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I. Introduction

There is much to be learned about the nature of information and how information is incorporated
into security prices by examining the correlations between stock and bond returns. As noted by
Kwan (1996), the contemporaneous correlation between stock and bond returns reveals whether
the common element of firm-specific news pertains to information about the mean value of the
firm’s assets or the variance of the asset return. The cross-serial correlation between stock and
bond returns reflects the relative informational efficiency of the two markets: evidence of a lead-
lag relation in one direction or the other has been interpreted as indicative of the activities of
informed traders in the market where returns carry predictive content.

However, the market for corporate bonds has long been relatively opaque compared to the mar-
ket for corporate equity. As a result, previous studies of the relation between stock and bond returns
have drawn conflicting conclusions from dealer quotes of uncertain quality, or narrow datasets that
leave the generality of the results open to question. For example, based on a sample of dealer-
quotes, Kwan (1996) presents evidence suggesting that stock returns predict future bond returns,
while bond returns provide no explanatory power for future stock returns. E] In contrast, Hotchkiss
and Ronen (2002) examine the returns on twenty high yield bonds traded on the NASD’s Fixed
Income Pricing System (FIPS) in 1995 and find no evidence that stock returns lead bond returns.

In recent years, the National Association of Securities Dealers (NASD) has made sweeping

'Blume, Keim and Patel (1991) and Cornell and Green (1991) also find a contemporaneous relationship between
corporate bond returns and both government bond and stock returns. Altman, Gande and Saunders (2005) examine the
informational efficiency of the bond market versus the loan market and conclude that the loan market is more efficient
in incorporating information around events such as defaults and bankruptcies. Blanco, Brennan and Marsh (2005) find

that credit default swaps lead investment grade corporate bonds in incorporating new information.



reforms of the reporting requirements for over-the-counter corporate bond transactions in an effort
to improve the transparency of the market, culminating in the public dissemination of information
on most corporate bond transactions. As shown in Edwards, Harris and Piwowar (2007), Bessem-
binder, Maxwell and Venkataraman (2007), and Goldstein, Hotchkiss and Sirri (2005), these im-
provements in bond market transparency have led to lower transaction costs and greater liquidity
in the bond market. In light of these results, we exploit the newly available NASD data on corpo-
rate bond transactions to make the most comprehensive study to date of the relative informational
efficiency of the corporate bond and equity markets.

We analyze daily and hourly bond and stock returns over the period from October 1, 2004
to December 31, 2005, for a total of 2,173 hourly observation periods over 312 business days.
Our sample includes returns on 3,000 bonds and the associated equity issued by 439 firms. We
begin by documenting that the contemporaneous correlations between bond and equity returns
are insignificantly different from zero, on average, for firms carrying AAA, AA, and A credit
ratings. For firms rated BBB or lower, we find that, on average, the contemporaneous correlations
are positive, consistent with these securities being more like equity than safer bonds. Intuitively,
lower-rated bonds are more like equity because the bondholders are more likely to take over the
firm in default. This intuitive notion is given a precise characterization in Merton (1974) and the
subsequent literature on the structural modeling of defaultable bond prices. Our results here are
also consistent with the empirical evidence of Kwan (1996), who analyzed the contemporaneous
correlations between equity returns and changes in quoted bond yields.

We employ bivariate vector autoregressions in order to examine the lead-lag relations between
bond and equity returns. Examining portfolio and individual security returns at the daily and
hourly levels, we find clear evidence that the equity returns for riskier firms (junk-rated and, to a
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lesser extent, BBB-rated) lead their associated non-convertible bond returns. In contrast, we find
no evidence of a lead-lag relation between the equity and non-convertible bond returns for safer
firms. Regressions including Treasury note returns and S&P 500 returns indicate that AAA-, AA-,
and A-rated bond returns are most closely related to movements in risk-free rates, consistent with
these bonds have stable expected cash flows and hence little correlation with equity returns.

Within each rating class, on average the bonds that exhibit predictability also exhibit higher
probabilities of financial distress, whether distress is measured by the Altman (1968) or Shumway
(2001) distress metrics. Indeed, a firm-by-firm examination of the results reveals that the bulk of
the non-convertible bonds for which the returns are predictable are liabilities of firms that do in
fact encounter financial difficulties or outright bankruptcy over our sample period. These firms
are clearly generating news of sufficient import to bond values to produce trading in the firms’
bonds, even in the face of steep transaction costs, and the price movements in this trading reveal
the relative informational inefficiency of the corporate bond market. For example, among the BBB-
rated firms, a substantial number of bonds issued by the domestic US auto makers are predictable.
Over the period we study, the US auto makers are under significant financial pressure and their
bonds are downgraded to junk. In the junk class, the predictable bonds tend to be claims on the
airlines, many of which went into bankruptcy following September 11, and on other firms that
moved closer to or into bankruptcy during our sample period. We also find that convertible bonds
exhibit predictability in all rating classes; the predictability of a convertible bond is related to the
extent to which its conversion option is in-the-money.

