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Abstract

This article investigates the debatable topic whether the Credit Default Swaps
(CDS) market is informed relative to the equity market. To do this, we examine
the impact of CDS price changes on stock returns calculated by transaction prices
respect to various trading periods. We find that the stock returns overreact to
credit news during the trading hours and partially reverse after the market clos-
ing. The CDS predictive effect mainly concentrates on “hard-to-value stocks”.
The reversal happens mainly because overconfident investors underestimate their
signal precision errors of short-run distress risk. Limit-to-arbitrage such as stock
illiquidity, short-sale constraint, funding liquidity constraint, and separate equi-
librium hypothesis cannot fully explain our results. Further, the predictability
links to a reduction on destabilization for hard-to-value stocks during the mar-
ket turmoil. Overall, our evidence suggests that CDS informed traders step into

hard-to-value stocks during times with good liquidity.
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1. Introduction

The role of Credit default swap (CDS) remains a subject of the ambivalent topic to financial
economics, policymakers, and market participants'. On one side, it allows trading of default
risk separately from other market risks and significantly improve the overall credit market
liquidity?. On the other side, there is a widespread concern that the CDS market gives
rise to insider trading, market manipulations, and credit speculation. Acharya and Johnson
(2007) used equity prices as proxies for public information and examine potential insider
trading in the CDS market relying on relatively price discovery between equity and CDS
market?. Consistent with Acharya and Johnson (2007), Berndt and Ostrovnaya (2007),
Ni and Pan (2011), Qiu and Yu (2012), Kryzanowski, Perrakis, and Zhong (2017), and Lee,
Naranjo, and Velioglu (2017) found increasing CDS spreads to lead to corresponding negative
stock returns conditional on credit events. However, Norden and Weber (2009), Marsh and
Wagner (2012), and Hilscher, Pollet, and Wilson (2015) showed increasing stock returns
strongly and unconditionally predict adverse changes in CDS spreads, and not the other
way around. Thus, there is a mixed result in the literature regarding whether the credit
default swap market provides first information at all on the corresponding stock returns. An
alternative perspective is whether the CDS market is less informed compared to the stock
market.

In this article, we quantify how the CDS market affects the way that information is incor-
porated into subsequent stock prices by looking at price reactions of the stock market during
different market hours (e.g., before market open, during market hours, and aftermarket close
stock returns). Our primary focus on the short-term aspects of stock price reaction is moti-
vated by Chordia, Roll, and Subrahmanyam (2005), who found that stock price adjustments
to new information occur within a day, suggest that examining the subject of close-to-close
stock returns may not be optimal to study the information role of the CDS market. We show

that both changes and levels of CDS spread vigorously and negatively predict subsequent

!The CDS market is a derivatives market, which specializes in managing credit risk. The protection buyer
or credit risk seller pays a periodic fee to the protection seller or credit risk buyer for a contingent payment
associated with a reference entity’s credit events.

2The CDS market has grown tremendously over the last two decades and is increasingly a critical market
side by side the stock market.

3Price discovery is the process by which trading incorporates new information and market participants
expectations into asset prices. The early price discovery in one capital market compared with the related
capital market is evidence of informed trading. We focus on single-name CDS rather than a corporate bond
because theory work by Oehmke and Zawadowski (2015a) indicates that single-name CDS is more efficient
than underlying corporate bonds due to liquidity advantages. Indeed, empirical evidence shows that CDS
leads underlying corporate bond because of more information efficiency of CDS markets (Blanco, Brennan,
and Marsh (2005)). Furthermore, institutional investors such as mutual funds substitute corporate bonds
by investing in CDS markets due to the liquidity advantage of CDS markets (Jiang and Zhu, 2016).



period’s stock returns during market hours, but positively predict subsequent periods stock
returns after market closing. By contrast, we find the weak CDS predictive power on daily
close-to-close returns used in many existing studies.

To be more specific, our daily close-to-close stock returns decomposition is based on
the monthly TAQ database during the period between 2001 and 2013. These returns are
solely established based on a transaction price with a trading volume (include dividends and
adjust for share split) rather than a quote price. By doing so, we can isolate real-time trading
behaviors of stock markets from a pure bid-ask spread jump from a prior day’s market close
to a next day’s market open or sentimental retail order flow (without an actual transaction)
outside of conventional trading hours?.

We start by examining the response of stock returns during different market hours respect
to CDS spreads using (1) a Fama and MacBeth (1973) regression and (2) portfolio sorting
approach. The empirical results reveal that both levels and changes of CDS spread negatively
predict subsequent stock returns during the market hour (9:30 to dynamic market closing®)
and positively predict following day’s stock returns after market closing (dynamic market
close to the last trade before the next day’s 0:00.). Besides, there is no clear pattern of using
close-to-close stock returns, or before the market open (0:00 to 9:30) stock returns®. The
result can persist up to the monthly horizon, robust to different weighting schemes, and hold
for different sub-samples.

Note although CDS levels cannot capture new information arrivals as changes of CDS
spread do, their predictive power on stock returns reveal that levels are a crucial factor
to drive the future stock returns. Conditional on credit deterioration, CDS prices impound
information about adverse credit news faster than related stock prices (Acharya and Johnson
(2007)). Our empirical results on the superior predictability of credit levels are likely to
capture the ez-ante credit deterioration. To better connect to existing literature who use
CDS changes as a proxy for credit news arrival, we conduct the portfolio sorting analysis
using CDS changes but controlling for CDS levels”. By doing so, clear predictive patterns of
CDS changes on stock returns emerge for various sample frequencies. It suggests that CDS
markets contribute timely and speedy underlying credit risk information to cross-market

price discovery.

4We notice that using, for instance, close to open stock returns (overnight) computed from CRSP generate
materially economic magnitude difference compared with using the TAQ’s transaction price based return
measure due to close to open price jumps and sentimental retail order flow outside of regular working hours.

5That is, 16:00 if there is a typical working day, and 1:00 or 1:30, etc., if there is a holiday.

6 Although changes of CDS spread can negatively predict close-to-close stock returns at a daily level, it
fails to predict in more extended investment frequency like weekly and monthly.

"Namely; we split the sample into high and low CDS spreads and examine the CDS changes effect for
each group accordingly.



We explore the potential mechanism that could link the unequivocal information flow
from CDS to stock markets. The central thesis we are focusing on is an informed-trading
hypothesis suggesting that informed investors in CDS markets select to trade in opaque stocks
with high valuation uncertainty by using their original information extracted from lagged
CDS prices. Because of the high information asymmetric risk premium® and relatively low
execution costs of stock markets, informed traders® may likely to trade on the related hard-
to-value stocks by using CDS news. This idea tilts to the strand of literatures suggesting
that trading incentives of informed investors should being more significant for opaque firms
(Seyhun(1986); Aboody, Hughes, and Liu (2005); Kumar (2009); Ben-David, Glushkov,
and Moussawi (2010); Wu (2018); Chen, Kelly, and Wu (2018), and many others). For
example, high valuation uncertainty can amplify uninformed investors’ behavioral biases
(Kumar (2009)), and thus relatively better-informed investors conditional on CDS prices
attempt to exploit those biases. To test this, we further split the high CDS spread group by
high/low information asymmetry and find that the CDS predictability only concentrates on
the “hard-to-value” stocks.

We investigate the source of stock prices overreaction respect to CDS news in more depth.
We posit that CDS prices carry two pieces of distress risk information that are usually difficult
to tell apart by stock markets: (1) long-run probability of default that will reduce the short-
run stock net profits or stock prices but will not cause the imminent danger of default; (2)
short-run imminent danger of default, indicating real distress events in near future. In most
CDS changes, just the long-run distress risk, not both long-run and short-run distress risk.
However, during times of processing the short-run distress risk, asset price overreactions may
stem from some investors overconfident for their short-run distress signal (Daniel, Hirshleifer,
and Subrahmanyam (1998)). Overconfident investors tend to overweight risky assets given
noisy signals mixed with credit news observed in CDS markets. The overweight behavior is
stemmed from overconfident investors who understate the signal precision errors around the
private signal. As results, it leads to asset price overreaction. If all informed investors know
precisely how private signal looks like, the price will never overshoot no matter investors

are overconfident or not. Based on this insight, we test by looking at the exogenous periods

8Where the price impact of privately informed trades cannot be fully diversified.

9The informed traders we refer to is cross-market arbitrageurs who have better access to both small
markets (CDS) and large markets (Stock) described in Goldstein, Li, and Yang (2014). Trades are most
likely happening simultaneously across two markets. For instance, informed speculators might speculate in
the CDS market and hedge out their position in equity markets at the same time. However, that could
also be the case where other constraint investors (namely those are a constraint to trade on CDS markets)
becoming informed by learning from the price changes or trade behaviors of the existing informed investors
in CDS markets. Alternatively, it could be the case where information-induced price changes in CDS markets
(e.g., CDS price changes without trading activities) deliver signals to cross-market arbitrageurs and make
them trade in stock markets because of its relatively low transaction cost.



with very low signal precision errors of short-run distress risk, and we expect to find no
stock returns reversal after market close. We select downgrade days as exogenous periods
with low signal precision errors because CDS prices seem to fully anticipate the upcoming
downgrading events (see Figure 3 in the later section). We partition credit spreads sample
into two parts: credit spreads during the following days of downgrade and credit spreads
following days with no downgrade. We find that price reversal disappear during the coming
downgrade days. Hence, this is consistent with our hypothesis.

We conduct several tests to show that limit-to-arbitrage hypothesis does not fully explain
our results. Firstly, the CDS predictability may merely reflect the role of stock illiquidity
(Amihud (2002), Pastor and Stambaugh (2003), and Achary and Pedersen (2005)). However,
we find that the predictive results are significant for both high/low liquidity groups, sug-
gesting that the stock illiquidity channel is unlikely to explain our findings fully. Secondly,
the CDS predictability may be driven by the arbitrage asymmetry in the presence of the
short-sale constraint. Using 2008 short-sale ban to split firms into banned /unbanned stocks,
we find that the predictive power of banned stocks is, in fact, lower; Extracting short-sale
volume data from “Reg SHO?” file, we find that the average short volume of high information
asymmetric group is significantly higher than that of low information asymmetric group.
These suggest that our findings cannot be fully explained by short-sale constraint. Thirdly,
the CDS predictability may capture the reduction in arbitrage abilities of primary investors
when they face finding constraint. Proxy tightening funding conditions using shocks in pri-
mary dealers’ aggregate capital ratio and shocks in TED spread, we find that the predictive
power still exists in the less funding constraint episode, suggesting that funding liquidity
constraint of primary financial institutions cannot fully explain our findings. Fourth, the
CDS predictability could reflect the separate equilibrium result of Easley, O’Hara, and Srini-
vas (1998). By comparing the transaction costs between the two markets, we found that the
CDS predictability is concentrated on the case where the bid-ask spread of related stocks are
significantly lower than the CDS, suggesting that the degree of profitability in CDS market
cannot be fully explained by the separate equilibrium hypothesis.

Having found the evidence of informed trading patterns of CDS markets among opaque
firms, we turn to examine the key question of whether informed trading activities in CDS
markets destabilize market quality? Consistent with Boehmer, Chava, and Tookes (2015),
we find that a higher CDS spread improves the market quality!® in good times but harms
the market quality in bad times. In sharp contrast, we find that a completely reversed

impact for hard-to-value stocks. Specifically, a higher CDS spread dampens their market

10 An improvement of the market quality consists of a lower stock volatility, a lower CDS volatility, a higher
stock/CDS market integration, and a narrower bid-ask spreads



qualities in good times but improves the market qualities in bad times. It suggests that
informed investors act as liquidity providers during market turmoil to prevent the market
from the further crash (Boulatov and George (2010)). Thus, we extend Boehmer, Chava,
and Tookes (2015)s’ findings to provide further evidence of informed trading activities of
credit derivatives for related high information asymmetric stocks along business cycle.

Our study mainly relates to two strands of literature. Firstly, we contribute to the
current debate of informed trading on CDS markets. Up to date, the empirical evidence
on the debate can be categorized by either the CDS conditionally!' lead the stock (e.g.,
Acharya and Johnson (2007) and many others) or the stock unconditional leads the CDS
(e.g., Hilscher, Pollet, and Wilson (2015) and many others). We extend the literature by
showing that the CDS can also unconditional lead the stock when the intra-day stock returns
are examined, for the first time. It is consistent with the view that CDS markets are informed.

Secondly, the stock prices overreaction respect to CDS prices relates to the large body
of literature on stock markets short-term reversal, that is, a well-established capital market
phenomenon. For example, Lehmann (1990), Lo and MacKinlay (1990b), and Jegadeesh
(1990) show that contrarian strategies that exploit the short-run stock return reversals in
individual stocks generate abnormal returns. Bremer and Sweeney (1991) show that stocks
with substantial negative 10-day returns are followed on average by following two-day return
reversals. In summary, these studies primarily focus on prices reversal within the stock mar-
ket itself. This paper documents that reversal actually can happen across related securities.

The rest of the paper is organized as follows. Section 2 presents the data and variables
used in our primary analysis. Section 3 studies the impact of CDS markets on stock markets
during different market hours. Section 4 investigates the source of predictability. Section 5

conducts additional analysis. Section 6 concludes.

2. Data, Variables, and Summary Statistics

2.1. Data and Variable Construction

We start by describing the data sample used in this analysis. We focus on U.S. firms with
both stocks returns and CDS spreads between Jan 2001 and Dec 2013. Our stock returns
information is mainly obtained from monthly Trade and Quote (TAQ)'? and CDS infor-

mation is acquired from Markit Group. We obtain accounting information from quarterly

H«Conditional” refers to conditional on information events such as downgrading rather than particular
type of firm characteristic.

12\We also replicate our finding using close-to-open and open-to-close daily stock returns from CRSP and
obtain similar results.



Compustat database and macroeconomic variables from Economic Research at the St. Louis
Fed (https://research.stlouisfed.org/). We detail constructions of the main variables below.

Stock Returns. We obtain stock return data from TAQ. We focus on common stocks.
The opening price on day t is the first valid actual transaction price equal or after 9:30. The
closing price on day t is the last valid transaction price on day t. The first trade price is the
first transaction price before 9:30 but no earlier than 0:00 if there is a transaction volume
attached to the price, otherwise we code the first price before market open as missing. The
last trade price after the market close is defined as the last transaction price with a trading
volume after 16:00 but no later than next-day 0:00, otherwise we code it as missing. Then we
adjust the daily opening and closing prices for stock splits and dividends before computing
returns. We compute daily close-to-close log stock (transaction) price change as a proxy for
daily stock returns for firm i on day t as R;; = In(Pi16.00¢) — In(Pi16:004-1)" where P, is
the stock i’s price on day t at clock time h:m, where h is hour and m, is minute. Further,

we look at three different parts of daily stock returns:

e Stock return before market open, thM is computed as the log difference between open
market price at 9:30 on day t and first trade price during 0:00 to 9:30 on day t, if both
first transaction price before the market open and the transaction price at the market
open is available, otherwise the thM is coded as missing.

e Stock returns during market hours R%H is computed as the log difference between
dynamic market close price on day t and market open price at 9:30 on day t, if both
transaction price at the market open and the transaction price at the market close are
available, otherwise the R%H is coded as missing.

e Stock returns after market hours Rf}f‘/] is computed as the log difference between last
trade after dynamic market close prior to 24:00 and dynamic market close price on day
t, if both transaction price at the market close and the last transaction price after the

market close are available, otherwise the R{}tM is coded as missing!4.

13We notice that markets close earlier at holiday, usually market closing time is adjusted from 16:00 to
13:00, 13:15, or 13:30 respectively. We identify and adjust for these situations by replacing market closing
time from 16:00 to 13:00, 13:15, or 13:30 respectively, all else are the same.

