ), higher values 
indicate greater crash risk.

Other control variables

Following Chen et al. (2001) and Jin and Myers (2006), we include several control vari-
ables: lagged stock turnover ( DTRURNt−1 ), lagged negative conditional skewness 
( NCSKEWt−1 ), lagged stock return volatility ( SIGMAt−1 ), lagged firm-specific aver-
age weekly return ( RETt−1 ), lagged firm size ( SIZEt−1 ), lagged market-to-book ratio 
( MBt−1 ), lagged leverage ratio ( LEVt−1 ), lagged return on assets ( ROAt−1 ), lagged earn-
ings quality ( ACCt−1 ), lagged R&D ratio ( R&Dt−1 ), lagged missing R&D indicator varia-
ble ( R&D_MISSINGt−1 ), lagged kurtosis ( KURt−1 ), lagged goodwill ( GWt−1 ), and lagged 
firm age ( LOG_FIRM_AGEt−1).

We lag all control variables to mitigate (but not completely remove) potential endoge-
neity concerns from reverse causality. We also include industry4-and year-fixed effects. 
““Appendix A”” provides detailed explanations and definitions of the variables used in 
this analysis.

Main results
Descriptive statistics

Table  1 presents the descriptive statistics of our main variables.CRASHt measures the 
probability of a firm-specific stock price crash during a year. The mean value for CRASHt 
is 0.232, indicating that the probability of a price crash is approximately 23.2%. Our sec-
ond measure of crash risk, NCSKEWt , identifies negative outliers in the return distribu-
tion by calculating the size of the distribution’s left tail. The average value of NCSKEWt 
is 0.027, suggesting that the return distributions are slightly negatively skewed. However, 
the sample includes observations with extremely negative returns because the median 
value of NCSKEWt is -0.012. Our third crash risk measure, DUVOLt , measures the 
asymmetric volatility between the negative and positive firm-specific weekly returns. 
The mean value of DUVOLt is 0.025, and the median value is 0.007, suggesting that some 
observations are extremely vulnerable to crash risk because higher DUVOLt indicates 
higher likelihood of a stock crash.

Our main variable of interest, CPAO, measures the proportion of real estate (sum of 
land, buildings, and construction in progress) in total assets. The average value of CPAO 
is 0.094, implying that approximately 9.4% of firm-specific assets are pledgeable assets.

DUVOLj,t = log

{[

(nu − 1)
∑

DOWN

W2
j,τ ]/[(nd − 1)

∑

UP

W2
j,τ

]}

,

4  We use the Fama and French 48-industry classification for the industry fixed-effects model. We also use the Hoberg 
and Phillips (2016) industry classification for robustness purposes. Please refer to Table 10 for alternative industry fixed 
effects models.



Page 9 of 28Jung et al. Financial Innovation            (2022) 8:28 	

Baseline regression results

In this subsection, we investigate the effect of CPAO on the risk of a future stock price 
crash. Following the literature, we also control for other determinants of crash risk 
(Chen et al., 2001; Hutton et al., 2009; Kim et al., 2011a,b). All variables are lagged by 
one year relative to the crash risk variables. We also control for lagged crash risk in the 
regression to address reverse causality. We use the following regression specification to 
test our first hypothesis.

where CPAOj,t−1 indicates CPAO and CONTROLSj,t−1 denotes the set of control vari-
ables used in the main regression. For the regression analysis with CRASHt as a depend-
ent variable, we use logistic regression, and for other variables, NCSKEWt and DUVOLt , 
we use OLS regressions.

Regardless of the crash risk measures, the results shown in Table 2 indicate that CPAO 
is negatively associated with the one-year ahead risk of a stock price crash. The find-
ings are statistically significant at the 1% level, even after including all the control vari-
ables, year fixed effects, and industry fixed effects. Moreover, our results indicate the 
economic significance of the effect of asset pledgeability on crash risks. For example, 
based on the coefficients in the first regression in Table 2, when the number of pledge-
able assets increases from the first to the third quartile, the crash risk proxy NCSKEWt 
( DUVOLt ) decreases by 15.5% (7.1%). Overall, this result suggests that companies suffer 
less of a price crash risk when they include a high volume of pledgeable assets in their 
asset management portfolios.

Regarding the control variables, firms with a larger size, higher market-to-book ratio, 
higher past returns, and lower leverage ratio are associated with a higher risk of a future 
stock price crash, consistent with findings in the crash risk literature (see e.g., Kim et al., 
2011a,b, 2014). In summary, the results of our analysis imply that the decrease in default 
risk resulting from an increase in pledgeable asset ownership provides a positive signal 
to managers, which reduces their likelihood of hiding and hoarding bad news.5

Endogeneity tests
Instrumental variable (IV)

Although our baseline regression shows a negative association between CPAO and the 
risk of a future stock price crash, the results may be biased and driven by endogene-
ity. Therefore, in this section, we employ several robustness tests to show empirically 
that the baseline regression results are not potentially driven by endogeneity. The first 
approach is the instrumental variable (IV) estimation. Borrowing ideas from prior stud-
ies, we use the equally weighted average of the pledgeable asset intensity of firms with 
the same life cycle, excluding the firm. We create an IV variable ( CPAO_IND_MEANt−1 ), 
which is calculated as the yearly average of firms’ CPAO-given industry, excluding the 

CRj,t = β0 + β1CPAOj,t−1 + γ ′CONTROLSj,t−1 + εj,t ,

5  We also adopt an identical baseline regression, except that it excludes the missing main variable of interest, CPAO. The 
results are consistent and reported in “Appendix C”. Furthermore, we employ industry times year (industry × year) fixed 
effects to understand whether firm with more CPAO are less likely to hide information within the same industry year 
and over time. This method allows us to control for unobservable time-varying industry-specific differences in CPAO 
measure. The results are statistically significant, and they are reported in “Appendix D”.
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firm. Firms with the same life cycle have high similarity in characteristics; thus, IV is 
closely related to pledgeable asset intensity because it represents the average volume 
of the pledgeable asset intensity of peer firms, and the relevance assumption is satis-
fied (Wu and Lai 2020; Wu and Ai 2021). In addition, the instrument variable satisfies 
the exclusion restriction because peer firms’ average asset intensity is unlikely to have a 
direct effect on their stock price crash risk.