Taken together, these results indicate that the bond market is in general less informationally
efficient than the equity market. As shown in Edwards et al. (2007), the transaction costs for

corporate bonds remain relatively high compared to equities. Our results suggest that, given these



relatively high transaction costs, only bonds with a high degree of sensitivity to firm-specific news
will transact when news is released and thus reveal the lesser informational efficiency of the bond
market. The apparently conflicting conclusions reached in the previous studies are likely a result
of the fact that the previous research relied upon data that was less comprehensive than the data
we employ in this study. We are able to examine a wide range of bonds and provide the clearest
picture to date of the relative efficiency of the stock and bond markets.

The results of this study also have implications for the debate on the effects of transparency on
market activity. Edwards et al. (2007) examine the liquidity of corporate bonds, and show that the
increased transparency brought about by TRACE lowered transactions costs for investors. Gold-
stein et al. (2005) find that increased transparency leads to liquidity improvements for small- and
medium-sized trades in actively traded bonds. Bessembinder et al. (2007) use the NAIC database
of insurance company trades to show that trading costs for institutional bond trades go down when
transparency increases due to TRACE. It is notable that, despite these documented improvements
in liquidity as a result of heightened transparency, we still find evidence of a lead-lag relation for
bond and equity returns. It would thus appear that the relative inefficiency of the bond market
reflects more than a lack of transparency.

The remainder of the paper is organized as follows. Section [ll. |discusses the equity and bond
data used in the study. Section |lIl. |presents our methodology and discusses the results. Section

| concludes and suggests direction for further research.



II. Data

A. Bonds

Our data for corporate bond returns are from the National Association of Securities Dealers TRACE
(Trade Reporting and Compliance Engine) system. The TRACE system was implemented in re-
sponse to growing pressure from investors to make the corporate bond market more transparent.
Since July 1, 2002, the NASD has required that all over-the-counter corporate bond transactions
in TRACE-eligible securities be reported through the TRACE systemE] NASD members were ini-
tially required to report corporate bond transactions within 75 minutes of the trade’s occurrence.
On October 1, 2003, this reporting lag was reduced to 45 minutes. The required reporting time
was further reduced to 30 minutes on October 1, 2004, and reached the final goal of 15 minutes on
July 1, 2005. Transaction information for bonds on the public dissemination list is transmitted on
a real-time basis to fee-paying subscribersﬂ

While NASD guidelines require all corporate bond trades to be reported, the public dissemi-
nation of these trade reports has been gradually phased in since the initiation of TRACE. For our
study we focus on Phase III, in which all corporate bond trades were publicly disseminated. This
allows us to examine the relation between stock and bond returns for a comprehensive sample
of corporate bonds across the spectrum of credit quality, issue size, liquidity, etc. Phase III was

implemented on October 1, 2004, and the sample used in our study runs through December 31,

2TRACE-eligible securities include all U.S. dollar-denominated debt securities that are depository eligible un-
der rule 11310(d). Specifically excluded is debt issued by government-sponsored entities, mortgage or asset-backed

securities, collateralized mortgage obligations, and money market instruments.

3Trade information is also freely available on the website http://www.nasdbondinfo.com. These reporting lags do

not appear to be related to our lead-lag results: we find that the lead-lag relation exists over much longer time horizons.



2005f]

Over 22,000 bonds have at least one trade during the Phase III period which we study, but
the vast majority trade very infrequently. In fact, almost 5,000 of the bonds trade ten or fewer
times over our October 2004 to December 2005 sample period. In order to carry out a meaningful
analysis of the cross-market return dynamics between a firm’s debt and equity, we impose the
initial requirement that a bond trade at least once per day on averageE] After matching with equity,
this results in a sample of 3,000 total bonds issued by 439 firms. Our sample is much larger than
the sample of Hotchkiss and Ronen (2002), who study 20 junk bonds, and Kwan (1996), who
studied 702 bonds across all rating categorieﬂ In addition to the trading activity requirement, we
subject the data to a set of screens designed to remove erroneous trades, such as trades which are

flagged as canceled or corrected, and data records with missing or invalid information. Finally, we

“Phase I of TRACE only provided for dissemination of trades in investment grade bonds with issue size greater
than $1 billion, and a small number of high yield bonds which were carried over from the NASD’s fixed income
pricing system (FIPS). Phase II, implemented in March 2003, expanded the universe to all bonds rated A and above
with issue size greater than $100 million, and 120 BBB bonds with issue sizes less than $1 billion. Even under Phase

II, trading in the vast majority of bonds in the BBB and junk categories was not subject to public dissemination.