4Some institutional background on what happens after conventional trading hours: In the U.S., most
of the trades in stock markets happen in NYSE and Nasdaq from 9:30 to 16:00 Eastern Time. However,
investors can still trade after the market hours. This is done by ECN (Instinet was the first ECN created in
1969.), which is an alternative SEC-permitted trading system or network that allows trading happens outside
traditional exchange after trading hours. Stocks and currencies are the most widely traded products in ECN.
Before the 1990s, the after-hours trading was primarily dominated by institutional investors. Afterward,
ECNs attract different types of investors by such as (1) increase transparency by giving clients full access to
their order books!®; (2) Lower transaction cost. As results, higher the competition. In particular, most of
the trades in the after-hours session happen between 16:00 and 18:30 Eastern Time.

To place an order on an ECN, individual investors must either have an account with a broker who can



Our decomposition of daily stock returns makes sure that there is no overlapping information
when we conduct the price discovery test between equity and CDS markets. Daily CDS
spreads are from Markit daily single-name CDS quotes as of 15:30 Eastern Time, which is
earlier than the stock market closing time, 16:00 Eastern Time.

CDS Spreads and Returns. We obtain daily CDS spread data for five-year CDSs on
senior, unsecured debt. We follow Hilscher, Pollet, and Wilson (2015) to restrict the CDS
sample by selecting those with modified restructuring default clause before April 2009 CDS
“big bang” because this is the restructuring convention that is most commonly used for
U.S. firms. We require no restructuring clause onwards following Lee, Naranjo, and Velioglu
(2017). We compute the 5-year CDS return or credit protection return by the percentage
change in credit spread at a daily frequency. The increase of credit return reflects the loss of
the credit protection seller. As noted by Hilscher, Pollet, and Wilson (2015), credit returns
should equal to the percentage change in the quoted CDS spread adjusted by the ratio of
two annuity factors. However, in practice, the percentage change of spread is a great proxy
for CDS protection return because the annuity ratio will always be close to 1. Thus we use
the percentage change of CDS protection return in our empirical analysis. We apply a filter
to remove stale price observations, where define prices to be stale when we observe the same
prices on at least five consecutive days. In such a case, we only consider the first of these
observations and classify subsequent observations as not available. Papers use percentage
change in credit spreads as a proxy for credit returns including Kapadia and Pu (2012),
Hilscher, Pollet, and Wilson (2015), and Lee, Naranjo, and Velioglu (2017).

Merge Stock/CDS Sample. Our strategy of merging the two datasets following three
steps. First, we link TAQ data to CRSP using TAQ-CRSP Link Table (tclink) provided by
WRDS. Second, we attach PERMNO (unique identifier) obtained from CRSP to each refer-
ence entity with CDS using first six digit CUSIP that is both available at CRSP tapes and
“RED” reference entity file provided by Markit. Third, for those firms cannot be matched
in the second step, we manually match across two databases by using long-legal names. As
a result, there are 1186 firms with both stock returns and CDS spreads.

Firm Characteristics. We consider a battery of firm Characteristics in our analysis.

direct access ECN or need to be a subscriber. An execution occurs when the price of a buy order and
the price of a sell order intersect on the ECN. Nowadays, almost any investor can trade through an ECN,
including retail investors, institutional investors, market makers, and broker-dealers.

Using month TAQ database, we find that the aggregate after-market (from 16:00 at t-1 to 0:00 at t) trading
volume increases from JAN 1993 to DEC 2013 based on all universe of firms in TAQ database. In particular,
the aggregate (after-market hours) trading volume was about $5 trillion (Approximately $3 million per day
per stock) in 1993. It increases to $119 trillion (Approximately $62 million per day per stock) in 2009 and
decreases to $96 trillion (Approximately $52 million per day per stock) in 2013.



e Bid-ask spread. The percentage effective spread (ES) for day t is computed by ES;; =
1 ZNi,t 2D ;(Pi,;—M; ;)
Ni,t Jj=1 Mi,j

number of trades of stock i in day t. Given day t, P;; is transaction price for firm

, where i indicates firm, j indicates second, and N is the total

i at second j. M;; is the bid-ask mid price between bidding quote and asking quote
for each second. D;; is buy or sell indicator. In particular, D;; = 1 if there is
a buy, D;; = —1 if there is a sell. The buy/sell indicator and merging between
quote and trade database is using Lee and Ready (1991) algorithm. We also consider
the percentage quoted spread (QS) in our robustness analysis. QS is computed by
QS = ﬁ Zjv;{ (Ask; ; — Bid, ;) /Ask; ;. We consider CDS depth as measure for CDS
market liquidity.

e Trading volume turnover. It is constructed as the ratio between total trading volume
(during regular trading hours) and daily closing price.

e Price impact coefficient \. The price impact coefficient is following the literature
of Hasbrouck (2009), Goyenko, Holden, and Trzcinka (2009), who used five-minute
return and five-minute trading volume. Specifically, for each firm-day, we estimate
the price impact measure as the slope coefficient A of the following regression: r, =
a+Ax SDVOL, +e, where n indicates five-minute interval, r,, is the five-minute stock
return calculated as the natural log of the (mid) price change over the nth period.
SDVOL, is the signed square-root dollar volume of n period that is calculated by
22(21 signy, X /DVOLy, where \/DVOL,, is the dollar volume of the kth trade in the
nth five-minute interval. K is the total number of trades in the nth period. The sign
respect to each price interval is computed by Lee and Ready (1991) tick test. To ensure
sufficient data point to estimate A\, we require the stock must have more than 100 data
points within a trading day. The A considers the rise (fall) in price that typically occurs
with a buyer-initiated (seller-initiated) trade.

e Price competition index The price competition index (HHI) is computed by applying
Herfindahl Index to the dollar price volume for each stock, each day.

e Stock market capitalization. The stock market capitalization is the multiplication be-
tween end-of-day share price and shares outstanding, which are obtained from the
Center for Research in Security Prices (CRSP).

o Volatility-based measure. The idiosyncratic volatility is benchmarked by Fama and
French 5 factor model using daily 1-year rolling window. Specifically, we project daily
excess stock returns on Fama and French (2015) five-factor model and extract the
sample standard deviation of residuals. The stock volatility is the realized volatility

computed by sample standard deviation of intra-day (log) transaction price changes.



e Market leverage. Followed by Ericsson, Jacobs, and Oviedo (2009), the leverage ratio

is computed as

Book Value of Debt+Book Value of Preferred Equity

Lev =
V'™ Market Value of Equity+Book Value of Debt+Book Value of Preferred Equity

where the Market value of equity is computed as shares outstanding (SHROUT') mul-
tiply by stock prices (PRC) from CRSP. The data of book value of debt and the book
value of preferred equity is obtained from COMPUSTAT. The book value of debt is
the sum of debt in current liability (DLCQ) and long-term debt (DLTTQ). Preferred
stocks are labeled as PSTKQ in COMPUSTAT.

e Stock price momentum. Price momentum signal is constructed by accumulated past
12-month stock returns (skip the most recent month to avoid short-term reversal) using
daily stock returns.

e Primary dealers aggregate capital ratio This is defined following He, Kelly, and Manela
(2016) who match the New York Feds primary dealer list with CRSP/Compustat and

Datastream data on their publicly traded holding companies

_ >; Market Equity; , (1)
Mt >_;(Market Equity; , + Book Debt; ;)

where firm i is a NY Fed primary dealer during day t. The accounting data is in
quarterly frequency but the equity price is in daily frequency. Therefore, the primary
dealers aggregate capital ratio An; is daily frequency. We compute the shock of 7 as
Any = ny — n;—1. The list of primary dealer designees is from Table A.1 of He, Kelly,
and Manela (2016).

2.2, Summary Statistics

Summary statistics for the variables are given in Table 1. Our sample period is from 2001

to 2013. The statistics are calculated based on daily data for all firms in the sample.
[Table 1 about here]

Table 1A reports the summary statistics of the variables used in our analysis. We focus
on stock returns with trading activity - that is, we remove stock return observations with
zero trading volume. As a result, it yields 724051 firm-day observations for RPM 2050282
firm-day observations for RM# and 1966518 firm-day observations for R4M. The sample

average of after-market hours returns R4M is about 0.009% return in daily basis, where



before market hours returns (RPM) and during market hours returns (RM#) are negative at
about -0.028% and -0.01% per day respectively. In terms of volatility, (R?M) and (RMY) are
more volatile than R4M. Average trading volume during market hours ¢ is about 15 times
(3602645/228010) larger than the average trading volume after the market close and 119
times (3602645/30255) larger than average trading volume before market open. The average
5-year CDS spreads is about 180 bps. The CDS returns have smaller mean but substantial
volatility compared with equity (The sample mean on CDS returns is 0.002%, and volatility
is about 4.25% compared with stock returns during different market hours). All returns are
positively skewed, except for RAM.

Table 1B reports the contemporaneous correlation between stock returns computed by
using different market hours using TAQ and CRSP dataset respectively. We calculate the
correlation by averaging out the cross-sectional correlation across different return measures
among all the observations for each day. In Table 1B, we see that the correlation between
ROTCCRSP and RMH is 99%, suggesting that TAQ-based market hour stock returns are
closely related to CRSP-based stock return. As for the correlations between CRSP-based

RCETOCRSP and the TAQ-based overnight returns, we expect that they

overnight returns,
should be quite low as they measure at the different timestamp. Interestingly, the correla-
tion between RCTO-CRSE and RPM is 32.3% that is significantly higher than the correlation
between RCTOCRSP and RAM  only 1.7%. It suggests that the CRSP-based overnight re-
turns are mainly driven by RPM. As we show later, while RPM barely captures information,
RAM captures stock return reversal respect to CDS news. This information, however, is

underestimated using CRSP-based overnight returns.

3. Baseline Results

Credit default swaps (CDS) prices benefit market participants through revealing market
expectations about default risk. Even without triggering default events, CDS prices (e.g.,
spreads) still disclose useful information on credit risk for the reference entity. However,
Hilscher, Pollet, and Wilson (2015) showed that stock returns strongly negatively predict
CDS returns, and not the other way around, suggesting CDS markets are always uninformed
relative to stock markets. This is because relatively low transaction cost of stock markets fa-
cilitates informed investors to process their private information, consistent with the separate

equilibrium hypothesis proposed by Easley, O’Hara, and Srinivas (1998)'.

16 Aggregate within before, during, and after market hours for each stock and average across all stocks at
the daily frequency.

17We replicate the critical empirical results of Hilscher, Pollet, and Wilson (2015) using daily close-to-
close CRSP stocks returns and CDS returns (see Table Al in Appendix). We show that information indeed

10



In this study, we show strong evidence that both levels and changes of CDS spread can
predict subsequent period’s stock returns when market hours and after-market hours stock
returns are examined separately respect to CDS prices. By contrast, the predictability does
not appear when the close-to-close stock returns are used. In the following section, we present

the empirical evidence using both regression approach and portfolio sorting approach.

3.1. Regression test

We first examine the predictability of CDS prices on subsequent period’s stock returns using

Fama and MacBeth (1973) regression. The equation is specified as
RPN = By + B1CDS;—1 + Xip-10 + €45 (2)

where R7°* includes {RP})", R{;' Y, RN, RAM} and CDS includes level of CDS spreads S{2%
for firm i at period t-1 or CDS percentage spread changes RS,B S for firm i at period t-1.
[y is the key variable of interest gauging the predictability of CDS prices or returns on the
stock returns. X is a N by K matrix observed at t-1 consisting a set of control variables
such as lagged stock returns during various trading period, log market size, percentage
effective spread, rating dummies, log stock trading volume, market leverage, and stock price
momentum®®. @ is K by one vector consisting of slope coefficient on the control variable X. We
perform our study in longer investment horizons by accumulating daily stock returns respect
to different market hours into weekly (Wednesday to Wednesday) and monthly frequency.
For stock return predictors, we equally average the daily values within each week or month
for each firm i. We run cross-sectional regressions every calendar time, and adjust standard

errors for heteroskedasticity and autocorrelations using 12 lags.

[Table 2A & 2B about here]

Table 2 reports the results. The evidence in Table 2 indicates that CDS prices (both

level,SfPlS and changes, RtCPlS) can predict market hours stock returns RM# and negatively

unconditionally flows from stock returns to CDS returns and not vice versa using our sample.

8Most of the empirical studies focus on market hours returns or close to close daily returns, and there
are few studies that work on the effect of characteristics on before or market hours returns because most
of trading or price discovery happens from open to close. Nevertheless, we add the same set of controls
variable to before, during, and after market hours stock returns for consistency. Studies investigate asset
prices behavior using overnight stock returns include Berkman, Koch, Tuttle, and Zhang (2012) and Aboody,
Even-Tov, and Lehavy (2018) who suggest that overnight stock returns can serve as the measure of firm-
specific investor sentiment. Bollerslev, Li, and Todorov (2016) found that market betas associated with
intraday discontinuous and overnight returns contain significant risk premiums.

YFor example, at December, we aggregate the daily market hour stock returns into monthly returns by
Ri'Dee = Ri'Dectst + Ribecond + -+ + RitDecaien

i,Dec i,Dec i,Dec2n, i,Dec
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predict after-market hours stock returns R#™. However, they cannot predict close-to-close

CTC,TA
Rt TAQ

stock returns and before market hours stock returns R?*. The following summa-

rizes the key empirical observations.

e CDS level SC2% and CDS change RED negatively predict the stock returns during
market hours RMH. As for S5 reported in Panel A of Table 2A, the point estimates
of B on SE0% are -1.2% (t-stat = -5.9) at daily, -5.69% (t-stat=-5.4) at weekly, and
-22.45% (t-stat=-5.1) at monthly. Similarly, as for RYD® reported in Panel A of Table
2B, the point estimates of 8, on RYES are -0.31% (t-stat = -5.6) at daily, -1.14% (t-
stat=-2.7) at weekly, and -2.84% (t-stat=-0.7) at monthly. The results indicate that
the stock value drops if the past CDS spread increases. Additionally, the economic
magnitude of CDS level is much larger than CDS change.

e CDS level SS_DIS and CDS change RE_DIS positively predict next day stock returns RfM
after market closing. As we can see from Panel B of Table 2A and Table 2B, the
stock returns exhibit a slight reversal after market closing. For instance, all ;s are
positive statistical significant for SCO°: 0.24% (t-stat=3.7) at daily frequency, 1.10%
(t-stat=3.7) at weekly frequency, and 4.67% (t-stat=3.5) at monthly frequency. (i, is
positive but not significant for Rf_DlS at daily frequency. The predictability comes back
when we look at the longer horizon: §;=0.33% (t-stat=2.3) at weekly frequency, and
$1=1.55% (t-stat=1.8) at monthly frequency for REDS.

e No clean empirical pattern observed from predicting the close-to-close stock returns
(RET) and REM. We find that the CDS level (S°5°) deliver no predictive power
on RYTC. Although the CDS changes (RED%) negatively predict the RETC at daily
frequency (Panel D of Table 2B). However, the predictability does not hold for longer

horizons, suggesting that the information content of RS_DlS is the most likely transient.

In sum, the analysis so far shows that stock market returns overreact to the CDS prices

from regular market hours to after-market closing.