Table 2  Effects of corporate pledgeable asset ownerhsip on stock price crash risk

This table reports OLS regression results where dependent variables are firm-specific future stock price crash risk measures. 
The sample covers 88,248 U.S. public firm-year observations in CRSP and Compustat database from 1988 to 2019 with 
non-missing values for the crash risk measures and all independent variables. All models include controls, year, and industry 
fixed effects. Reported in parentheses are p-values based on standard errors clustered by firm. *, **, and *** indicate 
significance at the 10%, 5%, and 1% levels, respectively. All variables are defined in “Appendix B”

CRASHt NCSKEWt DUVOLt

(1) (2) (3)

CPAOt−1 − 0.241*** − 0.121*** − 0.066***

(0.000) (0.000) (0.001)

DTURNt−1 0.202*** 0.106*** 0.071***

(0.000) (0.001) (0.000)

NCSKEWt−1 0.066*** 0.050*** 0.031***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.813*** − 1.288*** − 0.795***

(0.000) (0.000) (0.000)

RETt−1 16.830*** 14.995*** 10.460***

(0.000) (0.000) (0.000)

SIZEt−1 0.035*** 0.067*** 0.042***

(0.000) (0.000) (0.000)

MBt−1 0.015*** 0.027*** 0.024***

(0.000) (0.000) (0.000)

LEVt−1 − 0.149*** − 0.171*** − 0.124***

(0.001) (0.000) (0.000)

ROAt−1 0.113*** 0.033*** 0.010

(0.001) (0.008) (0.182)

ACC​t−1 0.030 − 0.002 0.002

(0.204) (0.894) (0.838)

R&Dt−1 0.035 − 0.058* − 0.111***

(0.576) (0.069) (0.000)

R&D_MISSINGt−1 − 0.076*** 0.001 0.011*

(0.001) (0.904) (0.093)

KURt−1 0.030*** 0.004*** 0.002**

(0.000) (0.005) (0.021)

GWt−1 0.214*** 0.112*** 0.067***

(0.005) (0.001) (0.005)

LOG_FIRM_AGEt−1 − 0.137*** − 0.087*** − 0.056***

(0.000) (0.000) (0.000)

Constant − 1.292*** − 0.186*** − 0.131***

(0.000) (0.003) (0.009)

Year FE Yes Yes Yes

Industry FE Yes Yes Yes

Observations 88,248 88,248 88,248

Pseudo/Adj. R2 0.032 0.061 0.060
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Table 3 presents the IV regression results. Column (1) reports the first-stage regres-
sion results. The IV has a positive relationship with pledgeable asset intensity, suggesting 
that the IV is closely related to the endogenous variable. The results of the second-
stage regression are generally consistent with the baseline regression. The results in 
column (1) for CRASH narrowly miss the conventional level of statistical significance 
(p = 0.165). However, the point estimate is very large, representing an effect more than 
twice that of the unconditional mean of the dependent variable. We find a negative 
association between CPAO and future stock price crash risk as measured by NCSKEWt 
and DUVOLt . The results imply that endogeneity concerns do not drive the association 
between CPAO and future stock price crash risk.

We also conduct multiple tests to verify whether the IV is sufficiently strong to include. 
Specifically, we use the Kleibergen-Paap rank LM statistic (Kleibergen 2002), Kleibergen-
Paap rank Wald F-statistic, Anderson-Rubin Wald test (Anderson and Rubin 1949), and 
Stock-Wright S-statistic test (Stock and Wright 2000) to verify that the instruments are 
not weak. Regardless of the verification tests, the p-values of the statistics are below 1%, 
indicating that endogenous regressors have explanatory power in the presence of weak 
instruments. Overall, the statistical tests show that the finding of a negative association 
between CPAO and future stock price crash risk is robust after alleviating endogeneity 
concerns over using the IV model.

Propensity score matching (PSM)

The second potential concern relates to possible selection bias. Our baseline regression 
may contain a selection bias associated with a firm’s propensity to engage in pledgea-
ble asset ownership. To alleviate this concern, we employ the PSM6 procedure to match 
firms with higher pledgeable assets-to-total assets ratios (top quartile) to control firms 
with lower ratios (below the top quartile). This matching criterion enables us to com-
pare firms that consider pledgeable assets important in a portfolio with other firms that 
are identical in all other observable dimensions. This allows us to distinguish the effects 
related to real estate purchases from those of other firm characteristics.

Table 4 reports the estimation results using the matched sample. The control variables 
are identical to variables used for analysis in Table 2, except that we retain only those 
firms with a high proportion of real estate, and match the firms identified using the PSM 
approach. The negative association between CPAO and future crash risk holds after 
applying the PSM method, confirming that endogeneity is not an issue in our data.

Oster’s delta

We also employ Oster’s (2017) method to address potential unobservable endoge-
neity concerns. Our model may omit important control variables, the variation of 
which affects both crash risk measures and the CPAO. Based on the theory of Altonji 

6  PSM is a popular econometric technique used to address endogeneity problems. The advantages of the PSM approach 
are documented in Armstrong et  al. (2010), as follows: “…using propensity scores to generate matched pairs with 
maximum variation in the causal variable of interest while minimizing the variation in the controls is, in many cases, 
a superior econometric approach to matching on the outcome variable and relying on a linear or some other assumed 
functional form to control for confounding variables. Moreover, propensity-score methods also enable the researcher 
to explicitly quantify the sensitivity of the results for the primary causal variable to unobserved correlated omitted vari-
ables.”.
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Table 3  Instrumental variable analysis

This table reports the empirical results of the effect of corporate pledgeable asset ownership on stock price crash risk using 
the instrumental variable approach. Column (1) reports the first-stage regression. Column (2)-(4) present the results of the 
second stage regression. The sample covers 88,237 U.S. public firm-year observations in CRSP and Compustat database from 
1988 to 2019 with non-missing values for the crash risk measures and all independent variables. Reported in parentheses 
are p-values based on standard errors clustered by firm. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, 
respectively. All variables are defined in “Appendix B”

CPAOt-1 CRASHt NCSKEWt DUVOLt

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

CPAO_IND_MEANt−1 0.850***

(0.000)

CPAOt−1 − 0.676 − 0.350* − 0.294*

(0.165) (0.084) (0.062)

DTURNt−1 0.200*** 0.105*** 0.071***

(0.000) (0.001) (0.000)

NCSKEWt−1 0.066*** 0.050*** 0.031***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.757*** − 1.262*** − 0.781***

(0.000) (0.000) (0.000)

RETt−1 16.850*** 15.007*** 10.467***

(0.000) (0.000) (0.000)

SIZEt−1 0.005*** 0.037*** 0.068*** 0.043***

(0.000) (0.000) (0.000) (0.000)

MBt−1 − 0.002*** 0.014*** 0.027*** 0.023***

(0.000) (0.000) (0.000) (0.000)

LEVt−1 0.069*** − 0.120** − 0.156*** − 0.109***

(0.000) (0.032) (0.000) (0.000)

ROAt−1 0.005*** 0.116*** 0.034*** 0.011

(0.000) (0.000) (0.006) (0.130)

