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The jump literature and similar, try to model existence of jumps, while other studied may
try to explain why these jumps occur. Much of this literature is focused on time series aspects
of returns. In contrast, we are characterizing the cross section elements of idiosyncratic
returns, after removing of market and industry effects. This is more in the nature of a
counting crashes, i.e.,the frequency of crashes that are firm specific. Since we are not trying
to explain the time path of returns, idiosyncratic or otherwise, time series modeling issues are
not central. Dynamic short-term effects are known to be separated—albeit related to—from
long run, perhaps firm-specific managerial effects, which cross section studies identify. Ours
is a cross sectional analysis, checked over many points in time. Of course, we acknowledge

the importance of time series properties of variables.
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Qu(t) ~L(t)-7%asT\,0, (10)

for some real number ¢ # 0, where L (u) is a nonparametric, slowly-varying function at
Qu (0), and L (7) is a nonparametric slowly-varying function at 0. The prime examples of
slowly-functions are the constant function L (y) = L and the logarithmic function. The
number £ is the so-called extreme value index. The extreme value index is very important
since this generally controls the tail behavior of the distribution function. If & < 0, the
right-tail is short, i.e. the right endpoint is finite. This class is called the Weibull class and
contains among others the uniform and reverse Burr CDFs. If £ > 0, the right-tail is heavy.
Examples in this class (Frechet class) are the Pareto, Burr, Student’s and other. If & = 0,
the right-tail is of an exponential type, and the right endpoint can then be either finite or
infinite. This class (Gumbel class) encompasses the exponential, normal, log-normal, gamma

and classical Weibull CDF's.

B. Inference

Let the conditional quantile function of Y given X = z given by the linear model:
Qv (t|x)=2'8(7), forallT € (0,n],and somen € (0,1], (11)

and for every x in the support of X. This linear model is computationally convenient and it
has good approximation properties with varying quantile effects.

Let (Y, X) a sample of size T. Then, the 7-quantile estimator of Qy (7|z) and S (7) solves:
Qv (r|z) = 2'B(r),

T
) ' .
B(r) e argrgelﬂgl;m (Y, — X;8),
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Tables

Table 1. Yearly incidence and magnitude of stock price crashes under CRASH

Entries report yearly information about the incidence and magnitude of crashes. The crash risk
measure is a binary variable that equals 1 when firm experiences at least one crash week during
the fiscal year, and zero otherwise. A crash week is identified when the firm-specific weekly return
is 3.09 standard deviations below the average firm-specific weekly returns for the entire fiscal year
where 3.09 is chosen to generate a frequency of 0.1% in the normal distribution.

Year Number of Number of Percentage of Average Standard Mean Ncskew
observations crashes crashes returns during  deviation of  during crashes
crashes returns during
crashes
2000 4,706 710 15.09 -0.34 0.16 0.11
2001 4,161 647 15.56 -0.28 0.15 0.16
2002 3,785 729 19.26 -0.29 0.15 0.13
2003 3,542 564 15.92 -0.20 0.11 0.23
2004 3,533 730 20.67 -0.22 0.13 0.42
2005 3,449 700 20.29 -0.21 0.11 0.51
2006 3,359 654 19.47 -0.21 0.13 0.42
2007 3,310 667 20.15 -0.25 0.13 0.41
2008 3,115 638 20.18 -0.28 0.16 -0.05
2009 2,924 451 15.42 -0.21 0.14 0.13
2010 2,820 489 17.34 -0.19 0.12 0.47
2011 2,738 508 18.55 -0.21 0.13 0.24
2012 2,654 579 21.82 -0.20 0.14 0.52
2013 2,664 584 21.92 -0.19 0.12 0.51
2014 2,755 619 22.47 -0.21 0.13 0.41
2015 2,718 655 24.09 -0.24 0.15 0.41
2016 2,611 608 23.29 -0.23 0.17 0.36
2017 2,582 661 25.60 -0.21 0.13 0.57
2018 2,621 652 24.88 -0.24 0.16 0.55
2019 2,610 611 23.41 -0.27 0.16 0.67
Totals 62,657 12,456 20.28 -0.23 0.14 0.36
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Table 2. Yearly incidence and magnitude of stock price crashes

Entries report yearly information about the incidence and magnitude of crashes. The crash risk
measure is the CEQ-CRASH. Focusing on the 0.1th quantile estimate our adjusted crash measure
is that if a firm ¢ for a given fiscal year t experiences at least one firm-specific weekly return below
a CEQ estimated threshold then it is classified as a crashed firm.