3.2. Portfolio test

We conduct a further test using portfolio sorts. At the beginning of every calendar day,
all stocks are sorted in ascending order on both the level of CDS spread (S°P%) and the
change of CDS spread (RCDS) in the prior day. The ranked stocks are assigned to one of 5
quintile portfolios. We compute the spread portfolio H/L portfolio, which goes long quintile
five stocks with high CDS prices and short quintile one stocks with low CDS prices. Table
3 consists of the portfolio test result for both equal-weighted and value-weighted case at a

daily frequency. Table 4 consists of H/L average returns at longer frequencies.
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[Table 3 & 4 about here]

In Table 3, we find a negative relation between CDS spreads and subsequent day’s market

hours stock returns RME and a positive relation between CDS spreads and subsequent day’s

after-market hours stock returns RﬁrlvllH. To be more precise, as for the equal-weight case as
shown in Panel A, we find that R} is monotonically decreasing respect to both levels of

CDS spread (S°P%) and changes of CDS spread (R®PS). The H/L portfolio, which goes long

SCDS RCDS SCDS

quintile 5 stocks with high and and short quintile 1 stocks with low and

RS has an average return of -0.131% (t-stat=-5.5) for S“P® and -0.036 (t-stat=-5.2) for
R°PS. Note that, although the pattern in the RtA+1\/11H is not monotonic increasing in historical
SPS and RP3| sorting on these variables generate a positively and statistically significant
spread of H/L: 0.024% (t-stat=7.7) for S°°% and 0.008 (t-stat=3.9) for R®PS. The results
for value-weighted portfolios, as shown in Panel B, are nearly identical. In Table 4, we

SCDS and RCDS

SCDS

report the average return of H/L across portfolio sorted by respectively in

weekly and monthly frequency and show that the predictability of and R°P® can persist
over monthly horizon. The result, overall, are consistent with those reported in Fama and

MacBeth regression of Table 2 suggesting that stock market overreact to CDS prices.

3.3. Predictability for High/Low CDS Level

Next, we purge the information of levels and changes of CDS spread together into future
stock returns. The aim is to show that variations of CDS spreads can significantly predict
stock returns when we control for levels of CDS spread. Thus we can use changes of CDS
spread as a proxy for credit news arrival to investigate the source of the information content
of CDS prices in stock returns. To be more precise, we conduct a double sorting strategy such
that at the beginning of every calendar day (week and month), we independently split all
stocks into high CDS spread group and low CDS spread group based on the cross-sectional
median of CDS spread level observed at prior day (week and month). Within each CDS
spread group, we rank firms by five groups based on their changes of CDS spread from t-2
to t-1 and form 5 portfolios. We mainly focus on the H/L portfolio at different investment
horizons, and we do not report all portfolio results from Low CDS changes to high CDS

changes here due to space constraint. The results of the test are reported in Table 5.
[Table 5 about here]

In Column (5) of Panel A, we find that the RY5® negatively and significantly predict the
next period’s stock returns during market hours given a high level of CDS spread (valued
at t-1). The means of H/L equal-weighted portfolio are -0.058% (t-stat = -5.6), -0.241% (t-
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stat=-1.8), and -2.199% (t-stat=-2.8) are significant at 1%, 10%, 1% level respect to daily,
weekly, and monthly frequency. In a sharp contrast, column (6) shows that means of H/L
equal-weighted portfolio respect to R?Pls given a low level of CDS spread (valued at t-1) do
not deliver any significance for all frequencies. Similarly, RfPlS positively predicts the next
period’s after market closing return RfM with means of H/L equal-weighted portfolio are
0.013% (t-stat =3.4), 0.125% (t-stat=2.5), and 0.768% (t-stat=3.4) respect to daily, weekly,
and monthly frequency given a large level of CDS spread (Column 7) but does exhibit any
predictive power given a small level of CDS spread (Column 8). Consistent with our prior
finding, RtC_DlS does not provide much useful information to predict next day’s close-to-close
and before market opening stock returns regardless of levels of CDS spread, as shown in
column (1) to (4). The results for value-weighted portfolios, as shown in Panel B, are nearly
identical to the equal-weighted cases reported in Panel A.

Overall, the empirical evidence suggests that CDS news, as a proxy by the change of
CDS spread, can deliver useful information in predicting subsequent day’s stock returns
overreaction given a group of firms with high levels of CDS spread. In the next section, we

examine the economic mechanism.

4. Mechanism

In this section, we explore the potential economic mechanisms. According to the empirical
results uncovered in the earlier section, two interesting questions remain unsolved: (1) what
is the source of the CDS predictability? And (2) Why does the stock market overreact to
CDS price/news?

To address the first question, we focus on an informed-trading hypothesis, suggesting that
informed investors in CDS markets trade in opaque stocks with high valuation uncertainty
by using their original information extracted from lagged CDS prices. As such, the CDS
returns are more likely to lead stock returns for opaque firms.

To address the second question, we posit that CDS prices carry two pieces of distress risk
information that are usually hard to tell apart - (1) long-run high default probability that
leads to the short-run stock net profit falls, and (2) short-run imminent danger of default
(e.g., downgrade, default, and bankruptcy filing events etc.). Case (2) rarely happen, but it
confuses the stock markets with case (1) all the time. As a result, the stock market tends to

overreact to the short-run imminent danger of default during normal times.
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4.1. Hypothesis Development

Informed Trading Hypothesis - where does the predictability come from? CDS
markets are sophisticated markets operated by a small set of primary dealers who are likely
to be large financial institutions. This is because banks are expected to have better access
to reference entities’ credit status through established borrow/lending relationships of the
reference entity. This could be a source of private information embedded in CDS changes.
Consistent with this view, Acharya and Johnson (2007) found that CDS prices are more
informative for firms with a higher number of bank relations. Lee, Naranjo, and Velioglu
(2017) found that bank-related insider trading information seemed to be fully reflected in
the CDS spread reactions rather than related stock prices. Additionally, Siriwardane (2015)
showed that in 2011 about 50% of total net Credit Derivative Swaps (CDS) protection in
the U.S. was sold by the top five dealers.

Informed trading should be more profitable for opaque firms. This is because the firms’
external information environments decide the signal precision of uninformed investors. Thus
it turns out to be a crucial factor driving the informed investors trade incentives (Seyhun
(1986)). Theories of endogenous information acquisition suggest that the incentives to ac-
quire private information are inversely related to the informativeness of public information
(Grossman and Stiglitz (1980), Verrecchia (1982), Diamond (1985), among many other stud-
ies.). In accounting literature, Aboody et al. (2005) found that insider trading activities are
more pronounced for firms with poor earnings quality. Frankel and Li (2004) found that in-
sider traders prefer to trade in firms whose financial statements are less value-relevant. Using
exogenous reductions of analyst coverage due to closures and mergers of the brokerage firm
as a proxy for an increase of information asymmetry, Wu (2018) found that informed trading
profits increase significantly, and Chen, Kelly, and Wu (2018) found that hedge funds trade
more aggressively. Taken together, if CDS markets consist of a large portion of informed
traders and they should have direct impacts on stock markets, we thus expect that
Hypothesis 1: CDS returns lead stock returns for high information asymmetric

firms.

Overconfidence Hypothesis - Why does the stock market overreact to CDS price?
It could be that CDS prices carry two pieces of distress risk information that are usually
difficult to tell apart by stock market investors. The first type of distress risk information
is the long-run probability of default that will reduce the short-run stock net profits or
stock prices. The second type of distress risk information is the short-run imminent danger
of default, indicating real distress events in the near future. In most CDS change, it just

shows the long-run distress risk, not both long-run and short-run distress risk. However,
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stock markets may need time to screen out the noisy information. Precisely, during times
of processing the second type of distress risk, asset price overreactions may stem from some
investors overconfident for their short-run distress signal (Daniel, Hirshleifer, and Subrah-
manyam (1998)). The short-run distress signal driving the asset price may consist of two
parts - (1) true distress signal (i.e., default comes shortly), and (2) white noise or signal
precision errors (i.e., for the regular days without default). Overconfident investors tend
to underweight their signal precision errors or to overweight the impact of credit news on
detecting the true signal of short-run default. When the noisy signals reduce after market
close, the inefficient price deviation should partially be corrected (i.e., reversal).

We look at the periods with low signal precision errors (i.e., markets are right about the
short-run default) and we expect to find no stock returns reversal after market close. We
focus on downgrade events (realization of short-run distress risk). It should associate with
low price uncertainty because CDS spreads can anticipate downgrade event (see, e.g., Lee,
Naranjo, and Velioglu (2017)). Precisely, we separate ceases with 1-day ahead credit rating
drop following the CDS prices. Thus we predict
Hypothesis 2: There is no stock return reversal for days with credit downgrade

following the CDS prices.

Limit-to-Arbitrage Hypothesis Transaction cost is an endogenous factor determining
asset price behavior. For instance, Grossman and Miller (1988), Jegadeesh and Titman
(1995), and many other studies suggest that stock liquidity embeds information on the slope
of aggregate demand curve of the stocks. The illiquid stock is supposed to have a steeper
demand curve compared with liquid stocks. This insight is fundamental building block among
existing liquidity-based asset pricing models (Amihud (2002), Pastor and Stambaugh (2003),
and Acharya and Pedersen (2005)). Hypothetically, if (the level of) CDS spread increases
in the level of stock transaction costs?’, it should proxy for the stepper slope of aggregate
demand curve of an individual stock. In Table A3, we present an example that CDS spreads
levels positively correlate to the stock liquidity (effective spreads)?'. As such, given credit
news arrival that shifts the aggregate liquidity demand of the stocks given net exogenous
liquidity supply, the probability of positive net demand at the market closed should be

higher. Thus, it is more likely to observe a return reversal afterward (e.g., overreaction).

[Table A3 about here]

20Studies such as Brogaard, Li, and Xia (2017) found that a causal relation between stock liquidity and
default risk.

21Gpecifically, we run a panel regression by (contemporaneously) regressing effective spreads on CDS
spreads. We find a statistically significant loading of CDS spread on effective spreads (0.019 with a t-statistic
of 67.49) and an adjusted R-square of 46.4%
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[Figure 1 about here]

To be more specific, we present an example to show how this idea works. As shown
in Figure 1, suppose that the total net supply (assume to be perfectly inelastic) at day
t is affected credit information arrives at day t-1 by 10 unit during market hours. The
liquid stock (red demand curve with flat slope) should receive a greater price impact than
the illiquid stock (blue demand curve with steep slope) - that is, given such 10 unit total
demand shift, the price impact on the illiquid stock is |P(t-1)-P1(t)| and for the liquid stocks
is |P(t-1)-P2(t)| where |P(t-1)-P1(t)| > |P(t-1)-P2(t)|. A total net supply shifts backward
between 30 and 20 after market hours locating along the quality axis between the 20 and
30?2 implying greater price reversal for illiquid stocks than liquidity stocks. It suggests that
price reversal will more likely happen after market close for illiquid stocks compared with
liquid stocks.

Further, the earlier price discovery regarding the two related securities may primarily
occur in the one with lower transaction costs. Easley, O’Hara, and Srinivas (1998) suggested
informed investors will proceed their private information in related securities with a smaller
transaction. Ni and Pan (2011) showed that CDS prices were more informative when the
underlying stocks were banned. Thus, it is likely that the predictability of a CDS to a
stock market is due to a more liquid CDS market. Also, the predictability may due to
the high funding liquidity risk faced by the primary dealers who suppose to serve as the
liquidity providers across the stock and the CDS market. The CDS predictability can be
view as liquidity premium charged by the financial intermediaries. Overall, we form our
third hypothesis.

Hypothesis 3: The CDS predictability is because of limit-to-arbitrage.

4.2. Empirical Results
4.2.1. Results of Hypothesis 1

We conduct a portfolio sorting approach to test the hypothesis one. At the beginning of
every calendar day, all stocks are independently split into groups of high/low CDS spread
level based on the cross-sectional median of CDS spread level observed at prior day. Within
each CDS spread group, we split stocks by two groups based on the median of information
asymmetric scores observed at prior day. Then, we split stocks by median of prior day’s
CDS spread changes. H/L is the raw return of a zero-cost portfolio of going long stocks

of above median CDS changes and short stocks of below median CDS changes. We expect

22)ie between Q=20 and Q=30 to generate excess demand, for example, suppose least risk-averse short-
seller shorts at P(t-1) but cannot buy back at Q=30.
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that H/L portfolios generate the larger economic magnitude of returns for high information
asymmetric stock portfolio. Table 6 reports the results??. In panel A, we report the case
of stocks returns with lagged CDS spreads above their cross-sectional median, and in panel
B we report the case of stocks returns with lagged CDS spreads below their cross-sectional

median.
[Table 6A & Figure 2 about here]

Table 6A shows that, at a daily frequency, the CDS predictive relation is indeed much
stronger for high information asymmetric stocks. In panel A of Table 6A, we see that
RMH gtrongly react to lag CDS price changes for asymmetric information group as shown
in Column (1). A long-short strategy or H/L of high R¢P% (-0.105% with a t-statistics
of-2.9) and low REPS (-0.046 with a t-statistics of-1.4) generates -0.059% (t-stat=-4.7) daily
returns. By contrast, the H/L of low information asymmetric stocks generate many inferior
returns, -0.023% (t-stat=-2.7). The long-short portfolio (Diff) between column (1) and
(2) is statistically significant (-0.036% with a t-statistics of -2.6), suggesting that the CDS
predictive effect is mainly concentrating on high information asymmetric stocks. In a similar
vein, we see that the R4 price reaction is much stronger for a high information asymmetric
group (Column(1)) than the low information asymmetric group (Column(2)). A long-short
strategy or H/L of high R“P% (0.035% with a t-statistics of 5.6) and low RP% (0.018 with
a t-statistics of 4.8) generates 0.017% (t-stat=3.1) after-market hours daily H/L returns. In
sharp contrast, there are no statistically significant results in the low information asymmetric
group regarding R4”. Panel B of Table 6A confirms Table 5 that CDS changes have weak
impacts on stocks returns when the CDS level is low. Figure 2 summarizes the key finding
of Table 6. Overall, the evidence is consistent with Hypothesis 1, suggesting that CDS lead
stock markets for more opaque firms. In Table 6B, we repeat the analysis at a monthly

frequency and find that the results remain consistent with Table 6A.

[Table 6B about here]

4.2.2. Results of Hypothesis 2

Hypothesis 2 predicts there is no return reversal following days with downgrading. This

hypothesis relies on two important assumptions: (1) private signal precision errors of short-

23We only report the daily, equal-weighted case due to space constraint. In unreported results, we find
that the results for more extended investment frequencies such as weekly and monthly and value-weighted
aggregated scheme within high CDS level are consistent with the daily equal-weighted case reported in the
following table.
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run distress risk are the only driving force in the outcome of price overreaction. It implies if all
informed traders know precisely how private signal looks like, the price will never overshoot
no matter investors are overconfident or not. (2) private signal precision errors of short-run
distress risk should be tiny during downgrading because CDS spreads can anticipate such
bad credit event.

We first present empirical evidence that CDS spreads can anticipate downgrading by
event study. We adjust daily changes in five-year CDS spreads by using benchmark portfolio
that is constructed using equal-weighted CDS portfolio across all firms within our sample.
We then compute the abnormal cumulative CDS spreads changes and look at [-30,30] days
event window. Figure 3 reports the result based on the equal-weighted portfolio of all CDS

firms who experience a downgrade.
[Figure 3 about here]

In Figure 3, one clearly see that the accumulated abnormal CDS price changes react
before the downgrading event. The reaction accelerates approximately three days before
the downgrade events and does not reverse afterward. It shows that downgrade information
is already captured by CDS even before the event happens, suggesting that bad news of
downgrading are priced in CDS markets. Hence, signal precision errors are shown to be
low for downgrading. Further, we run regression to test whether the overreaction effect
disappears following downgrading. In particular, we check whether g; is indifferent from

Zero.