ACC​t−1 0.030 − 0.002 0.001

(0.210) (0.874) (0.858)

R&Dt−1 − 0.032*** 0.022 − 0.065** − 0.118***

(0.000) (0.730) (0.048) (0.000)

R&D_MISSINGt−1 − 0.011*** − 0.082*** − 0.002 0.008

(0.002) (0.001) (0.807) (0.234)

KURt−1 0.030*** 0.003*** 0.002**

(0.000) (0.005) (0.023)

GWt−1 − 0.152*** 0.151 0.079* 0.034

(0.000) (0.157) (0.090) (0.328)

LOG_FIRM_AGEt−1 0.022*** − 0.127*** − 0.082*** − 0.051***

(0.000) (0.000) (0.000) (0.000)

Constant − 0.056*** − 1.262*** − 0.181*** − 0.125**

(0.000) (0.000) (0.004) (0.013)

Year FE No Yes Yes Yes

Industry FE No Yes Yes Yes

Observations 88,237 88,237 88,237 88,237

Pseudo/Adj. R2 0.248 0.032 0.061 0.060

Kleibergen-Paap rk LM statistic (P-value) 0.000

Kleibergen-Paap wald rk F statistic 391.570

Anderson-Rubin wald test (P-value) 0.000

Stock-Wright LM S statistic (P-value) 0.000
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(2005), Oster (2017) proposes a diagnosis to measure the sensitivity of the coeffi-
cient of interest to unobserved variables. The test attempts to address the possible 
omitted variable endogeneity problems in both the coefficient of interest and the R2 
between regressions by including and then omitting the control variables. Oster’s 
(2017) formula provides a proportionality coefficient, δ , which compares the strength 

Table 4  Propensity score matching

This table reports the empirical results of the effect of corporate pledgeable asset ownership on stock price crash risk using 
the Propensity Score Match (PSM). Firms with higher pledgeable assets-to-total assets ratios (top quartile) are matched 
with control firms with lower ratios (below the top quartile). All models include controls, year, and industry fixed effects. 
Reported in parentheses are p-values based on standard errors clustered by firm. *, **, and *** indicate significance at the 
10%, 5%, and 1% levels, respectively. All variables are defined in “Appendix B”

CRASHt NCSKEWt DUVOLt

(1) (2) (3)

CPAOt−1 − 0.186** − 0.088** − 0.045*

(0.038) (0.011) (0.090)

DTURNt−1 0.341*** 0.137*** 0.122***

(0.002) (0.007) (0.000)

NCSKEWt−1 0.062*** 0.055*** 0.039***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.921*** − 1.657*** − 1.316***

(0.000) (0.000) (0.000)

RETt−1 17.878*** 14.835*** 10.355***

(0.000) (0.000) (0.000)

SIZEt−1 0.007 0.049*** 0.026***

(0.510) (0.000) (0.000)

MBt−1 0.046*** 0.070*** 0.060***

(0.000) (0.000) (0.000)

LEVt−1 − 0.058 − 0.094*** − 0.061**

(0.460) (0.009) (0.031)

ROAt−1 0.226** 0.023 − 0.003

(0.018) (0.561) (0.914)

ACC​t−1 0.026 0.010 0.011

(0.614) (0.706) (0.569)

R&Dt−1 − 0.185 − 0.229* − 0.281***

(0.509) (0.075) (0.002)

R&D_MISSINGt−1 − 0.076** 0.017 0.021*

(0.044) (0.239) (0.064)

KURt−1 0.033*** 0.002 0.002

(0.000) (0.349) (0.162)

GWt−1 0.353** 0.088 0.032

(0.034) (0.245) (0.568)

LOG_FIRM_AGEt−1 − 0.116*** − 0.074*** − 0.045***

(0.000) (0.000) (0.000)

Constant − 1.270*** − 0.430*** − 0.291***

(0.000) (0.001) (0.002)

Year FE Yes Yes Yes

Industry FE Yes Yes Yes

Observations 44,124 44,124 44,124

Pseudo/Adj. R2 0.032 0.056 0.058
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of selection on observable and unobservable variables, suggesting one as a cutoff δ
-value for comparison.7

Table 5 presents the estimates of crash risk measures8 and CPAO in the main regres-
sion in Table 2. The calculated δ-values are based on the movements recorded in panel 
A. We report the values of Rmax = 1.3 * R2 as the main results of the diagnostic tests. The 
results show that to drive the coefficients down to zero, the selection of unobservable 
variables should be 26.409 times more significant than that on observable variables in 
the NCSKEWt regressions and 271.923 times more significant in the DUVOLt regres-
sions. Interpreting the results is clear because situations in which the calculated δ-values 
are significantly greater than the threshold (i.e., |δ| > 1 ) are very unlikely to occur (Oster 
2017). This means that the baseline regressions (Table 2) control for the first-order deter-
minants of crash risk and the included coefficients are stable. Therefore, the selection of 
unobservable variables does not hinder our main regression.9

Financial crisis

In this subsection, we test whether the aforementioned relationship between the CPAO 
and the risk of a future stock price crash is observed, excluding the financial crisis period 
(2008–2011).10 Real estate is one of the largest classes of pledgeable assets (Zeckhauser 
and Silverman 1983; Brounen and Eichholtz 2005; Zhao and Sing 2016) and a major 
cause of the Great Recession (Paul 2010). The real estate bubble peaked in early 2006. 
Consequently, in 2008, prices began to decline sharply, before reaching their lowest 

Table 5  Coefficient stability test (Oster’s δ)

This table presents the results of coefficient stability test proposed by Oster (2017). Oster’s (2017) formula provides a 
proportionality coefficient, δ, that compares the strength of selection on observable variables and unobservable variables, 
suggesting one as a cutoff δ-value for the comparison. Rmax is the R-squared value from a hypothetical regression including 
both observable and unobservable controls and R̃ is the R-squared value from our baseline regression