3This cutoff also ensures that we do not include a subset of bonds which were still subject to delayed dissemination
during the time period of our sample. Trades of greater than $1 million in BB (B or lower) issues which trade on
average less than once per day were disseminated two (four) days after execution. This rule was changed in January

2006.

®Recall that Kwan (1996) uses weekly yield changes in his analysis, resulting in a larger sample size, though
the accuracy of the dealer quotes is open to question, particularly for the bonds that trade relatively infrequently.
Hotchkiss and Ronen (2002) use daily and hourly return observations. We also used several more stringent trading
activity requirements which resulted in far fewer bonds being included in our sample. The qualitative results are

virtually unchanged when we use the more strict requirements.



remove any trades representing a 30% or greater price reversal relative to the surrounding trades,
as manual verification of a subset of these records revealed that they contain data input errors in
the price field.

For much of the analysis we stratify the bonds according to their credit ratings. Bonds are clas-
sified by first assigning a rating number based on their rating from Standard and Poor’s, Moody'’s,
and Fitch rating services. An average of the ratings across the three agencies is calculated, and this
overall rating number is used to assign each bond to a rating category which is equivalent to the
S&P ratings categories AAA, AA, A, BBB, and Junk.

Table |1 displays descriptive statistics for the bonds in our final sample. About two-thirds of
the 3,000 bonds are rated either BBB or Junk, with over 1,000 in each category. There are 439
firms represented in the sample, indicating that many of the firms have multiple bonds outstanding.
It is worth noting that the overall number of firms (bonds) is less than the sum of the number of
firms (bonds) over the rating categories. This occurs due to rating migrations over the course of the
sample period, more often due to downgrades than upgrades. For example, some bonds are rated

BBB for a portion of the sample, and Junk for the remainder of the sample.
Insert Table[ll here

On average, the bonds in our sample have 8.2 years remaining to maturity, with the AAA
bonds having the longest average maturity at 10.8 years. Bonds rated A and below have average
maturities ranging from 8.1 to 8.5 years. As expected, the coupon rate generally increases as the

credit quality of the bond decreasesﬂ The average coupon rate ranges from 5.12% for AAA bonds

"Corporate bonds are typically issued at or very close to par value, with compensation for risks borne being re-

flected in the spread of the coupon rate to the relevant risk-free rate.



to 6.82% for Junk bonds Lower credit quality issuers tend to be smaller firms — the average
market capitalization of AAA issuers is about 70 times larger than Junk issuers. Thus, the lower
quality issuers tend to float smaller bond issues than the more highly-rated issuers. The average
junk bond issue in our sample is $296 million, and issue size increases monotonically with the
exception of the AAA issues. Overall, the minimum trading requirement that we impose on the

bonds restricts the sample to relatively large bond issues.

B. Stocks

We match the bonds in our sample to their associated equity data using the ticker symbols assigned
to the bonds by the NASD, and verify each match using company descriptive information from
Bloomberg. The intraday equity price observations are drawn from the NYSE TAQ database. We
initially collect the last trade in five minute intervals for all equities that have debt in the TRACE
database. We filter the data using the applicable rules in Weston (2000). We then match the last
trade of the hour for each bond in the database with the most recent trade for that firm’s equity in

our database of five-minute observations from TAQ/

8The average coupon rate on AAA bonds is slightly above that for AA-rated bonds owing to the relatively long

average maturity of the AAA bonds.

?Our results are insensitive to the matching procedure used. Using the last equity trade of the hour or the first equity
trade after the bond trade both produce results nearly identical to those reported in the paper. We also account for the
potential effects of reporting lags in the corporate bond market by matching bond trades with the last equity trade
which occurred at least 15 minutes before the bond transaction and restricting the sample to the period of 15-minute
required reporting (post July 1, 2005). Again, the results are qualitatively nearly identical to those reported here. In

practice, the NASD reported in 2005 that over 80% of transactions were actually reported in less than 5 minutes.



C. Returns

Individual hourly (daily) bond returns are calculated using the last bond trade we observe in each
hour (day). We exclude bond trades which occur outside of equity market trading hours. Following
Hotchkiss and Ronen (2002), we assume a zero return for trading intervals where no trades occurm
Individual hourly (daily) equity returns are calculated using the last equity trade price prior to the
last bond trade in each hour (day).