Rig‘mk = fo+ 5155351 x Downgrade; ; —1—5285381 x No Downgrade; , ,; +Controls; ; 1 +d;+€;

(3)
where Downgrade; , is dummy variables equals to 1 for downgrading days and zero other-
wise. No Downgrade,, is dummy variables equals to 1 for non-downgrading days and zero
otherwise. We include firm-fixed effect in the model. Table 7A reports the results using all
observation. We further separate the whole sample into two sub-sample consisting of high
information asymmetric group (Table 7B) and low information asymmetric group (Table
7C). The partition is based on the cross-sectional median of IVOL at t-1.

[Table 7A, 7B, and 7C about here|

In Table 7A, we find that point estimates of S5”5 x Downgrade; ., , is no long significant
for RAM (Column (3)), suggesting that there is no return reversal when the signal errors of
short-run distress risk is low. Further, we show that the effect documented in Table TA

are mainly concentrated on high information asymmetric stocks. Specifically, we observe
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SCDS RCDS

no return reversal for Downgrade;,, for both and compared with the cases
of existence of return reversal for NoDowngrade,,, for both S¢P% and R¢P®. We do not
observe a statistically significant pattern for low information asymmetric stocks for Table
7C. Overall, the result suggests that the overreaction is least likely to exist when signal
processing errors of short-run distress risk are small (the point that signal processing errors
is small during downgrading days is supported by Figure 3 suggesting that CDS prices can

anticipate the downgrading event.).

4.2.3. Results of Hypothesis 3

Hypothesis 3 posits that the CDS predictability is due to stock market frictions. To test
this, we consider four-dimensional limit-to-arbitrage: (1) stock illiquidity, (2) short-sale con-
straint, (3) funding liquidity constraint, and (4) relative market illiquidity (see Hilscher,
Pollet, and Wilson (2015)).

4.2.4. Stock Illiquidity

It is possible that our results are driven by stock illiquidity. To test this, we further split
the high information asymmetric firms (Column (1)) in Table 6 by two groups based on a
stock illiquid measure consisting of (1) percentage effective spread (ES), (2) price impact
coefficient or Kyle’s A, percentage quoted spread (Q5), realized spread (RS), stock volume

turnover (T'urn), and the count of total number of trades during a day (7'C').
[Table 8 about here]

Table 8 reports the result. Even though the predictive effect can be partially explained by
liquidity hypothesis, the statistically insignificant results of “Diff” for major cases indicating
that stock liquidity cannot fully explain our findings. Interestingly, we find that the CDS
predictability is stronger for portfolios with high turnover and high trading activities. It
suggests that informed investors select to participate in top information asymmetric stocks
during times of good liquidity, implying that the marginal value of their private information is
higher than the marginal cost (maybe high bid-ask spread). This phenomenon is highlighted
recently by Collin-Dufresne and Fos (2016), who posited that informed investors select the
timing with better liquidity to trade.

4.2.5. Short-sale Constraint

We further examine the alternative explanation whether the predictive relation from CDS

to stock markets is because of short-sale constraint in underlying stocks. CDS markets
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become an ideal venue for informed investors to proceed private information when the related
stocks face a short-sale constraint (Ni and Pan (2011)). If it holds, the CDS predictability
should be stronger for the banned stocks. To test this, we build two distinct empirical
designs. Firstly, we consider an experiment using 2008 short-sale ban as shocks for a short-
sale opportunity in stock markets. In particular, we redo the long-short portfolio H/L of
Table 6 under high information asymmetric group by splitting the sample into (1) portfolio
of banned stocks (treatment group), and (2) portfolio of non-banned stocks (control group).
To see the time-variation effect before and after the short-ban, we focus on two sample
period: (1) short-ban period from 2008-09-19 to 2008-10-17; (2) one month before the banned
period from 2008-08-19 to 2008-09-18. We use the market model (CAPM)?* to isolate the
overall impact received from the Global Financial Crisis. Secondly, we examine whether
the high information asymmetric group experiences greater short-sale activities than the low
information asymmetric group. If it does, it suggests that our results are less likely to be
explained by short-sale constraint. To test this, we combine our sample with a 2005-2007
period of “Reg SHO” from TAQ.

[Table 9 about here]

Table 9A reports the result of the short-sale ban. Panel A reports the H/L returns of high
information asymmetric stocks 1-month before the short-sale ban. Panel B states the results
of the short-sale ban. As shown in Panel A, H/L for banned stocks has significantly more
negative returns than non-banned stocks before the Short-sale ban period. It suggests the
CDS-to-stock information flow is stronger for banned stocks. However, after the Short-sale
ban took into place, the average returns of the banned stock drops to zero during market
hours. Also, the return difference (Diff) between banned stocks and the non-banned stock
is statistically insignificant.

Table 9B reports the results that considering the short sale activities during 2005-2007.
Panel A shows that CDS spread changes continue to predict stock returns during market
hours, however negatively, we do not observe the overreaction during this period (as shown
in Panel B). Panel C indicates that the average short volume in high information asymmetric
group is significantly larger than that of the low information asymmetric group. Also, the
economic magnitude of the average short volume is significant: the average short volume
within high R°P® group accounts for 13% of total trading volume within the top information
asymmetric group.

Overall, the evidence suggests that the short-sale constraint is not the main reason for

the observed informed information flow from CDS to stock markets.

24Similar results have been found if we use Fama and French 5 factor model.
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4.2.6. Funding Liquidity Constraint

Recent studies suggest that large financial institutions serve as marginal investors that shap-
ing the efficiency across different asset markets (He and Krishnamurthy (2012, 2013), Brun-
nermeier and Sannikov (2014), and He, Kelly, and Manela (2016)). The funding liquidity
conditions are thus a crucial fact that driving their trading activities (Gromb and Vayanos
(2002), Brunnermeier and Pedersen (2009), and He, Kelly, and Manela (2016)).

In this section, we test the alternative hypothesis whether the predictability reflects the
funding liquidity constraints faced by large financial institutions, who supposed to be key
users of private information of CDS markets. We consider two measures of funding liquidity
risk: (1) the shock of TED spread, and (2) the shock of primary dealers’ capital ratio.
We consider a tightening funding condition if we observe a positive shock of TED spread
or a negative shock of capital ratio. We proxy the shock using a first order difference. We
partition our results by high/low funding liquidity conditions, and if it is the key driver of our
findings, and expect that the predictability is solely existing under the case of a tightening

funding condition.
[Table 10 about here]

Table 10 reports the results. Pane A reports the results of good funding liquidity condi-
tion, and Panel B reports the results of poor funding liquidity condition. Column (1) proxies
funding constraint using first order difference of primary dealers’ capital ratio and column
(2) uses first order difference of TED spread. As for the RM! we find that the average
returns of H/L are indeed higher for tightening funding constraint (as shown in Panel B)
than less constraint case (as shown in Panel A), however the H/L are statistically significant
for both constraint and fewer constraint cases. Similar results can be found in R*. Overall,
the results reject the conjecture that the arbitrage activities of large financial institutions
solely drive the predictive results. More importantly, the results reveal that the small group
of sophisticated investors perhaps consistently take advantage of uninformed traders during

periods of high disagreement via hiding their trade behind the massive order flows.

4.2.7. Separate Equilibrium Hypothesis

According to the theoretical prediction of Easley, O’Hara, and Srinivas (1998), informed
investors would like to select a market that is relatively easier for them to proceed the
private information. It comes with three assumptions to select a favorable market: (1) low
transaction costs; (2) high sensitivity of the security to the information that will eventually

become public; and (3) a high proportion of uninformed traders.
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Hilscher, Pollet, and Wilson (2015) found that stock returns unconditional lead CDS
returns because the transaction costs of stock markets are lower than CDS markets that
are significantly supporting the first assumption. If it is true, the predictive results we
documented earlier should because relatively low transaction costs in CDS markets attract
informed traders that facilitate information impound in the CDS spreads. It suggests CDS
markets should have relatively low transaction costs compared with stock markets given
the high information asymmetric and high CDS level sample. We test this conjecture by
employing a relative bid-ask spread between two markets as a direct measurement on relative
transaction costs between the two markets. In particular, we retrieve the bid-ask spread of
CDS quoted prices (scale by the mid-price) from Markit liquidity file from 2010 to 2013, and
merge with correspondingly stock percentage effective spread (scale by the mid-price). We
then construct the measure by taking bid-ask spread ratio of stock over CDS

Pask,it—PBid,it
(P Ask,i,e+PBid,i,1)/2

SAsk,i,t—SBid,i,t
(Sask,i,t+SBid,i,t)/2

Relative Liquidity Ratio =

The Relative Liquidity Ratio is bounded between zero and positive infinity. If the ratio
is larger than 1, it indicates that CDS is more liquid than stock. If the ratio is smaller than
1, it suggests that CDS is less liquid than stock. We redo Table 6 using 2010 to 2013 sample,
which the CDS bid-ask spread is available.

[Table 11 about here]

Table 11 reports the results. The H/L of RM" is -0.046% (t-stat=-2.8). A small reversal
(insignificant) is observed respect to the sample period. Overall, it is consistent with our
baseline finding in Table 6. Interestingly, the Relative Liquidity Ratio for the high informa-
tion asymmetric group is only 0.01, which indicates that the stock markets are overall 100
times more liquid than the CDS markets. If our results are solely explained by the relatively
low transaction of the stock markets pleasing the informed trading activities, we should not
observe the negative and significant results of H/L, RMH " Thus, we rule out the potential

explanation of low transaction cost of stock markets.

5. Additional Analysis

5.1. Predict Idiosyncratic Stock Returns

Marsh and Wagner (2016) found that the unconditional information flow from stocks to CDS

documented by Hilscher, Pollet, and Wilson (2015) mainly came from systematic stock re-
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turns, and found no evidence of predictability of idiosyncratic stock returns. More recently,
Lee, Naranjo, and Velioglu (2017) found that CDS returns significantly predict future id-
iosyncratic stock returns. Here, we examine this issue by decomposing stock returns and
CDS returns into the systematic component and idiosyncratic components using a market
model followed by Lee, Naranjo, and Velioglu (2017), and we redo the empirical setting of
Table 6 by using the idiosyncratic returns. Table 12 reports the results.

[Table 12 about here]

Our result shows that “firm-specific” information of CDS returns are indeed the strong
predictor for future idiosyncratic stock returns. Consistent with the baseline results reported
in Table 6, the CDS returns negatively predict stock returns during market hours and pos-
itively predict stock returns after market closing for “hard-to-value” firms. Controlling for
the market factor barely affect the results. Overall, these suggest that CDS returns contain

quick and valuable firm-specific information.

5.2. Control For Daily Stock Return Reversal

Stock and CDS returns are contemporaneously and negatively correlated via the structure
framework established by Merton (1973). The documented CDS predictability could due
to the lagged CDS returns that are inversely related to lagged stock market movements.
In other words, CDS predictability could reflect a stock market short-term reversal. To
investigate the possibility, we conduct a non-parametric sorting strategy by splitting our
sample by short-term stock reversal as well as 1-day lagged CDS price changes conditional
on above cross-sectional median CDS spreads. We measure short-term stock reversal by
using 1-day lagged close-to-close stock returns. If our results are driven by stock return
reversal, we should expect a significant negative “Diff” and insignificant “H/L”. Table 13

reports the results.
[Table 13 about here]

Table 13 shows that a statistically insignificant “Diff” for both market hours stock re-
turns (see Panel A) and aftermarket hours stock returns (see Panel B), suggesting that
the CDS predictability is independent of stock return reversal. Within both high and low
R’ Tlc’TAQ, the “H/L”s are statistically significant for both market hours and aftermarket
hours stock returns, suggesting that the CDS predictability exists for within stock rever-
sal. Overall, the evidence indicates that the CDS predictability cannot be replaced by stock

return information.
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5.3. Impact on Market Qualities

In this section, we present the evidence on the controversial view between information flow of
informed CDS markets and capital market quality. The classical perspective on the impacts
of informed trading on market quality suggesting that informed trading improves the price
informativeness. However, other views such as complex multi-security trading strategies, as
in Biais and Hillion (1994) or various opinions of trade in CDS markets, as in Goldstein, Li,
and Yang (2014) suggest that informed trades reduce the equity market quality. Boehmer,
Chava, and Tookes (2015) found that the negative impacts of CDS trading on the stock
market quality mainly come from economic bad times. They found no impacts or even
positive impacts of CDS trading on the market quality during good times.

We investigate the impact of CDS price changes on the future dynamic of market qualities,
which consist of two measurements of stock/CDS market integration: (i) hedge ratio between
stock and CDS and (ii) the covariance between CDS returns and stock returns, and four
measurements of stock/CDS market quality by itself: (i) stock volatility, (ii) stock bid-ask
spread spread, (iii) CDS volatility, and (iv) stock market beta. All the market quality proxies
are calculated based on 1-month daily data. We construct hedge ratio following Schaefer
and Strebulaev (2008), Augustin, et al. (2018). A more negative hedge ratio or stock/CDS
covariance suggests a greater integration between the two markets (Kapadia and Pu (2012),
Augustin, et al. (2018)).

We rely on a firm-fixed effect panel regression model. We focus on the impacts of CDS
price changes on future changes of market quality proxies (fi2). Moreover, to understand
whether the impacts of CDS price changes vary given different firm information environments
and macro conditions, we consider three intermediate variables: (1) CDS price level, (2)
information asymmetric score, and (3) Global financial crisis (GFC) indicator. The joint
impacts are capturing via the point estimates of (1), (53), (85), and (S1o) respectively. The

full specification is following:

AMQ; 4y = o+ B x RGPS x SEP% s InfoAsy;, x GFC + B x R{P® x S¢P° x GFC
+ B3 x RGP x InfoAsy,, x GFC + By x SGP® x InfoAsy,, x GFC + BsR{P° x GFC
+ B6SP x GFEC + BrinfoAsy,, x GFC + BsSP x REPS x InfoAsy,,
+ BgSﬂDS X thDS + BlORStDS x InfoAsy;, + BuSﬁDS X InfoAsy;, + 512REtDS
+ Bi13SEP + BualnfoAsy,, + fisGFC + 6; + €441
(4)

where AMQ,,,, is market quality changes from t to t+1. It consists of (1) hedge ratio
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(Hedge), (2) stock and CDS covariance (COV), (3) stock volatility (¢5T¥), (4) CDS volatility
(0¢P9), (4) effective spread (ES), (5) quoted spread (QS), and (6) stock market beta (3); d;
is firm-fixed effect dummy; the standard errors are clustered at monthly level; The regression
is at monthly frequency.

The variables of interest are {31, 53, 05, B10, f12}- A negative (positive) of any point

estimate indicates a positive (negative) impact on market qualities.
[Table 14 about here]

Table 14 reports the results. During the good times, negative (25 suggest that CDS
spread changes improve the overall market quality. In particular, it enhances the stock
market integration, reduces volatilities of both markets, and reduces the effective spreads.
However, in contrast with unconditional healthy impact delivered by CDS prices, we find
the positive 19, suggesting that CDS spread changes induce excess volatilities and widen
the bid-ask spread within hard-to-value firms.

During the bad times, CDS spread changes destabilize the overall market quality by
increasing volatilities and stock transaction costs (85 > 0). Interestingly, CDS prices changes
within hard-to-value firms deliver a positive impact on market qualities by reducing volatility
and narrow down the bid-ask spread g3 < 0. It suggests that informed investors may act as
a liquidity provider that inject additional liquidity in the market during the market turmoil

period that prevents the markets from the further crash.