Oster’s δ

Rmax = 1.3 × R̃

Models Dependent variables Test variables Rmax δ

(1) NCSKEWt CPAOt−1 0.081 26.409

(2) DUVOLt CPAOt−1 0.079 271.923

Rmax = 2.0 × ̃R

(1) NCSKEWt CPAOt−1 0.124 7.991

(2) DUVOLt CPAOt−1 0.121 82.024

Rmax = 3.0 × ̃R

(1) NCSKEWt CPAOt−1 0.186 4.003

(2) DUVOLt CPAOt−1 0.182 41.060

7  If |δ| > 1 , for the selection of unobserved variables to drive the coefficient of interest to zero, it should be stronger than 
selection of observable variables. Thus, if the regression includes most first-order determinants of the dependent vari-
ables, the selection on unobservable factors is unlikely to be more important than the selection on observable factors.
8  Oster’s test is only valid when the variable is continuous; hence, we omit the estimation of CRASHt because it is an indi-
cator variable.
9  To ensure the robustness of the findings, we consider more conservative thresholds of Rmax , such as Rmax = 2.0 * R2 and 
Rmax = 3.0 * R2 , and run the same test. The results are similar and do not contain unobservable bias.
10  Based on the Case–Shiller home price index, real estate prices began dropping in 2007, before bouncing back from 
2012. Therefore, we choose the sample period as 2008 to 2011, because the index price only decreased during this 
period.
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point in 2012.11 Therefore, the sudden drop in US real estate prices directly and indi-
rectly affected the mortgage markets, institutions, and firms. In other words, pledge-
able assets, including real estate, are no longer pledgeable during a financial crisis. This 
implies that managers’ tendency to hoard bad news may not be affected by pledgeable 
asset holdings during crisis periods. Therefore, although we show that the amount of 
pledgeable assets is negatively associated with the future risk of a stock price crash, the 
relationship may be biased because of the effects of including the financial crisis period. 
All other methods and control variables are identical to those used in baseline regres-
sion. The idea is that since many concurrent events occur during the crisis period, it may 
be difficult to find a suitable explanation for the empirical findings.

Table 6 presents the results, excluding the financial crisis period. Similar to our main 
findings, we find a negative relationship between the CPAO and crash risk. Our find-
ings indicate that the baseline results are not potentially biased by the sample during the 
financial crisis period.

Extension of forecasting windows

In this subsection, we further test the predictive power of the CPAO variable by examin-
ing longer forecasting periods, namely two- and three-year-ahead windows. If pledge-
able asset ownership is a good measure of a firm’s future crash risk, it should hold for 
longer forecasting periods. To test this conjecture, we first calculate CRASHt , NCSKEWt , 
and DUVOLt using each firm’s weekly returns during the two -and three-year periods. 
This procedure reduces the number of observations from 88,248 (Table 2) to 80,946 and 
72,615 for the two and three-year periods, respectively.

Table  7 presents the results. Columns 1–3 report the effects of the CPAO on two-
years-ahead stock price crash risk, and Columns 4–6 report their effects on three-years-
ahead risk. Regardless of the forecasting window, we find a unidirectional negative 
association between CPAO and the risk of a future stock price crash. Overall, the results 
imply that the CPAO is a strong measure of the risk of a future stock price crash and that 
it has a predictive ability up to three years ahead.

Alternative variables

Another potential concern of this study is the measurement bias. Our main variable of 
interest, CPAO (calculated as the sum of building costs (item name: FATB), land and 
improvements (item name: FATP), and lagged construction in progress (item name: 
FATC), divided by total assets), may not correctly measure the CPAO. These findings 
confound our interpretation of our main findings. Therefore, we adopt two alternative 
definitions of CPAO: the sum of building costs (FATB), land and improvements (FATP), 
and lagged construction in progress (FATC), divided by net PPE ( CPAO(PPE)t−1 ) (Tuzel 
2010), and net PPE divided by total assets ( CPAO(Asset)t−1 ) (Brounen and Eichholtz 
2005). All the variables are constructed using the Compustat database. The remaining 
control variables are identical to those listed in the main table. We limit the data period 
from 1988 to 2019 to ensure consistency with the stock price crash risk data.

11  Retrieved from the Case–Shiller home price index; “Appendix A” provides a historical index price change since 2002.
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Table 8 presents the results. Columns 1–3 present the results when the main variable 
of interest is CPAO(PPE)t−1 , and Columns 4–6 present the results when the main vari-
able of interest is CPAO(Asset)t−1 . The results obtained using these alternative meas-
ures are qualitatively similar to those reported in Table 2. Therefore, our findings are not 
driven by measurement bias.

We use the S&P 500 index as a benchmark market index to calculate crash risk 
measures. While this is a commonly accepted method in the crash risk literature, we 

Table 6  Excluding financial crisis period

This table reports the empirical results of the effect of corporate pledgeable asset ownership on stock price crash risk 
excluding a financial crisis period (2008–2011). All models include controls, year, and industry fixed effects. Reported in 
parentheses are p-values based on standard errors clustered by firm. *, **, and *** indicate significance at the 10%, 5%, and 
1% levels, respectively. All variables are defined in “Appendix B”

CRASHt NCSKEWt DUVOLt

(1) (2) (3)

CPAOt−1 − 0.255*** − 0.127*** − 0.068***

(0.000) (0.000) (0.001)

DTURNt−1 0.181*** 0.092*** 0.065***

(0.001) (0.005) (0.001)

NCSKEWt−1 0.075*** 0.054*** 0.033***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.637*** − 1.040*** − 0.592***

(0.000) (0.000) (0.000)

RETt−1 17.724*** 15.048*** 10.381***

(0.000) (0.000) (0.000)

SIZEt−1 0.036*** 0.070*** 0.044***

(0.000) (0.000) (0.000)

MBt−1 0.014*** 0.027*** 0.024***

(0.000) (0.000) (0.000)

LEVt−1 − 0.173*** − 0.172*** − 0.120***

(0.000) (0.000) (0.000)

ROAt−1 0.131*** 0.039*** 0.012

(0.000) (0.006) (0.126)

ACC​t−1 0.035 − 0.004 0.000

(0.176) (0.765) (0.982)

R&Dt−1 0.007 − 0.067* − 0.116***

(0.920) (0.055) (0.000)

R&D_MISSINGt−1 − 0.077*** 0.001 0.012

(0.002) (0.950) (0.102)

KURt−1 0.030*** 0.003** 0.002*

(0.000) (0.016) (0.089)

GWt−1 0.197** 0.089** 0.044*

(0.014) (0.016) (0.094)

LOG_FIRM_AGEt−1 − 0.148*** − 0.091*** − 0.059***

(0.000) (0.000) (0.000)

Constant − 1.293*** − 0.203*** − 0.147***

(0.000) (0.001) (0.004)

Year FE Yes Yes Yes

Industry FE Yes Yes Yes

Observations 78,398 78,398 78,398

Pseudo/Adj. R2 0.033 0.061 0.059
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further calculate the crash risk variables by calculating the return residuals by dis-
counting Fama and French’s (2015) five factors. The baseline regression results using 
crash risk measures that discount Fama and French’s (2015) five factors are reported 

Table 7  Extension of forecasting windows

This table reports results of extension of forecasting windows. The sample covers the years of 1988 to 2019. The dependent 
variables (CRASH, NCSKEW, and DUVOL) measure during the two-year and three-year periods. The number of observations 
is from 88,248 (Table 2) to 80,946 and 72,615 for two-year and three-year periods, respectively. All models include controls, 
year, and industry fixed effects as in Table 2. Reported in parentheses are p-values based on standard errors clustered by 
firm. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. All variables are defined in “Appendix B”