Year Number of Number of Percentage of Average Standard Mean Ncskew
observations crashes crashes returns during  deviation of  during crashes
crashes returns during
crashes
2000 4,706 342 7.27 -0.35 0.18 -0.51
2001 4,161 392 9.42 -0.30 0.17 -0.36
2002 3,785 360 9.51 -0.29 0.19 -0.69
2003 3,542 352 9.94 -0.22 0.13 -0.47
2004 3,533 341 9.65 -0.23 0.15 -0.02
2005 3,449 330 9.57 -0.22 0.14 0.04
2006 3,359 369 10.99 -0.20 0.15 -0.01
2007 3,310 332 10.03 -0.26 0.17 -0.09
2008 3,115 318 10.21 -0.31 0.20 -0.93
2009 2,924 276 9.44 -0.23 0.16 -1.08
2010 2,820 277 9.82 -0.21 0.14 -0.26
2011 2,738 325 11.87 -0.22 0.14 -0.29
2012 2,654 314 11.83 -0.22 0.14 0.09
2013 2,664 280 10.51 -0.19 0.13 -0.23
2014 2,755 309 11.21 -0.22 0.17 -0.16
2015 2,718 280 10.30 -0.26 0.17 -0.33
2016 2,611 332 12.72 -0.18 0.16 -0.10
2017 2,582 277 10.73 -0.22 0.14 0.04
2018 2,621 331 12.63 -0.21 0.17 -0.04
2019 2,610 310 11.88 -0.25 0.17 0.07
Totals 62,657 6,447 10.48 -0.24 0.16 -0.27
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Table 3. Yearly incidence and magnitude of stock price crashes under adjusted CRASH
Entries report yearly information about the incidence and magnitude of crashes. The crash risk
measure is a binary variable that equals 1 when firm experiences at least one crash week during the
fiscal year, and zero otherwise. A crash week is identified when the firm-specific weekly return is
3.09 standard deviations below the average industry weekly returns for the entire fiscal year where
3.09 is chosen to generate a frequency of 0.1% in the normal distribution.

Year Number of Number of Percentage of Average Standard Mean Ncskew
observations crashes crashes returns during  deviation of  during crashes
crashes returns during
crashes
2000 4,706 942 20.02 -0.37 0.13 -1.35
2001 4,161 833 20.02 -0.32 0.13 -1.46
2002 3,785 797 21.06 -0.33 0.13 -1.45
2003 3,542 519 14.65 -0.24 0.11 -1.79
2004 3,533 568 16.08 -0.26 0.12 -1.61
2005 3,449 626 18.15 -0.24 0.10 -1.61
2006 3,359 601 19.89 -0.24 0.12 -1.64
2007 3,310 695 20.99 -0.28 0.12 -1.76
2008 3,115 731 23.47 -0.33 0.15 -1.89
2009 2,924 436 14.91 -0.25 0.15 -2.19
2010 2,820 385 13.65 -0.23 0.12 -1.86
2011 2,738 542 19.79 -0.25 0.11 -1.59
2012 2,654 526 19.82 -0.24 0.11 -1.67
2013 2,664 432 16.22 -0.23 0.12 -1.93
2014 2,755 568 20.62 -0.25 0.11 -1.78
2015 2,718 606 22.30 -0.28 0.13 -1.70
2016 2,611 492 18.84 -0.27 0.16 -1.63
2017 2,582 486 18.82 -0.26 0.13 -1.85
2018 2,621 476 18.16 -0.29 0.15 -2.04
2019 2,610 574 21.99 -0.32 0.15 -1.77
Totals 62,657 11,835 18.87 -0.27 0.13 -1.73
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