6. Conclusion

Do CDSs convey useful information on stock returns? This paper establishes a strong and
previously unexplored link between CDS spread and stock returns during different market
hours. In market hours we see that lagged CDS negatively influences stock returns spreads
that are both statistically and economically significant. However, after a market closing
period, the positive relation between stocks returns and lagged CDS spreads suggests stock
returns reversal after market hours. To understand the source of return predictability, we
explore an informed trading mechanism. Price movements of CDS markets reveal the trading
activities of a small set of informed cross-market arbitrageurs who have better access to
both small markets (CDS) and large markets (Stock) described in Goldstein, Li, and Yang
(2014). It could be the case where constraint (namely investors with small information
set that could not trade in stock markets) and less informed investors gradually become
informed by learning from insights conveyed from price changes or trade behaviors induced

by the existing informed investors in CDS markets. For instance, less informed investors
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can learn the actions that informed traders speculate in the CDS market and hedge out

their position in equity markets simultaneously and CDS predictability can be viewed as

information processing costs (Grossman and Stiglitz (1980); Verrecchia (1982)). Overall,

our evidence suggests that informed traders step into hard-to-value stocks during times with

good liquidity, consistent with theoretical prediction offered by Collin-Dufresne and Fos
(2016).
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Table 1A: Summary statistics

This table reports the descriptive statistics of the main variables used this study from 2001
to 2013. SP% is 5-year CDS spreads. R°P® is percentage change of 5-year CDS spreads.
Stock returns consist (1) stock returns computed based on close-to-close stock price RS;FC,
(2) stock returns before market open R?)tM, (3) stock returns during market hours R%H,
and (4) stock returns after market hours thM. VOLA is realized stock volatility. LEV
is market leverage. MOM is price momentum. ES is percentage effective spreads. QS is
percentage quoted spread. Short volume is the aggregate daily short volume from 2005 to
2007. Relative liquidity ratio of bid-ask spread between stock and CDS from 2010 to 2013.
TURN is stock trading volume turnover. SUM Trade is total number of transaction made
during conventional trading hours. Price Impact A is price impact coefficient. IVOL is
idiosyncratic volatility computed based on the Fama and French 5 factor model using past
l-year rolling window. Trading volumes and Stock capitalization (SIZE) are reported in
terms of $ 1000s. Statistics include sample mean (Mean), sample standard deviation (Stdv),

sample skewness (Skew), and sample kurtosis (Kurt).

Nobs Mean Stdv Skew Kurt
sebs 2050282 180.938 339.479 8.29 118
ROPS 2050282 0.002 4.450 0.50 358
RETC 2050282 0.003 3.090 3.59 1569
RBM 724051 -0.028 2.554 257.28 119046
RMH 2050282 -0.010 2.365 17.13 6169
RAM 1966518 0.009 0.823 -1.43 15574
Trading Volume (AM) 1966518 228010 1637458 247.72 121967
Trading Volume (BM) 724051 30255 981999 44417 324799
Trading Volume (MH) 2050282 3602645 14122111 42.00 3473
VOLA 2050282 0.087 0.339 70.88 10131
LEV 2050282 0.404 0.281 0.68 2
MOM 2050282 0.132 0.376 0.33 13
IVOL 2050282 0.017 0.012 3.72 30
ES 2050282 0.001 0.004 40.25 4696
Qs 2050282 0.002 0.005 53.13 9251
RS 2050282 0.001 0.009 246.670 105277
SIZE 2050282 16282105 33590738 5.59 47
TURN 2050282 10.516 101.37 205.334 57928
SUM_Trade 2050282 11334.458 23440.68 11.362 351
Price Impact A 2050282 0.015 0.33 1225.470 1659180
Short Volume 540181 308852.6 550269.8 8.7 265.6
Relative Liquidity 276259 0.001 0.001 21.6 1293.6
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Table 1B: Correlation Table of Stock Returns Computed by Different Market
Hours using TAQ and CRSP Database

This table reports the contemporaneous correlation table for stock returns from 2001 to 2013.

Stock returns consist (1) stock returns before market open R, (2) stock returns during

market hours R}1", and (3) stock returns after market hours R/}, (4) close-to-close stock

CTC,CRSP
" computed

returns th TOTAQ computed by TAQ), (5) close-to-close stock returns R
by CRSP, (6) open-to-close stock returns RZT““F5 computed by CRSP, and (7) close-to-
open stock returns th TO,.CRSP computed by CRSP. thM, R%H, and thM are computed using

TAQ dataset. All units are expressed in terms of percentage.

RBM  RMH  RAM  pCTC,TAQ  RCTC,CRSP  ROTC,CRSP  RCTO,CRSP

RBM 100 -3.6 0.5 15.8 16.4 -3.1 32.3
RMH 100 -7.9 73.7 77.1 99.9 7.2
RAM 100 -4.8 -5.1 7.3 1.7
RCTCTAQ 100 99.7 73.8 50.6
RCTC.CRSP 100 77.6 53.3
ROTC’,CRSP 100 74
RCTO,CRSP 100

33



(€0) (L°0)- (9°0) 61)- (o (071)- (€0)- (€0)-  (0) (z0)-
%S'6 L1°0 620" 70 L00- 10 000 920~ 120" Z1°0 070~ ATyuoy
(#0) (1771)- (871) (L1)- (800  (971)- (¥0)- (62)-  (6'0) (e71)-
%L6 90°0 80°0- ee0 100- 092 000 870~ 16'1- 92°0 ¥S0- INEEEINY
(80) (8°71)- (ze) (¢z)- (800 (8°¢)- (c1)- (8¢)-  (¥0) ¥'1)-
%L'6 200 €0°0- q1°0 000 6T 10°0- LET- TTT- €10 eT0- Are@
Iy TTPWOow e Thwmnpo buyvy  1Tigg Thzig TTMIOAT e ' ghas  1deoroqur
i Pued
nwg
(80) (6°0)- (ce)- 01)- (671)- (L7 (60- G- (91 (17) (¢°0) (@v)
%E9 60°0 60°0- LTT- 90°0- €608~  F00- 9T'0-  6F0- 061~ 68%¢ 290 I8°€ ATyuoIy
(0°71) (0°1)- (g¢)- (91)- (g2)- (g€ (- @1- (- (go) (9°0) (8%)
%T L z0'0 €0°0- €00~ 100-  ¥9%  10°0- 9z°0-  1¢°0- 190-  L€0 62°0 1870 INRERIY
(€0) (6°0)- (1°9)- #1)- (62 (60)- - (g1 (¢9)- (¢ (1) (9°¢) .
%¥'9 000 10°0- 80°0- 000 892~ 000 1€°0- gro  GTI- g8l 12°0 2e0 Areq
calpy  Twomw ey TThwnpo A buyvy  TTRGH  TThzig TTMIOAT At g ' ehaS  1deoseuy
a3 [PuRd
JA'RS S
671)- o) (87) 11)- (¢o) ©®1)- (e1) (Te) (ge)- @1)- (g€ (g¢)-
%L L 1€°0- €0°0 LT'T g0'0-  €eL  F00- ee0 eeg LUV 90T- L9 ¥ AQyuopy
(z2)- (z0)- (gg) (L1)- (o) (g¢2)- (¥'e) (0¢) (ren- (90)-  (2€) (6%)-
%8°9 G0'0- 00°0 1270 000 €0  100- 19°0 987  8T'€-  LG0- 0T'T 09°0- INPEEITN
(92)- (¥°0) (z:L) (¢z)- ((81) (20)- (8°2) (r9) (112)- (L0)- (%) (L9)-
%29 10°0- 00°0 L0°0 000 060 000 670 6T  €LC-  LLO- ¥2'0 LT0- Areq@

calpy  TTwomw  Theq TThwnpo A buywvy  TTRGH TTRzig TMTOAT W g wgd ' sbpS  1deoseuy
EnmﬁO Pueq

(6°0) (1°0) (9°¢)- (9¢)- (0¢)- (99)- (rz)- (g0)- (89 (62)- (1°9)- (62)

%8TT ce 90°0 V1'C- 60°0- ST9L- €T0- 1€%-  I0T- €201 89GI- SP'Te- 916 INCRLE)N
(12) (z0) (9°71)- (0¢)- (L2 (672 (9¢)- e~ (12 (€7 (F9- (1°9)

%811 8T°0 200 1€°0- g0'0-  SGLI-  S00- 08°C-  €0¢- ¢I'€ ¥T'8-  69°G- 20°C Apom
(8°2) (9°0) (9°71)- (re)- (01)- (99)- (6:¢)- (90)- (1% (16)- (6°9)- (¢9)

%9°1T €00 10°0 L0°0- 000  F¥LZ-  100- gLe-  €¥0- €60 TOTI- 0T TI- /%0 Areq

ey Yo Tha TThwnpo buyvy  TTRGE T2ig VMIOAT  jwd g wad ' sqoS  1dedmour
mﬁwmuﬂ Pued

"sjoxDRIq O} Ul PojIodol oIe SO1IS1R)S-1 1S0M-KOMON "E€T(F IOqUIddd(] YsSnoiy) 100z Arenue s10A00 pord ojdures
oy, "(S8®[ gI) UOIIR[PIIOOOINR pUR A}IDI)SPONSOINIOY I0] Polsn(pe ole SIOLID PIRPUR)S SOLIOS-oWI) o) pue polod AIoAd UNI
oI' SUOISSOIS0I [RU0I00s-s501) *(T-Hwo py) wmnjuowowt 9ot1d 3oo3s pue ‘(T-*o77) oSeloso] joyIemt ‘(T-7awnjo 4) Y003S [oed 10J
owmjoa 3urpery [0y (8op) pue ‘(T*Hugpyy) Suryer qipad (T-7gz7) speaids eA1joape adejusoied yools ‘(T7*az1g) uoryezirejiden
joxprewt 3ooys (301) ((T"FTOAJ) [PPOW 1010R]-G YPULL] pue vuwe A pajndurod A[IIe[0A DIPRIDIADOIPT 9PN[OUL SO[GRLIBA [OIJUOD
ML "gqpS ToA9] prards g1 Teak-G ST 3s0109ul JO o[qeLres £o3 ol "(] [PUeJ Ul ,, 1Y TWINJII JD0IS 9SO[D 03 9SO[d PUe ‘) [oued
UL Y ‘SUINGOT §D03S SINOY JONIRWL 010§( (€) ‘g [OUed U ;1 ‘SWINIOI D08 SINOY JONIRU 109Je (7) ‘Y [oUeq UL ;1 ‘SUINjol
}D0JS SINOY joxIew () opnyoul so[qreLres juopuadop ot ], ‘Adouenboyy A[juowr pue ‘A[ypom ‘A[rep ® Je UOIJRULIOIUI 10T S
SUIST SINOTY JONIRW JUSIDPIP 03 100dsol SUINgol }003s JO SuO0IssaIdal oA1oIpald (gL61) YIogoRIN pue vure] sprodal o[qe) SIYJ,

uoIssa139Y (EL6T) YIogorIA pue euwie] Vg 9[qel,

34



(€0  (90)- (L0) #1)- (80) (01)-  (¥0)- Fo0)»- (e1)-  (F0)-
%68  L1°0 ve0- 95°0 90°0- 8TZ¢ 0070 ev'0- €e'0-  29'0- zL0- Ayuopy
(ro)  (071)- (8°71) (¢c1)- (600 (1)  (F0)- (re)- (1) (¢71)-
%68 900 80°0- ee0 100- 698 0070 7°0- 8G'T-  €2°0- 9G°0- INPEENTY
(60)  (L1)- (0¢) (1e)- (90 (ge)- (1) 0v)- @Fe- (¢1)
%16 200 20°0- qT°0 000 S€9T 100-  STI- LTT-  8€'0- ¢1°0- Areq
2Py WO TThaT Tlewmpo A buypy g zig TMTOAT et Y gy ydeorouy
Lo A PR
o)  (60- (9¢)- (01)- (02)- Ge)- (¢0)- (¢1)- LD- (e (00 (&%)
%8G  F00 80°0- LTT- G0'0- 9€¥E-  F00- I1°0-  6F0- €0% 86C 900 £°¢ Ayuopy
(zo)  (60)- (1°¢)- (¢1)- (¢2)- (ge)- (60~ (1) (01)- (Fo) (1°0) (8%)
%99 000 20°0- e 0- 100- €88 ¢0°0- 12°0-  920- 6S0- €0  ¥0°0 ¥8°0 ISP Y
(¢0)-  (g0)- (Tv)- (e1)- (62)- (¢1)- (F0)- (01 (ze)»- (g8 (e1)- (7¢)

%19 000 00°0 10°0- 000 082 000 010- 010 ¢gl- 09T  ¥0°0- 120 Areq
calpy WO The Thwmjo A bunyny TTIGH Tzig TTMTOAT S hvd figd Y gq oM vdeozeur
EMMNHO oueq

(0z)-  (01) (z9) (L0)- (o) (ge)- (cg) (oe) (¢6)- (¢1)- (871) (17)-

%eL  LE0 80°0 971 1000-  ¥%6  90°0- ge0  09¢ ISV- 860 6ol 00°€- ATyyuoy
(Le)- (80 (09) (60)- (o) (cg)- (87) (19) (zer)- (90)- (g72) (67)-

%S9 L0°0- 10°0 €0 000 €0 100- 680  F8C 6T'E 090~ €€0 69°0- INEEEITY
(re)-  (e1) (8°2) (¢1)- (1) (1) (ev) (09) (607)- (L0)- (6°0) (TL)-

%6'G  T00- 00°0 80°0 000 060 000 080  L&T €L €L0- 200 6T°0- Areq

calpy o Ve Tlowmnpo A Buyvy TG Vzig VMTOAT Fd gl el Y9 ghay vdeorejuy .

vl d Pued

(o1  (c0)- (0°9)- (67)- (c€)- o0)- (z9- (90)- (@L) (62)- (L0)- (L°2)

%rel 190 ¥20- 96°¢- er'0- 08'€8-  20°0- GF'e-  F9T- TLOT 08'SI-  F8°2C- €611 ATyyuoy
(Le)  (01)- (8°2)- (re)- (60)- (¢1)- (19- (ge)»- (e (OF)- (L72)- (L9)

%6°0T 920 L0°0- ¥9°0- €0°0- I88I- £0°0- 0e7- 816 62¢ 06, PII- 79°C INREENTN
(9¢)  (171)-  (8%)- (67)- (910)- (ge)- (6L)- (L0 (g7) 8- (9°9)- (¢L) ,

%O TT 900 10°0- ¥1°0- 100- 6.2 100- 9¢'¢-  FF0- V0T L9TI-  TI€0- 19°0 Areq

galpy WO TThe TTwmjo A buyny TG TTz1g TTMTOAT F A el ' gh A ydeoteur
tswméﬂ Pueq

"Sje¥ORI( 1) UT PIYIodal oI SOTISIYR)S-} JsoMm-KoMoN "ETOg IPqUI( YSnoIy} T0g Arenuep s1A00 potrad odures ot T, *(s8ef
¢1) UOIJR[OIION0INR PUR A}IDIJSRPAYSOID)aY] 10J Pasn(pe ale SIOLID PIRPUR)S SILIS-0WI) o) pue pPoLad AToAe UNI aIe SUOISSOISaI
[euo1y0as-ssox) (T~ wo py) wmjuetont 9otid ¥o03s pue ‘(T-*a7) oSeions] jaIewt ‘(T-%9wnjo 4) Y003S R 10] SWM[OA SUIPLI)
2309 (8o1) pue ‘(T *Hugnyy) Suryer yperd (171G ) spealds aa1joepe a8ejuaoiod ¥oogs (1214 ) uoryezieides joxrewt yoogs (301)
("""IOAI) 1oPOW 1030€J-G YDURL] pue eure] Aq popnduwod A1pe[oA dIPRIDAIOIPL OPNOUL SI[RIIBA [0IFU0D AL, ¢yt TOAJ]
peoxds gD 1eos-¢ Jo sofueyp ootid dBejuedtod SI Jso10ul Jo dqeLres Loy Ay, (] [PUed Ul ,; JH “UINJAI OIS 9SO[D 0} 9SO pue
‘D [PURJ Ul | M ‘SUINJOT YDO)S SINOY JO5[IBW 210§ (€) ‘gl [PUB Ul ;1Y ‘SUINJOI SD0YS SINOY JoNITeW 03¢ (g) Y [ouRd Ul L 1y
‘SWINYAI D0JS SINOT Jo)TeW (T) opnoul so[qeLres juopuadap o1 ], “Aouenboiy Ajuow pue ‘A[s{oom ‘ATrep ® Je UOIYRTLIOJUT oy IRl
S(ID SuIsn SINOT Jo)IRUI JUIISPIP 0} 100ds0l SUINGOI ¥D03S JO SUOIssaI1dal oA1pIpald (¢.61) YrogorN pur vwre sprodor ojqe) SIy T,

uoissaa39y (€L6T) YrodorIN pue ewe] :gg 9[qel,

35



Table 3: Stock Portfolios Sorted By CDS Information at Daily Frequency

This table reports calendar time equally weighted portfolio raw returns at daily frequency.
At the beginning of every calendar day, all stocks are sorted in ascending order on the level
of CDS spread (S°P®) or the change of CDS spread (S“P%) in the prior day. The ranked
stocks are assigned to one of 5 quintile portfolios. The portfolios are rebalanced every day.
Equal-weighted stock returns constructed by lagged SPS are reported in Panel A and equal-
weighted stock returns constructed by lagged R®PS are reported in Panel B. H/L is the
raw return of a zero-cost portfolio of going long high level (change) of CDS spread stocks
and short low level (change) of CDS spread stocks. The average returns are expressed as
percentage units. Column (1) is the close-to-close stock return (RF). Column (2), (3),
and (4) consist of before market open (RPM), during market hours (RM"), and after market
close stock return (R™) respectively constructed using transaction price from TAQ. The
sample period covers January 2001 through December 2013. Newey-west t-statistics adjusted
for 12 lags are reported in the brackets. *** ** and * denote significance at 1%, 5%, and
10% level respectively.