Two-year window [t, t + 1] Three-year window [t, t + 2]

CRASH NCSKEW DUVOL CRASH NCSKEW DUVOL

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

CPAOt−1 − 0.191*** − 0.138*** − 0.083*** − 0.133 − 0.139*** − 0.078***

(0.006) (0.000) (0.000) (0.108) (0.000) (0.000)

DTURNt−1 0.154*** 0.113*** 0.050*** 0.147*** 0.080*** 0.027**

(0.001) (0.000) (0.000) (0.004) (0.004) (0.026)

NCSKEWt−1 0.084*** 0.055*** 0.029*** 0.096*** 0.061*** 0.031***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SIGMAt−1 − 3.764*** − 1.589*** − 0.743*** − 3.924*** − 1.800*** − 0.738***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

RETt−1 18.368*** 15.951*** 9.753*** 18.513*** 16.317*** 9.237***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SIZEt−1 0.047*** 0.083*** 0.045*** 0.058*** 0.094*** 0.049***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

MBt−1 0.010** 0.023*** 0.018*** 0.009 0.022*** 0.015***

(0.023) (0.000) (0.000) (0.102) (0.000) (0.000)

LEVt−1 − 0.157*** − 0.225*** − 0.143*** − 0.174*** − 0.238*** − 0.144***

(0.001) (0.000) (0.000) (0.003) (0.000) (0.000)

ROAt−1 0.106*** 0.048*** 0.027*** 0.099** 0.046*** 0.027***

(0.001) (0.000) (0.000) (0.017) (0.000) (0.000)

ACC​t−1 0.008 0.001 0.003 − 0.011 − 0.003 0.002

(0.724) (0.967) (0.628) (0.641) (0.815) (0.775)

R&Dt−1 0.157** 0.085* − 0.021 0.127 0.179*** 0.015

(0.022) (0.078) (0.339) (0.131) (0.007) (0.509)

R&D_MISSINGt−1 − 0.049** − 0.003 0.011* − 0.066** − 0.007 0.009

(0.048) (0.801) (0.098) (0.028) (0.603) (0.191)

KURt−1 0.022*** 0.002 0.000 0.020*** 0.000 − 0.000

(0.000) (0.175) (0.557) (0.000) (0.934) (0.459)

GWt−1 0.236*** 0.168*** 0.075*** 0.241** 0.185*** 0.062***

(0.005) (0.000) (0.001) (0.022) (0.000) (0.009)

LOG_FIRM_AGEt−1 − 0.143*** − 0.103*** − 0.053*** − 0.147*** − 0.108*** − 0.053***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Constant − 0.193 − 0.054 − 0.014 0.457 − 0.050 − 0.047

(0.502) (0.363) (0.705) (0.152) (0.367) (0.108)

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 80,946 80,946 80,946 72,615 72,615 72,615

Pseudo/Adj. R2 0.035 0.077 0.087 0.041 0.093 0.118
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Table 8  Alternative variables of corporate pledgeable asset ownership

This table reports results from alternative variables of corporate real estate. The sample covers the years of 1988–2019. 
Column (1)-(3) apply the first alternative independent variable, (Building + Land + Construction)/PPE. And Column (4)-(6) use 
the second alternative independent variable, PPE/Asset. All models include controls, year, and industry fixed effects as in 
Table 2. Reported in parentheses are p-values based on standard errors clustered by firm. *, **, and *** indicate significance 
at the 10%, 5%, and 1% levels, respectively. All variables are defined in “Appendix B”

CPAO 
(PPE) = (Building + Land + Construction)/PPE

CPAO(Asset) = PPE/Asset

CRASHt NCSKEWt DUVOLt CRASHt NCSKEWt DUVOLt

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

CPAO(PPE)t−1 − 0.065*** − 0.046*** − 0.032***

(0.005) (0.000) (0.000)

CPAO(Asset)t−1 − 0.269*** − 0.052** − 0.017

(0.000) (0.023) (0.324)

DTURNt−1 0.203*** 0.105*** 0.071*** 0.201*** 0.105*** 0.071***

(0.000) (0.001) (0.000) (0.000) (0.001) (0.000)

NCSKEWt−1 0.066*** 0.050*** 0.031*** 0.067*** 0.050*** 0.031***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SIGMAt−1 − 3.872*** − 1.308*** − 0.812*** − 3.801*** − 1.268*** − 0.783***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

RETt−1 16.966*** 14.908*** 10.389*** 16.792*** 14.989*** 10.460***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SIZEt−1 0.034*** 0.066*** 0.042*** 0.036*** 0.067*** 0.042***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

MBt−1 0.014*** 0.029*** 0.025*** 0.014*** 0.027*** 0.024***

(0.001) (0.000) (0.000) (0.000) (0.000) (0.000)

LEVt−1 − 0.160*** − 0.178*** − 0.128*** − 0.123*** − 0.172*** − 0.127***

(0.000) (0.000) (0.000) (0.008) (0.000) (0.000)

ROAt−1 0.114*** 0.036*** 0.010 0.112*** 0.033*** 0.010

(0.002) (0.005) (0.164) (0.001) (0.008) (0.186)

ACC​t−1 0.030 − 0.001 0.002 0.029 − 0.002 0.001

(0.210) (0.899) (0.783) (0.230) (0.871) (0.849)

R&Dt−1 0.047 − 0.061* − 0.118*** 0.035 − 0.055* − 0.109***

(0.464) (0.057) (0.000) (0.571) (0.086) (0.000)

R&D_MISSINGt−1 − 0.078*** − 0.000 0.010 − 0.068*** 0.003 0.012*

(0.001) (0.983) (0.126) (0.003) (0.741) (0.075)

KURt−1 0.030*** 0.003*** 0.002** 0.029*** 0.003*** 0.002**

(0.000) (0.006) (0.023) (0.000) (0.006) (0.022)

GWt−1 0.244*** 0.127*** 0.075*** 0.157** 0.114*** 0.073***

(0.001) (0.000) (0.001) (0.045) (0.001) (0.003)

LOG_FIRM_AGEt−1 − 0.136*** − 0.085*** − 0.054*** − 0.141*** − 0.090*** − 0.058***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Constant − 1.291*** − 0.190*** − 0.134*** − 1.221*** − 0.177*** − 0.129**

(0.000) (0.002) (0.007) (0.000) (0.004) (0.011)

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 88,093 88,093 88,093 88,248 88,248 88,248

Pseudo/Adj. R2 0.032 0.061 0.060 0.032 0.061 0.060
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in Table  9. We find that the negative relationship between CPAO and other stock 
price crash risk measures still holds true.