Equal-weighted Portfolio Returns at Daily Frequency
(1) (2) ®3) (4)

Panel A: Sorted by CDS Level RETC RPM RMH RAM

Low SCRS -0.002 -0.0127%** 0.034%* 0.004*
-(0.1) -(5.6) (2.4) (1.8)

2 0.006 -0.008** 0.024 0.003
(0.3) -(2.5) (1.5) (1.3)

3 0.000 -0.006** 0.014 0.000
(0.0) -(2.6) (0.8) (0.1)

4 0.007 -0.009%** 0.005 0.004
(0.3) -(3.2) (0.2) (1.5)

High SEL9 -0.010 -0.011%* -0.097%H* 0.028%**
-(0.2) -(2.1) -(2.8) (7.8)

H/L -0.009 0.001 -0.131%5* 0.024%%*
-(0.3) (0.3) -(5.5) (7.7)

Panel B: Sorted by CDS Change RETC RPM RMH RAM

Low R{BS 0.014 -0.011%%* 0.011 0.005%*
(0.5) -(3.2) (0.5) (2.3)

2 0.011 -0.009*%* -0.001 0.008***
(0.5) -(3.3) -(0.1) (3.5)

3 0.014 -0.004 -0.001 0.005*
(0.6) -(1.2) -(0.1) (1.9)

4 0.002 -0.007* -0.004 0.007***
(0.1) -(1.7) -(0.2) (3.0)

High R{HS -0.022 -0.014%%* -0.024 0.013%**
-(0.8) -(3.6) -(1.1) (5.2)

H/L -0.037%** -0.003 -0.036*** 0.008%***
-(4.1) -(0.8) -(5.2) (3.9)
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Table 4: Stock Portfolios Sorted By CDS Information at A Longer Frequency
This table reports calendar-time portfolio H/L raw returns at daily using value-weight,
weekly, and monthly frequency. At the beginning of every calendar time, all stocks are
sorted in ascending order on the level of CDS spread (SCDS) or the change of CDS spread
(SCDS) in the prior day or week or month. The ranked stocks are assigning to one of 5
quintile portfolios. The portfolios are rebalanced every day, week, and month accordingly.
H/L is the raw return of a zero-cost portfolio of going long high level (change) of CDS spread
stocks, and short low level (change) of CDS spread stocks. We mainly focus on the H/L
portfolio at different investment horizons, and we do not report all portfolio results of Low
CDS prices due to space constraint. Column (1) is the close-to-close stock return (RETY).
Column (2), (3), and (4) consist of before market open (RPM), during market hours (RM?),
and aftermarket close stock return (R:*M) respectively constructed using transaction price
from TAQ. The sample period covers January 2001 through December 2013. Newey-west
t-statistics adjusted for 12 lags are reported in the brackets. *** ** and * denote significance
at 1%, 5%, and 10% level respectively.

2 & i a,

Daily, Value-weight

H/L SEDs -0.034 0.015 -0.095%** 0.015%#*
-(1.3 1.5 -(4.5 3.5

Daily, Value-weight (13) (15) (45) (3.5)

H/L R¢RS -0.038%* -0.001 -0.03 1% 0.007**
-(3.3) -(0.3) -(3.6) (2.3)

Weekly, Equal-weight

H/L S¢R% -0.040 0.011 -0.603%** 0.1171%%*
-(0.3) (0.5) -(4.0) (6.0)

Weekly, Value-weight

H/L S¢R% -0.142 0.078 -0.433%** 0.056%**
-(1.0) (1.4) -(3.6) (3.2)

Monthly, Equal-weight

H/L SZRs -0.240 0.042 -2.623%F* 0.460%**
-(0.4) (0.4) -(3.3) (4.0)

Monthly, Value-weight

H/L S¢S -0.604 0.403* -2.074%%* 0.289%**
-(0.9) (1.9) -(3.2) (3.4)

Weekly, Equal-weight

H/L R¢RS -0.080 0.090 -0.104%* 0.032%*
-(0.5) (1.4) -(2.3) (3.2)

Weekly, Value-weight

H/L R¢RS 0.274 0.070 -0.052 0.042
(1.2) (0.7) -(1.3) (1.4)

Monthly, Equal-weight

H/L RYHS -0.052 0.060 -0.378** 0.150%**
-(0.3) (1.3) -(2.0) (2.6)

Monthly, Value-weight

H/L RYHS -0.060 -0.011 -0.003 -0.028
-(0.3) -(0.1) (0.0) -(0.4)
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Table 5: Stock Portfolios Sorted by CDS Returns When CDS Levels are Con-
trolled

This table reports calendar-time portfolio of H/L returns given high and low CDS spreads
at a daily, weekly, and monthly frequency. H/L is the raw return of a zero-cost portfolio of
going long stocks of high CDS changes quintile and short stocks of low CDS change quintile.
To be more precise, we conduct a double sorting strategy such that at the beginning of every
calendar day or week or month, we independently split all stocks into high CDS levels and
low CDS levels based on their cross-sectional median observed at prior day or week or month.
Within each CDS level group, we further rank firms by quintile based on their CDS changes
from t-2 to t-1 and form 5 portfolios. The portfolios are rebalanced every day, week, and
month accordingly. Equal-weighted returns are reported in Panel A, and value-weighted re-
turns are reported in Panel B. We mainly focus on the H/L portfolio at different investment
horizons, and we do not report all portfolio results due to space constraint. The average
returns are expressed as percentage units. Column (1) & (2) report the H/L strategy of
close-to-close stock return (RE'Y) given Hign/ Low CDS spread; column (3) & (4) report
the H/L strategy of before market open (REM) given Hign/ Low CDS spread; column (5)
& (6) report the H/L strategy of before market open (R)Y™) given Hign/ Low CDS spread;
column (7) & (8) report the H/L strategy of before market open (R*) given Hign/ Low
CDS spread. The stock returns are constructed by transaction price from TAQ. The sample
period covers January 2001 through December 2013. Newey-west t-statistics adjusted for
12 lags are reported in the brackets. *** ** and * denote significance at 1%, 5%, and 10%
level respectively.

(1) (2) (3) (4) () (6) (7) (8)

HSCR LSCRS HS(RS LSS HSRS LsPR SRS LsR

RtC’TC RtCTC RFM RtBM RiMH ngH RtAM RtAM

Panel A: EW

Daily

H/L R¢RS -0.043**  0.002 -0.010 0.004 -0.058*** _0.004 0.013***  (0.002
-(2.1) (0.2) -(1.6) (1.0) -(5.6) -(0.7) (3.4) (1.2)

Weekly

H/L R¢RS -0.007  0.076*  0.056 0.006  -0.241* 0.032  0.125**  -0.007
(0.0) (1.8) (0.9) (0.4) -(1.8) (0.9) (2.5) -(0.7)

Monthly

H/L RELRS -0.693 0.246  0.611**  0.020 -2.199%** _0.001 0.768***  _0.027
-(1.1) (1.5) (2.4) (0.4) -(2.8) (0.0) (3.4) -(0.4)

Panel B: VW

Daily

H/L RERS -0.032 0.001  -0.019**  0.004 -0.042*%** _0.003  0.008* 0.002
-(1.6) (0.1) -(2.2) (0.7) -(3.0) -(0.5) (1.7) (0.8)

Weekly

H/L REBS -0.099  0.076* 0.026 0.002  -0.167**  0.024 0.061*** _0.003
-(1.5) (1.8) (1.3) (0.1) -(2.5) (0.8) (3.2) -(0.3)

Monthly

H/L R¢RS -0.565%*  0.298*%*  0.143 0.009  -0.794***  0.072  0.250**  -0.001
-(2.2) (2.0) (1.5) (0.2) -(3.1) (0.5) (2.4) (0.0)
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Table 6A: Stock Portfolios Sorted by CDS Returns given High CDS Levels When
Information Asymmetries are controlled

This table reports daily equal-weighted H/L calendar time portfolio returns for high and low
information asymmetric groups when CDS level is above cross-sectional medians. At the
beginning of every calendar day, all stocks are independently split into groups of high/low
CDS spread level based on the cross-sectional median of CDS spread level observed at prior
day. Within each CDS spread group, we split stocks by two groups based on a median
of information asymmetric scores observed at prior day. Then, we split stocks by median
of prior day’s CDS spread changes. The degree of information asymmetry is measured by
idiosyncratic volatility based on a Fama and French 5 factor model. H/L is the raw return
of a zero-cost portfolio of going long stocks of above median CDS changes and short stocks
of below median CDS changes. Panel A reports stock returns with lagged CDS spread above
the lagged cross-sectional median and Panel B reports stock returns with lagged CDS spread
below the lagged cross-sectional median. The average returns are expressed as percentage
units. Column (1) is mean test results of stock returns under high information asymmetric
group and Column (2) is mean test results of stock returns under low information asymmetric
group, and Column (3) (Diff) reports the strategy of long Column (1) and shorting Column
(2). The sample period covers January 2001 through December 2013. Newey-west t-statistics
adjusted for 12 lags are reported in the brackets. *** ** and * denote significance at 1%,
5%, and 10% level respectively.

(1) (2) 3)
High IVOL Low IVOL Diff

Panel A: CDS Spread Above Median

Market Hours

High RCPS -0.105%#* -0.001 -0.105%#*
-(2.9) (0.0) -(5.2)
Low RCPS -0.046 0.022 -0.069%**
-(1.4) (1.1) -(3.5)
H/L -0.059%** -0.023%** -0.036%**
-(4.7) -(2.7) -(2.6)
After Market Hours
High RCPS 0.035 %k 0.001 0.034 5%
(5.6) (0.4) (5.9)
Low RCPS 0.018%*x* 0.001 0.016%**
(4.8) (0.5) (4.9)
H/L 0.017%** 0.000 0.018%*x*
(3.1) -(0.2) (3.2)
High IVOL Low IVOL Diff

Panel B: CDS Spread Below Median
Market Hours

High RC¢PS 0.027 0.032%* -0.004
(1.5) (2.2) -(0.4)
Low RCDS 0.030 0.024 0.006
(1.6) (1.6) (0.6)
H/L -0.002 0.008 -0.010
-(0.2) (1.2) -(0.9)
After Market Hours
High RCDS 0.004 0.001 0.003
(0.9) (0.4) (0.7)
Low RC¢PS 0.005%* 0.002 0.003
(2.1) (0.8) (1.4)
H/L -0.001 -0.001 0.000
-(0.2) -(0.4) (0.0)
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Table 6B: Stock Portfolios Sorted by CDS Returns given High CDS Levels When
Information Asymmetries are controlled

This table reports monthly equal-weighted H/L calendar time portfolio returns for high and
low information asymmetric groups when CDS level is above cross-sectional medians. At
the beginning of every month, all stocks are independently split into groups of high/low
CDS spread level based on the cross-sectional median of CDS spread level observed at prior
month. Within each CDS spread group, we split stocks by two groups based on a median of
information asymmetric scores observed at prior month. Then, we split stocks by median of
prior month’s CDS spread changes. The degree of information asymmetry is measured by
idiosyncratic volatility based on a Fama and French 5 factor model. H/L is the raw return
of a zero-cost portfolio of going long stocks of above median CDS changes and short stocks
of below median CDS changes. Panel A reports stock returns with lagged CDS spread above
the lagged cross-sectional median and Panel B reports stock returns with lagged CDS spread
below the lagged cross-sectional median. The average returns are expressed as percentage
units. Column (1) is mean test results of stock returns under high information asymmetric
group and Column (2) is mean test results of stock returns under low information asymmetric
group, and Column (3) (Diff) reports the strategy of long Column (1) and shorting Column
(2). The sample period covers January 2001 through December 2013. Newey-west t-statistics
adjusted for 12 lags are reported in the brackets. *** ** and * denote significance at 1%,
5%, and 10% level respectively.

(1) (2) 3)
High IVOL Low IVOL Diff

Panel A: CDS Spread Above Median

Market Hours

High RCPS -2.009* 0.079 -2.088*#*
-(1.8) (0.2) -(2.7)
Low RC¢PS -1.362 0.207 -1.568%%*
-(1.5) (0.6) -(2.8)
H/L -0.647%* -0.128 -0.519*
-(2.0) -(1.0) -(1.7)
After Market Hours
High RCPS 0.609%** 0.033 0.576%**
(3.2) (0.7) (3.4)
Low RCPS 0.389%*x* 0.017 0.372%*x*
(2.9) (0.3) (3.7)
H/L 0.221%* 0.016 0.204*
(2.2) (0.5) (1.7)
High IVOL Low IVOL Diff

Panel B: CDS Spread Below Median
Market Hours

High RC¢PS 0.602** 0.544** 0.057
(2.4) (2.5) (0.4)
Low RCDS 0.405 0.569%* -0.164
(1.2) (2.4) -(0.9)
H/L 0.197 -0.024 0.221
(1.2) -(0.2) (1.2)
After Market Hours
High RCDS 0.092 0.042 0.050
(1.4) (1.0) (1.1)
Low RC¢PS 0.117* -0.003 0.119%%*
(1.7) -(0.1 (2.8)
H/L -0.025 0.045%* -0.070
-(0.5) (2.2) -(1.4)
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Table 7A: Long-run Versus Short-run Default Risk

This table reports the results of following regression

REQOCk = Bo+ 51 55251 x Downgrade; ,, ; + 325525 x No Downgrade; ,; +Controls; ;1 +8; +€;

2 [ %

where Downgrade;, is dummy variables equals to 1 for downgrading days and zero other-
wise. NoDowngrade, , is dummy variables equals to 1 for non-downgrading days and zero
otherwise. We include firm-fixed effect in the model. ***** and * denote significance at
1%, 5%, and 10% level respectively.

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

RtB M RiWH R{U\I RFM RiWH R?M
RBM 0.004 0.004

(1.43) (1.43)
SERS x Downgrade; 1 0.011  -2.987%%*  0.108

(0.04) (-3.85) (0.17)
SERS x NoDowngradeyy1 — 0.247  -2.151%%%  (.927%%*
(1.47) (-5.83) (8.27)

RE_I{S x Downgrade;y1 -1.062 -1.852%* 0.029
(-1.45)  (-1.95)  (0.12)
REDS x NoDowngrade; 41 -0.043  -0.184*%**  0.030
(-1.03)  (-3.24)  (1.38)
RMI 0.015%#* 0.015%#*
(3.10) (3.19)
RAM 0.01 7% 0.018%**
(3.01) (3.12)
Intercept -0.014%% 0.030%** -0.008*** -0.010%** -0.009*** (0.009%**
(-4.71) (4.43) (-4.00)  (-314.00) (-197.40) (172.73)
Firm Fixed Effect Yes Yes Yes Yes Yes Yes
N 2047929 2047929 2047929 2047929 2047929 2047929
R-sq 0.001 0.004 0.003 0.001 0.003 0.002
adj. R-sq 0.000 0.003 0.003 0.000 0.003 0.002
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Table 7B: Long-run Versus Short-run Default Risk within High Information
Asymmetric Group
This table reports the results of following regression for high information asymmetric group

REQOCk = Bo+ 51 55251 x Downgrade; ,, ; + 325525 x No Downgrade; ,; +Controls; ;1 +8; +€;

2 [ %

where Downgrade;, is dummy variables equals to 1 for downgrading days and zero other-
wise. NoDowngrade, , is dummy variables equals to 1 for non-downgrading days and zero
otherwise. We include firm-fixed effect in the model. ***** and * denote significance at
1%, 5%, and 10% level respectively.

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

RtB M RiWH R{U\I RFM RiWH R?M
RBM 0.005 0.005

(1.19) (1.18)
SERS x Downgrade; 1 0.003  -3.239***  _0.030

(0.01)  (-354)  (-0.04)
SERS x NoDowngrade;41  0.295  -2.188%*%  (0.994%**
(154)  (-5.48)  (8.29)

REDS x Downgrades -1.446  -2.488%*  0.113
(-1.57)  (-2.09)  (0.36)
REDS x NoDowngrade; 41 -0.096  -0.466™** (.096**
(-1.33)  (-5.00)  (2.56)
RMH 0.021F** 0.021%F%*
(3.74) (3.78)
RAM 0.014%** 0.015%%*
(3.66) (3.83)
Intercept S0.021%F% 0.021%  -0.011%F* -0.013%*F* -0.039%** (.016%**
(-3.92) (1.91) (-3.41)  (-255.47) (-173.04) (246.86)
Firm Fixed Effect Yes Yes Yes Yes Yes Yes
N 1023020 1023020 1023020 1023020 1023020 1023020
R-sq 0.001 0.005 0.004 0.001 0.005 0.003
adj. R-sq 0.000 0.004 0.003 0.000 0.004 0.002
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Table 7C: Long-run Versus Short-run Default Risk within Low Information
Asymmetric Group
This table reports the results of following regression for low information asymmetric group

REQOCk = Bo+ 51 55251 x Downgrade; ,, ; + 325525 x No Downgrade; ,; +Controls; ;1 +8; +€;

2 [ %

where Downgrade;, is dummy variables equals to 1 for downgrading days and zero other-
wise. NoDowngrade, , is dummy variables equals to 1 for non-downgrading days and zero
otherwise. We include firm-fixed effect in the model. ***** and * denote significance at
1%, 5%, and 10% level respectively.

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

RtB]\I RiMH R?M RtBM Ré\/IH R?JW
RBM 0.003 0.003

(1.04) (1.04)
SERS x Downgrade; 1 -0.012 0.738  -0.011

(-0.04)  (0.40)  (-0.04)
SERS x NoDowngradesy,  -0.001 0.842  -0.012
(-0.00)  (0.43)  (-0.04)

REDPS x Downgrade; 11 0.406 0.140  -0.67
(1.64)  (0.20)  (-1.62)
REPS x NoDowngrade; 4, 0.026 0.199  -0.057
(0.65)  (0.81)  (-1.47)
RMI -0.011 -0.010
(-0.71) (-0.70)
RAM 0.026 0.026
(1.40) (1.41)
Intercept -0.007*%* 0.014  0.001 -0.007*** 0.021  0.001
(-2.86)  (0.99)  (0.52)  (-2.76)  (1.26)  (0.50)
Firm Fixed Effect Yes Yes Yes Yes Yes Yes
N 1023343 1023343 1023343 1023343 1023343 1023343
R-sq 0.001 0.002  0.002 0.001 0.002  0.002
adj. R-sq 0.000 0.001  0.001 0.000 0.001  0.001
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Table 9A: Does Short-sale Constraint Explain the CDS Predictability? The Role
of Short Ban

This table reports daily equal-weighted H/L calendar time portfolio returns for above-median
information asymmetric groups when CDS level is above cross-sectional medians around
short-ban period. In particular, we split the sample into (1) stocks that are included in the
short-ban program, and (2) stocks that are not included in the short-ban program . To see
the time-variation impact in Short-ban, we conduct our analysis using two sample period:
(1) short-ban period from 2008-09-19 to 2008-10-17; (2) one month before the banned period
from 2008-08-19 to 2008-09-18. We use the market model to isolate the systematic impact
received from the Global Financial Crisis. The average returns are expressed as percentage
units. Column (1) reports the H/L market adjusted returns constructed by solely the
banned stocks. Column (2) reports the H/L market adjusted returns by the non-banned
stocks. Column (3) reports the difference between Columns (1) and (2). Panel A reports the
results constructed based on a sample consisting 1-month before the short-ban period (from
2008-08-19 to 2008-09-18). Panel B reports the results of short-ban periods (from 2008-09-19
to 2008-10-17). The sample period covers 2008-08-19 through 2008-10-17. Newey-west t-
statistics adjusted for 12 lags are reported in the brackets. *** ** and * denote significance
at the 1%, 5%, and 10% level respectively.

CDS Spread Above Median

(1) (2) (3)
Panel A: 1-Month Prior Ban Non Ban Diff
2008-08-19 to 2008-09-18
RME H/L -0.006%** -0.001 -0.005%*
(2.7 (1.1) (2.4)
RAM H/L 0.001 0.000 0.001
(0.8) (1.6) (0.6)
Panel B: Short-Ban Ban Non Ban Diff
2008-09-19 to 2008-10-17
RMH H/L 0.004 -0.003 0.008
(0.4) -(0.8) (0.7)
RAM H/L 0.008* 0.000 0.007*
(1.9) (0.4) (1.7)
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Table 9B: Does Short-sale Constraint Explain the CDS Predictability? The Role
of Short Volume

This table reports daily equal-weighted H/L calendar time portfolio returns for high/low
information asymmetric groups when CDS level is above cross-sectional medians from 2005
to 2007 when the short-sale volume is available from “Reg SHO”. At the beginning of every
calendar day, all stocks are independently split into groups of high/low CDS spread level
based on the cross-sectional median of CDS spread level observed at prior day. Within
each CDS spread group, we split stocks by two groups based on a median of information
asymmetric scores observed at prior day. Then, we split stocks by median of prior day’s
CDS spread changes. The degree of information asymmetry is measured by idiosyncratic
volatility based on a Fama and French 5-factor model. H/L is the raw return of a zero-cost
portfolio of going long stocks of above median CDS changes and short stocks of below median
CDS changes. Panel A reports results of market hours returns RE/IH, and Panel B reports
results of aftermarket close stock return RfM, and Panel C reports the equal-weight daily
aggregate short volume within each high and low CDS change group. The average returns are
expressed as percentage units. Column (1) is mean test results of stock returns under high
information asymmetric group and Column (2) is mean test results of stock returns under
low information asymmetric group, and Column (3) reports the strategy of long Column
(1) and shorting Column (2). The sample period covers January 2005 through July 2007.
Newey-west t-statistics adjusted for 12 lags are reported in the brackets. ***** and *
denote significance at 1%, 5%, and 10% level respectively.

CDS Spread Above Median
(1) (2) ®3)

High IVOL Low IVOL Diff

Panel A : Market Hours

High R{7S, -0.036 0.031 -0.067***
-(1.1) (1.4) -(3.8)

Low R{75, -0.010 0.029 -0.039%*
-(0.3) (1.4) -(2.4)

H/L -0.026** 0.002 -0.028**
-(2.0) (0.2) -(2.0)

Panel B : After Market Hours

High R{PS 0.014%% 0.002 0.013%#%
(2.6) (0.4) (3.4)

Low R{75, 0.011%* 0.006 0.005
(2.6) (1.2) (1.4)

H/L 0.003 -0.005* 0.008
(0.8) -(1.7) (1.5)
Panel C: Short Volume

High R{PS 421350%** 213267** 208083%**
(41.1) (39.6) (25.7)

Low R{75 426039%*** 220571 %** 205467**
(42.9) (50.9) (23.3)

H/L -4688.210 -7304.460
-(0.6) (1.3)
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Table 10: Does Funding Liquidity Constraint Explain the CDS Predictability?
This table reports daily equal-weighted H/L calendar time portfolio returns for high and low
information asymmetric groups when CDS level is above cross-sectional medians are given
different funding constraint episodes. At the beginning of every calendar day, all stocks are
independently split into groups of high/low CDS spread level based on the cross-sectional
median of CDS spread level observed at prior day. Within each CDS spread group, we split
stocks by two groups based on a median of information asymmetric scores observed at prior
day. Then, we split stocks by median of prior day’s CDS spread changes. The degree of
information asymmetry is measured by idiosyncratic volatility based on a Fama and French
5-factor model. The average returns are expressed as percentage units. Column (1) is
mean test results of stock returns under high information asymmetric group and Column (2)
is mean test results of stock returns under low information asymmetric group. The sample
period covers January 2001 through December 2013. We consider two proxies for funding lig-
uidity constraint: (1) primary dealers’ aggregate capital ratio changes, and (2) TED spread
changes. Tightening funding liquidity constraint is given by negative primary dealers’ aggre-
gate capital ratio changes or positive TED spread changes. Less funding liquidity constraint
is given by positive primary dealers’ aggregate capital ratio changes, or negative TED spread
changes. We split the sample period by high and low funding liquidity constraint. Panel A
reports the case of less funding constraint and panel B reports the case of Tightening funding
constraint. The sample period covers January 2001 through December 2013. Newey-west
t-statistics (two-tail) are reported in the brackets. ***** and * denote significance at 1%,
5%, and 10% level respectively.

CDS Spread Above Median

1) 2)
Primary Dealer TED Spread
High IVOL High IVOL
Panel A : Not Constraint
Market Hours, H/L -0.051%** -0.039***
-(3.1) -(2.6)
After Market, H/L 0.017** 0.022%**
(2.3) (3.0)
Panel B : Constraint
Market Hours, H/L -0.053%** -0.066***
-(3.4) -(3.5)
After Market, H/L 0.0227%%* 0.017%*
(2.7) (2.0)
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Table 11: Does Separate Equilibrium Hypothesis Explain the CDS Predictabil-
ity?

This table reports portfolio sorting results are consisting of periods from 2010 to 2013 when
the CDS bid-ask spread is available. At the beginning of every calendar day, all stocks are
independently split into groups of high/low CDS spread level based on the cross-sectional
median of CDS spread level observed at prior day. Within the high CDS spread group, we
further split stocks by two groups using the median of idiosyncratic volatility observed at
prior day. Further, we split stocks by median of prior period’s CDS spread changes. The
equal-weighted stock returns are computed within each group. H/L is the raw return of a
zero-cost portfolio of going long stocks of high CDS changes and short stocks of low CDS
changes. The average returns are expressed as percentage units. The equal-weighted rel-
ative liquidity ratio is computed for both high information asymmetric group (Column (1))
and low information asymmetric group (Column (2)). Column (3) is the long-short difference
between Column (1) and Column (2). We consider a relative bid-ask spread between two
markets as a direct measurement on relative transaction costs between the two markets. In
particular, we retrieve the bid-ask spread of CDS quoted prices (scale by the mid-price) from
Markit liquidity file from 2010 to 2013, and merge with correspondingly stock percentage
effective spread (scale by the mid-price). We then construct the measure by taking bid-ask
spread ratio of stock over CDS

Pask,i,t—PBid,it
(PAsk,i,t+Prid,it)/2
SAsk,i,t—SBid,it
(Sask,i,t +SBid,i,t)/2

Relative Liquidity Ratio =

The Relative Liquidity Ratio is bounded between zero and positive infinity. If the ratio is
larger than 1, it indicates that CDS is more liquid than stock. If the ratio is smaller than 1,
it indicates that CDS is less liquid than stock. We redo Table 6 using 2010 to 2013 sample,
which the CDS bid-ask spread is available. The sample period covers January 2010 through

December 2013. Newey-west t-statistics (two-tail) are reported in the brackets. *** ** and
* denote significance at the 1%, 5%, and 10% level respectively.
CDS Spread Above Median
1) 2) 3)
High IVOL Low IVOL Diff
Market Hours, H/L -0.046%** -0.001 -0.045%*
-(2.8) -(0.1) -(2.2)
After Market, H/L 0.010 0.002 0.009
(1.4) (0.4) (1.0)
Relative Liquidity Ratio 0.010 0.004 0.006***
(9.2)
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Table 12: Predict Idiosyncratic Stock Returns using Idiosyncratic CDS Returns,
the Role of Information Asymmetry

This table reports daily equal-weighted H/L calendar time portfolio idiosyncratic stock
returns for high and low information asymmetric groups when CDS level is above cross-
sectional medians. Idiosyncratic returns for both stock and CDS are adjusted using a market
model following Lee, Naranjo, and Velioglu (2017). At the beginning of every calendar day,
all stocks are independently split into groups of high/low CDS spread level based on the
cross-sectional median of CDS spread level observed at prior day. Within each CDS spread
group, we split stocks by two groups based on a median of idiosyncratic volatility observed at
prior day. Then, we split stocks by median of prior day’s idiosyncratic CDS spread changes.
The degree of information asymmetry is measured by idiosyncratic volatility based on a
Fama and French 5-factor model. H/L is the raw return of a zero-cost portfolio of going long
stocks of above median CDS changes and short stocks of below median CDS changes. Panel
A reports results of market hours returns R?AH, and Panel B reports results of aftermarket
close stock return RfM. The average returns are expressed as percentage units. Column
(1) is mean test results of stock returns under high information asymmetric group and Col-
umn (2) is mean test results of stock returns under low information asymmetric group, and
Column (3) reports the strategy of long Column (1) and shorting Column (2). The sample
period covers January 2001 through December 2013. Newey-west t-statistics adjusted for
12 lags are reported in the brackets. *** ** and * denote significance at 1%, 5%, and 10%
level respectively.