Finally, we use different industry classifications to verify the significance of the 
industry fixed effects model, following the industry classification method suggested 

Table 9  Alternative crash risk measures based on Fama–French 5-factor model

This table reports OLS regression results where dependent variables are firm-specific future stock price crash risk measures 
based on Fama–French 5-factor model. The sample covers 88,201 U.S. public firm-year observations in CRSP and Compustat 
database from 1988 to 2019 with non-missing values for the crash risk measures and all independent variables. All models 
include controls, year, and industry fixed effects. Reported in parentheses are p-values based on standard errors clustered by 
firm. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. All variables are defined in “Appendix B”

Based on Fama–French 5-factor model

CRASHt NCSKEWt DUVOLt

(1) (2) (3)

CPAOt−1 − 0.232*** − 0.124*** − 0.071***

(0.001) (0.000) (0.000)

DTURNt−1 0.193*** 0.114*** 0.074***

(0.000) (0.000) (0.000)

NCSKEWt−1 0.069*** 0.050*** 0.030***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.389*** − 1.376*** − 0.882***

(0.000) (0.000) (0.000)

RETt−1 16.825*** 14.485*** 9.785***

(0.000) (0.000) (0.000)

SIZEt−1 0.040*** 0.063*** 0.037***

(0.000) (0.000) (0.000)

MBt−1 0.014*** 0.024*** 0.019***

(0.000) (0.000) (0.000)

LEVt−1 − 0.169*** − 0.163*** − 0.116***

(0.000) (0.000) (0.000)

ROAt−1 0.094*** 0.035*** 0.011

(0.003) (0.007) (0.148)

ACC​t−1 0.007 0.000 0.006

(0.746) (0.971) (0.486)

R&Dt−1 0.078 − 0.037 − 0.089***

(0.201) (0.252) (0.000)

R&D_MISSINGt−1 − 0.056** 0.004 0.012*

(0.016) (0.673) (0.073)

KURt−1 0.027*** 0.003** 0.002**

(0.000) (0.011) (0.026)

GWt−1 0.228*** 0.119*** 0.071***

(0.002) (0.001) (0.003)

LOG_FIRM_AGEt−1 − 0.140*** − 0.082*** − 0.050***

(0.000) (0.000) (0.000)

Constant − 1.250*** − 0.128** − 0.053

(0.000) (0.037) (0.307)

Year FE Yes Yes Yes

Industry FE Yes Yes Yes

Observations 88,201 88,201 88,201

Pseudo/Adj. R2 0.033 0.053 0.046
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by Hoberg and Phillips (2016). They suggest text-based network industries. The base-
line regression results using the different industry fixed effects models are presented 
in Table 10. We again confirm that CPAO is negatively associated with the likelihood 
of a future stock price crash risk.

Table 10  Alternative industry fixed effect: 10-K text-based fixed industry classifications

This table reports our baseline regression with industry fixed effect model using 10-K text-based Fixed Industry 
Classification (FIC). The industry classification method is suggested by Hoberg and Phillips (2016). Column (1)–(3) and 
Column (4)–(6) report our baseline results using FIC-300 and FIC-500 classification, respectively. All models include controls, 
year, and FIC industry fixed effects. Reported in parentheses are p values based on standard errors clustered by firm

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. All variables are defined in “Appendix B”.

FIC-300 FIC-500

CRASHt NCSKEWt DUVOLt CRASHt NCSKEWt DUVOLt

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

CPAOt−1 − 0.223*** − 0.127*** − 0.069*** − 0.217*** − 0.123*** − 0.069***

(0.002) (0.000) (0.001) (0.003) (0.000) (0.001)

DTURNt−1 0.216*** 0.111*** 0.074*** 0.216*** 0.110*** 0.073***

(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

NCSKEWt−1 0.061*** 0.045*** 0.028*** 0.057*** 0.043*** 0.027***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SIGMAt−1 − 4.109*** − 1.430*** − 0.903*** − 4.079*** − 1.423*** − 0.906***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

RETt−1 16.510*** 14.720*** 10.336*** 16.356*** 14.642*** 10.325***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SIZEt−1 0.033*** 0.066*** 0.042*** 0.037*** 0.069*** 0.044***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

MBt−1 0.015*** 0.028*** 0.024*** 0.015*** 0.028*** 0.024***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

LEVt−1 − 0.108** − 0.151*** − 0.112*** − 0.118** − 0.150*** − 0.111***

(0.028) (0.000) (0.000) (0.017) (0.000) (0.000)

ROAt−1 0.100*** 0.031** 0.008 0.099*** 0.031** 0.008

(0.002) (0.016) (0.283) (0.002) (0.016) (0.291)

ACC​t−1 0.035 − 0.001 0.002 0.037 − 0.001 0.002

(0.147) (0.923) (0.834) (0.129) (0.963) (0.786)

R&Dt−1 0.019 − 0.095*** − 0.133*** 0.036 − 0.091*** − 0.132***

(0.764) (0.004) (0.000) (0.581) (0.006) (0.000)

R&D_MISSINGt−1 − 0.059** − 0.001 0.007 − 0.045* 0.006 0.011

(0.017) (0.944) (0.346) (0.069) (0.543) (0.121)

KURt−1 0.030*** 0.004*** 0.002** 0.029*** 0.004*** 0.002**

(0.000) (0.004) (0.019) (0.000) (0.006) (0.016)

GWt−1 0.207*** 0.134*** 0.091*** 0.209*** 0.126*** 0.083***

(0.009) (0.000) (0.000) (0.008) (0.000) (0.001)

LOG_FIRM_AGEt−1 − 0.127*** − 0.081*** − 0.053*** − 0.134*** − 0.084*** − 0.056***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Constant − 1.389*** − 0.165** − 0.114** − 1.350*** − 0.173*** − 0.119**

(0.000) (0.012) (0.032) (0.000) (0.008) (0.026)

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 86,718 86,718 86,718 86,718 86,718 86,718

Pseudo/Adj. R2 0.035 0.062 0.060 0.038 0.062 0.060
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Further test
Information transparency channel

With a significant baseline estimation result that firms with higher volumes of pledge-
able assets are less likely to hide and hoard negative information, we then move the focus 
to the possible channels that may affect the firm’s bad news-hiding behavior. Therefore, 
in this section, we investigate the channels through which firms with CPAOs reduce 
their stock price crash risk. If pledgeable asset-owning firms lead to less bad news hiding 
behavior, then we should observe less informational opacity. The CPAO is expected to 
increase the collateral value of the firm, thereby enhancing corporate transparency and 
limiting bad news hoarding, resulting in a lower stock price crash risk. To test the infor-
mation opacity channel, we examine whether information opacity decreased after board 
reformation.

Following the literature on corporate information opacity and crash risk, we con-
struct an opacity variable (Hutton et  al. 2009). Opacity is measured by the three-year 
moving sum of absolute discretionary accruals (Hutton et  al. 2009). Prior studies find 
that accrual management obscures at least some information about firm fundamentals 
(Sloan 1996), and is thus a direct, firm-specific measure of opacity. In addition, aggres-
sive earnings management is likely to be a proxy for management’s general proclivity 
to hide information from the capital market, and thus captures less easily quantifiable 
or observable aspects of opacity. Loureiro and Silva (2018) also find that firms with less 
earnings management reduce their crash risk likelihood. Thus, we hypothesize that an 
increased CPAO would decrease accruals, which reduces managers’ incentives to with-
hold negative information.

We also use the readability of a firm’s annual financial reports (10-Ks) as another chan-
nel to explain the relationship between CPAO and future crash risk. Financial reports 
are one of the primary methods used by managers to communicate with investors. 
Thus, firms may strategically hide adverse information by obscuring the 10-K reports. 
For instance, Li (2008) shows that some firms strategically use less readable and longer 
annual reports to make information less transparent and hide adverse information from 
investors. Therefore, previous studies have used financial report readability to measure 
bad news hoarding behavior (Rogers et  al. 2014; Li and Zhan 2019). We calculate the 
readability of the 10-k report by using the Bog index as a proxy and test how CPAO 
is associated with the readability of the annual report (Bonsall et al. 2017).12 Kim et al. 
(2019) find that 10-K readability is associated with a reduced likelihood of crash risk. 
An increase in the CPAO may reduce a firm’s risks, implying that those firms have less 
incentive to make obscure financial reports. Thus, we conjecture that the increased 
CPAO would reduce the Bog index or increase the readability of the 10-K reports.

Table 11 presents the regression results. Column (1) shows the results for the opacity 
measure, and Column (2) presents the regression results for 10-K readability. Consist-
ent with this hypothesis, we find that CPAO is negatively associated with future accrual. 
Furthermore, we show that a firm’s 10-Ks becomes less difficult to read given the higher 

12  The lower value of Bog index indicates more readable document, while higher value indicates a more obscure text.
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volume of pledgeable assets. The analysis confirms that firms with a higher volume of 
pledgeable assets have relatively fewer incentives to hide and hoard negative news.

Conclusion
Regardless of their location, firms strategically manage the level of pledgeable assets in 
their asset portfolios. Leaving aside the ongoing debate about whether the CPAO ben-
efits firms, firms have maintained a certain level of pledgeable assets for decades (Zhao 
and Sing 2016; Chaney et  al. 2012). Although numerous prior studies examine how 
CPAO affects firm-specific risks, few have investigated its effect on managers’ behavior.

Therefore, we examine the association between variation in CPAO and managers’ 
behavior in terms of hoarding bad news proxied by crash risk measures. Our find-
ings show that, as CPAO increases, the risk of a future stock price crash decreases. 
When a firm increases its level of pledgeable assets, it sends a positive signal to 
investors that it is pursuing assets that provide insurance against risk, or assets 
that may increase the likelihood of receiving external loans. Therefore, increasing 
the CPAO significantly reduces the likelihood of a stock price crash. Furthermore, 

Table 11  Channel test

This table reports the empirical results of the effect of corporate pledgeable asset ownership on information transparency. 
Column (1) shows the results for opacity measure, and Column (2) presents the regression results for the 10-K’s readability. 
All models include control variables, year, and industry fixed effects. Reported in parentheses are p values based on 
standard errors clustered by firm. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. All variables 
are defined in “Appendix B”

OPAQUEt LOG_BOGt

(1) (2)

CPAOt−1 − 0.162*** − 0.045***

(0.000) (0.000)

SIZEt−1 − 0.042*** 0.008***

(0.000) (0.000)

MBt−1 0.018*** − 0.000*

(0.000) (0.094)

LEVt−1 0.016 0.021***

(0.411) (0.000)

ROAt−1 − 0.216*** − 0.005***

(0.000) (0.000)

R&Dt−1 0.388*** 0.053***

(0.000) (0.000)

R&D_MISSINGt−1 0.018** − 0.009***

(0.048) (0.000)

GWt−1 − 0.161*** 0.017***

(0.000) (0.004)

LOG_FIRM_AGEt−1 − 0.039*** − 0.016***

(0.000) (0.000)

Constant 0.462*** 4.363***

(0.000) (0.000)

Year FE Yes Yes

Industry FE Yes Yes

Observations 84,103 67,175

Adj. R2 0.163 0.450



Page 23 of 28Jung et al. Financial Innovation            (2022) 8:28 	

to address potential endogeneity issues, we first adopt several robustness tests (IV, 
PSM, and coefficient stability tests), showing that the negative association between 
the CPAO and a firm’s risk of a stock price crash is not driven by endogeneity. We 
also revisit the baseline regression using alternative measures for CPAO, crash risk, 
and a fixed-effects model to further strengthen the argument.

Although we employed an instrumental variable based on the book value of real 
estate, it remains true that the pledgeability of these real estate assets is greatly 
affected by the actual market value. This is a limitation of the research and provides 
suggestions for future research. Using market value may reduce within-firm vari-
ation, thus enabling the observation of more evident relationships between CPAO 
and future crash risks. We leave this as a possible extension to future research.

Our study adds to the growing literature on asset pledgeability and provides impli-
cations for both firms and investors. We focus on the unique role of a firm’s real 
estate holdings in mitigating the risk of a crash and provide new evidence on the 
economic consequences of such ownership. We also extend the existing literature on 
crash risk by providing another source of stock price crash. Specifically, we provide 
empirical evidence linking the level of a firm’s asset pledgeability to the risk of a 
future stock price crash. Our findings provide policy implications related to protect-
ing shareholder value because a change in a firm’s CPAO sends a signal to sharehold-
ers about whether the firm is vulnerable to a stock price crash.