CDS Spread Above Median
(1) (2) (3)

Panel A: Market Hours High IVOL Low IVOL Diff
High R{75, -0.128%** -0.032%%* -0.096+**
-(6.2) ~(3.0) -(5.9)
Low R{)5 -0.075%** -0.018* -0.057%%*
-(3.9) -(1.7) -(3.9)
H/L -0.054% -0.014%* -0.039%*
-(4.6) -(2.0) -(2.9)
Panel B: Market Hours
High R{PS 0.039%** 0.002 0.037%%*
(6.1) (0.7) (6.1)
Low R{PS 0.019%** 0.005%* 0.014%**
(5.3) (2.0) (4.2)
H/L 0.020%%* -0.003 0.023%%*
(3.4) ~(1.5) (3.9)
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Table 13: Stock Portfolios Sorted by CDS Returns given High CDS Levels When
Information Asymmetries are controlled

This table reports daily equal-weighted H/L calendar time portfolio returns for high and
low information asymmetric groups when CDS level is above cross-sectional medians. At
the beginning of every day, all stocks are independently split into groups of high/low CDS
spread level based on the cross-sectional median of CDS spread level observed at prior day.
Within each CDS spread group, we split stocks by two groups based on a median of past
1-day close-to-close stock returns observed. Then, we split stocks by median of prior month’s
CDS spread changes. H/L is the raw return of a zero-cost portfolio of going long stocks of
above median CDS changes and short stocks of below median CDS changes. Panel A reports
stock returns with lagged CDS spread above the lagged cross-sectional median and Panel B
reports stock returns with lagged CDS spread below the lagged cross-sectional median. The
average returns are expressed as percentage units. Column (1) is mean test results of stock
returns under high past 1-day stock returns and Column (2) is mean test results of stock
returns under low past 1-day stock returns, and Column (3) (Diff) reports the strategy of
long Column (1) and shorting Column (2). The sample period covers January 2001 through
December 2013. Newey-west t-statistics adjusted for 12 lags are reported in the brackets.
ok 2k and * denote significance at 1%, 5%, and 10% level respectively.

CDS Spread Above Median
(1) (2) 3)

High RCTOT4C Low RCT,TAQ Diff
Panel A: Market Hours
High REHS -0.059** -0.062** 0.003
-(2.1) -(2.0) (0.2)
Low R{BS -0.017 -0.023 0.006
-(0.6) -(0.8) (0.4)
H/L -0.041%** -0.039%** -0.003
-(4.2) -(3.6) -(0.2)
Panel B: After Market Hours
High REDS 0.013%%* 0.020%%* -0.007
(4.2) (3.9) -(1.4)
Low R¢DS 0.009%** 0.010%** -0.001
(3.3) (2.8) -(0.3)
H/L 0.005* 0.010%* -0.006
(1.7) (2.0) -(1.0)
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Table 14: Informed CDS trading and Market Quality

This table reports the impacts of CDS prices on market quality. We rely on a firm-fixed effect panel
regression model. We focus on the impacts of CDS price changes on future changes of market quality
proxies (f12). Moreover, to understand whether the impacts of CDS price changes vary given different firm
information environments and macro conditions, we consider three intermediate variables: (1) CDS price
level, (2) information asymmetric score, and (3) Global financial crisis (GFC) indicator. The joint impacts
are capturing via the point estimates of (51), (8s), (B5), and (B19) respectively. The full specification is
following;:

AMQ; 41 = o+ B1 x REPS x STP5 « InfoAsy, , x GFC + B2 x R{P® x S7P° x GFC
+ B3 x R{PS x InfoAsy, ; x GFC + B4 x S{P° x InfoAsy, , x GFC + B5R{P® x GFC
+ BsS{P° x GFC + BrInfoAsy, , x GFC + BsS5r° x R{PS x
+ BoSi X REYS + BioRi, S x InfoAsy; , + B11S5° x InfoAsy; , + B12R{ S
+ 5133i7t + [314Inf0Asyi7t + B15GFC + d; + €; 441

x InfoAsy, ,

where AMQ; ,; is market quality changes from t to t+1. It consists of (1) hedge ratio (Hedge), (2) stock
and CDS covariance (COV), (3) stock volatility (o57K), (4) CDS volatility (“P9), (4) effective spread (ES),
(5) quoted spread (QS), and (6) stock market beta (8); J; is firm-fixed effect dummy; the standard errors

are clustered at monthly level; The regression is at monthly frequency. T-statistics (two-tail) are reported

in the brackets. *** ** and * denote significance at the 1%, 5%, and 10% level respectively.
1) (2) 3) (4) (5) (6) (M
AHedge,,; ACOViy1  AcPIE AcPDS  AES;;11 AQS,;  ABin
(1) REPS xSEPS xInfoAsyx GFC  -0.001 -0.001 -0.000 0.000 -0.000  -0.000% 0.000
(-0.53) (-0.85) (-1.38) (1.29) (-0.28) (-1.94) (1.51)
(2) REPSxSEPS xGFC 0.053 0.098 0.006 -0.014 0.002 0.005%*  -0.001
(0.62) (0.93) (1.12) (-1.20) (0.63) (2.44) (-1.47)
(3) REPS xInfoAsyx GFC -0.185 -0.323  -0.073%F*  _0.149%**F  _0.073%*F* _0.051%** (.013***
(-0.87) (-1.33) (-4.95) (-4.10) (-10.02)  (-8.61) (4.64)
(4) SEPS xInfoAsyx GFC -0.000 -0.000 -0.000% 0.000 -0.000 0.000 -0.000
(-1.17) (-1.39) (-1.85) (1.11) (-1.55) (1.51) (-1.62)
(5) REPSxGFC -2.944 3.358 TATARE  4460%%  4.705%%*  3.086%*F  -0.252
(-0.24) (0.23) (8.07) (2.07) (10.68) (9.11) (-1.49)
(6) SEPSXxGFC 0.001 0.001 0.000 -0.000 0.000%**  -0.000 0.000
(1.05) (1.61) (1.08) (-1.51) (2.93) (-0.76) (1.61)
(7) InfoAsy x GFC 0.002 0.004*  0.001%*F  -0.000  0.001*%** 0.001***  0.000
(0.93) (1.74) (8.64) (-0.75) (17.75)  (10.24) (0.10)
(8) REPS xSEPS i InfoAsy -0.001%* -0.001 -0.000 -0.000 -0.000  -0.000%*  -0.000%*
(-1.85) (-1.38) (-0.93) (-0.47) (-1.21) (-2.49) (-2.13)
(9) REPS xs¢ DS 0.052* 0.040 0.003* 0.003 0.003**  0.002***  (.001**
(1.73) (1.21) (1.65) (0.89) (2.18) (3.79) (2.11)
(10) REPS xInfoAsy (B10) 0.117 0.162 0.048%**%  0.086***  0.011%** 0.007***  -0.001
(1.03) (1.22) (5.52) (3.65) (2.62) (2.60) (-0.41)
(11) SEPS xInfoAsy -0.000 -0.000 0.000 0.000%*  -0.000** -0.000%** (0.000%**
(-0.19) (-0.03) (1.56) (2.03) (-2.22) (-4.77) (5.97)
(12) REPS (B12) S14.753%%  -22.860%%* _4.754%**F _10.767F** -0.605%*  0.034 0.136*
(-2.10) (-2.92) (-8.58) (-7.48) (-2.38) (0.20) (1.85)
(13) S¢PS 0.000 -0.000 -0.000%*  -0.000***  -0.000  0.000%** -0.000%**
(0.22) (-0.15) (-2.50) (-3.24) (-1.14) (2.60) (-5.17)
(14) InfoAsy 0.000 -0.003***  _0.001***  -0.000%** -0.001**¥* -0.001*** 0.000%**
(0.65) (-3.05) (-40.87) (-3.99) (-28.11)  (-24.83) (4.85)
(15) GFC 0.000 0.009 0.015%%*  0.094%F*  _0.023%F*  (.020%**  _0.004*
(0.00) (0.08) (2.76) (6.74) (-6.79) (10.02) (-1.68)
(16) Intercept -0.051 0.056 0.054%** 0.002 0.016%%*  0.005%%*  0.003***
(-1.20) (1.24) (26.32) (0.41) (12.90) (4.52) (3.43)
N 13628 13628 92495 92495 92495 92495 92274
Firm Fixed Effect Y Y Y Y Y Y Y
Cluster Standard Error Y Y Y Y Y Y Y
R-sq 0.054 0.059 0.016 0.009 0.032 0.053 0.031
adj. R-sq -0.027 -0.022 0.004 -0.004 0.020 0.041 0.019
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Price Reversal Given Different Liquidity
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Figure 1: This figure contains economics analysis in Hypothesis 3.
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Panel A: Stock Returns of High CDS Spread
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Figure 2: This figure summarizes the results of Table 6.
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Panel A: T-stat of stocks After Market Hours Returns
between High CDS changes and Low CDS changes
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Figure 4: This figure summarizes the results of Panel A of Table 8.
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Panel A: T-stat of stocks Market Hours Returns between
High CDS changes and Low CDS changes
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Figure 5: This figure summarizes the results of Panel B of Table 8.
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Appendix

The Appendix reports additional supportive empirical test results.
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Table A1l: Replication of Hilscher, Pollet, and Wilson (2015)s’ Panel VAR result
This table presents our replication of Hilscher et al. (2015), and an extension of their findings
from 2001 to 2013. A Panel VAR(3) model is specified as following

RiSjéOCk o BO,Stock + i Bk,Stock,Stock 5k,StoCk,CDS E;ic}g + EiS}/OCk
REPS )\ Bocps £ \ Br.cps stock  Piops,cps % eP?
where RiS;OCk is the daily close-to-close stock returns and thD % is the daily percentage change
of CDS spread or protection return, for firm i on day t. k indicates number of lags. We
consider three lags following Hilscher et al. (2015). Panel A considers firms with rating
of A or above. Panel B considers firms with rating of BBB. Panel C consider firms with
below or equal BB rating. Hilscher et al. (2015) is reported in column (1) using data from
2001 to 2007. Our replication results are reported in column (2) based on the same sample
period. Column (3) is the extension using data from 2001 to 2013. All regressions include

firm fixed-effects. t-statistics from heteroscedasticity-robust standard errors clustered by

dates are reported in parentheses. *, and ** indicate significance at the 5% and 1% levels,
respectively.
Equity return t CDS return t
Hilscher Replication  Extended Hilscher Replication Extended
et al. (2015)  2001-2007  2001-2013 et al. (2015)  2001-2007  2001-2013
1 2 3 1 2 3
Panel A. A, Above (L @ @ (L) ) (3)
Equity return, RStock -1 -0.023 -0.022 -0.045%* -0.158** -0.155%* -0.170%*
-(1.87) (-1.93) (-4.51) -(12.78) (-6.86) (-11.34)
-2 -0.013 -0.012 -0.017 -0.105%* -0.109%* -0.063**
-(1.17) (-1.42) (-0.96) -(8.09) (-8.12) (-8.97)
t-3 -0.007 -0.007 -0.003 -0.077%* -0.085%* -0.030%*
-(0.62) (-1.04) (-0.19) -(6.19) (-9.72) (-3.43)
CDS return, RCPS -1 0.000 -0.001 -0.002 -0.020%* -0.026** 0.038
(0.20) (-0.55) (-0.60) -(3.00) (-3.42) (1.27)
t-2 0.000 0.000 0.002 0.019%* 0.013%* 0.049%*
(0.20) (0.04) (0.70) (3.49) (2.97) (5.17)
t-3 0.002 0.002 0.010%* 0.001 -0.007 0.012%
(0.88) (1.30) (3.43) (0.25) (-1.11) (2.07)
Number of observations 261750 239257 494519 261252 239257 494519
Panel B. BBB
Equity return, RS*ck t-1 -0.010 -0.011 -0.027** -0.127** -0.139%* -0.127**
-(1.07) (-1.48) (-3.50) -(15.64) (-10.09) (-19.44)
-2 -0.013 -0.011 -0.014 -0.083** -0.091%** -0.052%*
-(1.32) (-1.41) (-1.32) -(10.24) (-9.16) (-8.46)
t-3 0.002 0.000 -0.000 -0.068** -0.068%* -0.028%*
(0.20) (0.09) (-0.04) -(7.68) (-5.25) (-4.85)
CDS return, RCPS -1 -0.001 -0.001 -0.002 0.011 0.015 0.079%*
-(0.47) (-0.69) (-0.68) (1.53) (0.75) (3.12)
t-2 0.000 -0.001 -0.001 0.027%* 0,024%* 0.059%*
(0.12) (-1.11) (-0.30) (5.44) (4.06) (8.82)
t-3 0.002 0.001 0.008 0.016** 0.002 0.022%*
(0.08) (1.44) (2.46) (2.94) (0.74) (5.22)
Number of observations 325722 359806 772066 325028 359806 772066
Panel C. BB, Below
Equity return, RS%ck t-1 0.009 0.005 0.004 -0.109** -0.138** -0.111%*
(1.04) (1.07) (1.33) -(14.66) (-10.33) (-22.16)
-2 -0.008 -0.010 -0.008 -0.067** -0.089%* -0.054%**
-(0.91) (-1.46) (-1.50) -(10.44) (-8.44) (-9.94)
-3 -0.004 -0.000 -0.002 -0.046*% -0.063** -0.031%*
-(0.48) (-0.06) (-0.29) -(6.33) (-6.65) (-5.45)
CDS return, RCPS -1 -0.004 -0.001 -0.006* -0.056** -0.051% 0.045
-(1.16) (-1.03) (-2.35) -(6.46) (-2.10) (1.79)
t-2 -0.005 -0.001 -0.005* 0.006 -0.008 0.048%*
-(1.72) (-1.33) (-1.98) (0.88) (-0.61) (6.26)
t-3 -0.002 -0.000 0.005 -0.003 0.002 0.020%*
-(1.67) (-0.90) (1.64) -(0.44) (1.12) (5.10)
Number of observations 162911 466444 786064 162318 466444 786064
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Table A2: Stock Portfolios Sorting By CDS Information - Compute Close-to-
close, Open-to-close, and Overnight Return Using CRSP

RCT(Cl,)CRSP ROT(C2,%]RSP RCTQ%?RSP

t t t

Daily, Equal-weight

H/L SERS -0.013 -0.125 0.110
-(0.5) -(5.1) (11.3)

Daily, Value-weight

H/L SCDS -0.034 -0.092 0.059
-(1.3) -(4.3) (4.8)

Weekly, Equal-weight

H/L SCDS -0.050 -0.572 0.518
-(0.4) -(3.8) (8.7)

Weekly, Value-weight

H/L SCDS -0.138 -0.416 0.281
(1.0) (3.4) (4.0)

Monthly, Equal-weight

H/L SCDS -0.277 -2.495 2.194
-(0.4) -(3.2) (5.9)

Monthly, Value-weight

H/L SCDS -0.561 -1.999 1.361
-(0.9) -(3.1) (3.7)

Daily, Equal-weight

H/L REDS -0.041 -0.036 0.003
~(4.5) ~(5.1) (0.5)

Daily, Value-weight

H/L REDS -0.037 -0.031 0.003
(3.2) ~(3.5) (0.5)

Weekly, Equal-weight

H/L REDS -0.037 -0.105 0.059
-(0.8) -(2.3) (2.0)

Weekly, Value-weight

H/L REDS -0.003 -0.052 0.038
-(0.1) -(1.3) (1.2)

Monthly, Equal-weight

H/L RCES -0.118 -0.390 0.341
-(0.6) -(2.0) (2.1)

Monthly, Value-weight

H/L REDS 0.236 -0.013 0.255
(1.1) -(0.1) (1.5)
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A3: Credit Spread and Liquidity

This table reports the single panel regression results for Effective spread at day t on CDS
spreads and lagged effective spread by running the follow specification:

ESie = Bo+ BiSiy + BeESi—1 + 0 + €5y

The model includes firm fixed-effect §; and we conduct tests using the heteroscedasticity-
robust standard errors clustered by dates. *** ** and * denote significance at the 1%, 5%,
and 10% level respectively and numbers in the parentheses are t-statistics.

(1) (2) (3)
Effective Spread Effective Spread Effective Spread
CDS 5 Year 0.019*** 0.009%*+*
(67.49) (13.38)
Lag Effective Spread 0.516%** 0.503***
(13.63) (13.26)
Intercept 0.0017%** 0.001#** 0.000%**
(132.51) (12.93) (12.95)
Firm fixed effect Yes Yes Yes
Cluster for SE Yes Yes Yes
N 2057244 2055896 2055896
R-sq 0.464 0.606 0.609
adj. R-sq 0.463 0.606 0.609
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