Appendix A: S&P/Case‑Shiller U.S. National Home Price Index (2000–2019)
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Appendix B: Variable definitions

Variable Definition

Crash risk variables

CRASHt Equal to one if the firm has a weekly return that is less than 3.09 standard 
deviation below the average weekly return for the entire fiscal year

NCSKEWt Negative of the third moment of firm-specific weekly returns for each 
firm and fiscal year divided by the standard deviation of firm-specific 
weekly returns raised to the third power

DUVOLt Natural log of the ratio of the standard deviation of firm-specific weekly 
returns below the annual mean for the fiscal year to the standard devia-
tion of firm-specific weekly returns above the annual mean for the fiscal 
year

Real estate variable

CPAOt−1 Corporate pledgeable asset ownership is derived from the components 
of the property, plant, and equipment (PPE), which is defined as the sum 
of building costs, land and improvements, and costs of construction in 
progress normalized by total assets. It is set to zero if missing

CPAO(PPE)t−1 Sum of building costs, land and improvements, and costs of construction 
in progress normalized by property, plant, and equipment (PPE). It is set 
to zero if missing

CPAO(Asset)t−1 Property, plant, and equipment (PPE) normalized by total assets. It is set 
to zero if missing

Control variables

DTURNt−1 Detrended turnover, defined as the difference between the average 
monthly share turnover over the current fiscal-year period and the aver-
age 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

NCSKEWt−1 One-year lagged value of NCSKEWt

SIGMAt−1 Standard deviation of firm-specific weekly stock returns over the fiscal 
year

RETt−1 Average firm-specific weekly return during the entire fiscal year

SIZEt−1 Natural log of total assets

MBt−1 Ratio of the market value of equity to the book value of equity

LEVt−1 Long-term debt divided by total assets

ROAt−1 Income before extraordinary items divided by lagged total assets

ACC​t−1 Performance-matched discretionary accruals following Kothari, Leone, 
and Wasley (2005)

R&Dt−1 Ratio of research and development expenses to total assets. Missing 
values of research and development expenses are replaced with zero

R&D_MISSINGt−1 Dummy variable that equals one if the value of research and develop-
ment expenses is missing

KURt−1 Kurtosis of firm-specific weekly returns over the fiscal year

GWt−1 The ratio of goodwill to total assets. Missing values of goodwill are 
replaced with zero

LOG_FIRM_AGEt−1 The natural log of one plus firm age. Firm age is measured as the number 
of years the firm has been reported on COMPUSTAT​

Other variables

CPAO_IND_MEANt−1 The yearly average of firms’ CPAO given industry except itself

LOG_BOGt The natural log of one plus Bog index

OPAQUEt Three-year moving sum of the absolute value of ACC​t-1
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Appendix C: Main results without missing value

This table reports main OLS regression results without the observation which have 
missing value on real estate. The sample covers 72,479 U.S. public firm-year observations 
in CRSP and Compustat database from 1988 to 2019 with non-missing values for the 
crash risk measures and all independent variables. All models include controls, year, and 
industry fixed effects. Reported in parentheses are p-values based on standard errors 
clustered by firm. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respec-
tively. All variables are defined in “Appendix B”.

CRASHt NCSKEWt DUVOLt
(1) (2) (3)

CPAOt−1 − 0.333*** − 0.162*** − 0.088***

(0.000) (0.000) (0.000)

DTURNt−1 0.212*** 0.112*** 0.082***

(0.000) (0.001) (0.000)

NCSKEWt−1 0.063*** 0.048*** 0.029***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.407*** − 1.414*** − 0.933***

(0.000) (0.000) (0.000)

RETt−1 16.977*** 15.148*** 10.470***

(0.000) (0.000) (0.000)

SIZEt−1 0.056*** 0.071*** 0.044***

(0.000) (0.000) (0.000)

MBt−1 0.015*** 0.028*** 0.024***

(0.000) (0.000) (0.000)

LEVt−1 − 0.140*** − 0.178*** − 0.130***

(0.005) (0.000) (0.000)

ROAt−1 0.131*** 0.034*** 0.012*

(0.001) (0.009) (0.093)

ACC​t−1 0.030 − 0.005 − 0.000

(0.250) (0.695) (0.984)

R&Dt−1 0.070 − 0.058* − 0.105***

(0.292) (0.095) (0.000)

R&D_MISSINGt−1 − 0.067*** − 0.000 0.009

(0.007) (0.967) (0.205)

KURt−1 0.025*** 0.004*** 0.002**

(0.000) (0.009) (0.016)

GWt−1 0.142* 0.079** 0.045*

(0.079) (0.031) (0.078)

LOG_FIRM_AGEt−1 − 0.139*** − 0.087*** − 0.057***

(0.000) (0.000) (0.000)

Constant − 1.266*** − 0.224*** − 0.168***

(0.000) (0.002) (0.004)

Year FE Yes Yes Yes

Industry FE Yes Yes Yes

Observations 72,479 72,479 72,479

Pseudo/Adj. R2 0.032 0.061 0.061
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Appendix D: Main results with industry × year fixed effects
This table reports main OLS regression results with industry × year fixed effects. The 
sample covers 88,248 U.S. public firm-year observations in CRSP and Compustat data-
base from 1988 to 2019 with non-missing values for the crash risk measures and all 
independent variables. All models include controls and industry × year fixed effects. 
Reported in parentheses are p-values based on standard errors clustered by firm. *, **, 
and *** indicate significance at the 10%, 5%, and 1% levels, respectively. All variables are 
defined in “Appendix B”.

CRASHt NCSKEWt DUVOLt

(1) (2) (3)

CPAOt−1 − 0.236*** − 0.115*** − 0.061***

(0.001) (0.000) (0.002)

DTURNt−1 0.213*** 0.114*** 0.077***

(0.000) (0.000) (0.000)

NCSKEWt−1 0.066*** 0.048*** 0.029***

(0.000) (0.000) (0.000)

SIGMAt−1 − 3.709*** − 1.238*** − 0.773***

(0.000) (0.000) (0.000)

RETt−1 17.390*** 15.311*** 10.715***

(0.000) (0.000) (0.000)

SIZEt−1 0.037*** 0.066*** 0.040***

(0.000) (0.000) (0.000)

MBt−1 0.017*** 0.028*** 0.024***

(0.000) (0.000) (0.000)

LEVt−1 − 0.158*** − 0.171*** − 0.122***

(0.001) (0.000) (0.000)

ROAt−1 0.119*** 0.036*** 0.012

(0.001) (0.004) (0.109)

ACC​t−1 0.034 0.000 0.003

(0.164) (0.991) (0.706)

R&Dt−1 − 0.003 − 0.059* − 0.108***

(0.957) (0.060) (0.000)

R&D_MISSINGt−1 − 0.072*** 0.002 0.012*

(0.002) (0.836) (0.082)

KURt−1 0.029*** 0.003** 0.002**

(0.000) (0.014) (0.044)

GWt−1 0.206*** 0.125*** 0.082***

(0.009) (0.000) (0.001)

LOG_FIRM_AGEt−1 − 0.134*** − 0.082*** − 0.052***

(0.000) (0.000) (0.000)

Constant − 1.855* 0.028 0.021

(0.075) (0.287) (0.285)

Industry × Year FE Yes Yes Yes

Observations 88,248 88,248 88,248

Pseudo/Adj. R2 0.047 0.075 0.083
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