Panels A and B of Table [2] present summary statistics for the daily and hourly returns and
trading volumes for the stocks and bonds that appear in our dataset. The returns average close to
zero, and the median returns are exactly zero for daily bond returns and hourly bond and stock
returns, as one should expect for such short holding periods. As expected, the standard deviation
of returns is highest for both junk bonds and their associated equity returns. The AAA-rated bonds
exhibit mean returns that are higher than those on AA- and A-rated bonds, but these results should
be treated with caution. While there are 172 AAA bonds in the dataset, 118 of these are liabilities
of General Electric or one of its subsidiaries. Hence the statistics for AAA bonds largely reflect

the fortunes of General Electric over our sample period.
Insert Table[2 here

In Panel C of Table @ we see that, for a given firm, its debt trades far less often than its eq-
uity. Average daily trade volume in bonds totals about $376,000 to $647,000, depending on rating
category. Average equity volumes are vastly higher, ranging from $126 million to $513 million,

depending on rating

OFor the portfolio returns analysis, we considered an alternative specification where no-trade intervals were dis-

carded. The same qualitative results held.

1 As noted above, many firms have multiple bond issues outstanding. However, when we consider the total trade
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The statistics on bond trade volumes in Panel C also indicate that, on average, AA and BBB-
rated debt tend to trade in slightly higher daily volumes than other categories. It is worth noting,
however, that these daily measures reflect very heavy volumes in a few bonds—perhaps due to
institutional trading activity—as indicated by the fact that the median daily volumes are substan-
tially lower than the means in each rating class. The median figures indicate that the median bond

in each category sees daily trading volume of $15,000 to $50,000 per day.

III. Empirical Results

Following the previous literature, we assume a general structure for the lead-lag relation between

bond and equity returns, as given by the following vector autoregressive system:

L L
(1) Zr=cC+ Z biRpt—i + Z siRg—i + &4,

i=1 i=1
where z; is the vector [Rp;, Rs:|', Rp is the return on the bond (portfolio or individual bond) at
time ¢, and Rg is the return on the associated stock (portfolio or individual stock). The coefficients
to be estimated are the intercepts ¢ and the slope coefficient matrices, b; and s;, on the lagged bond
and equity returns. The lag-length L is set to five for the daily returns and ten for the hourly
returns. The lag-length choices are guided by the Akaike Information Criterion; our conclusions
are not sensitive to changes in the lag-lengths.

Our null hypothesis is that the bond and stock markets are equally efficient. For each equation
in the system, we test this hypothesis in two ways. First, we examine the statistic for the standard
Granger causality test, which is simply the F'-statistic for the null hypothesis that all of the lagged

cross-market returns are equal to zero. Second, we calculate the statistic for the weaker test that the

volume for all of the bonds that a firm has outstanding, equity trade volume still dwarfs that of the firm’s debt.
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sum of the lagged cross-market coefficients is equal to zero. The sum-test is useful for qualifying
our conclusions when the Granger causality test rejects the null based on a small subset of the lag
coefficients—a result that is often difficult to interpret. In this case, a simultaneous rejection under
the sum-test reinforces the conclusion that a robust lead-lag relationship exists, while failure to

reject the sum-test qualifies the Granger causality test results.

A. Portfolio Returns

In order to compare our results to those in the previous literature, we begin with a portfolio-level
analysis of non-convertible bonds. We first form equally-weighted bond portfolios for each bond
rating category and compute the returns on each portfolio. We then calculate stock portfolio returns
for an equally-weighted portfolio of all of the equities corresponding to the bonds appearing in the
bond portfolio. Note that the number of securities in each portfolio will change through time if
a bond is removed from the list of TRACE-eligible securities (for example, if the bond matures
or is called) or if its credit rating changes. If a firm has multiple bonds in the bond portfolio, we
increase the weight on the firm’s equity in the equity portfolio accordinglyE]

At a daily frequency, the junk bond portfolio returns are predictable with their associated lagged
equity returns; none of the other bond portfolios exhibit conclusive evidence of predictability.
Table [3| displays the estimation results and test statistics stratified by the bonds’ ratings. For the
AAA-, AA-, A-rated non-convertible bond portfolios, both the Granger causality and sum-test fail
to reject the null hypothesis of equal informational efficiency. The adjusted-R? statistics indicate

that the inclusion of lagged returns provide little, if any, additional explanatory power for the

12For example, if a portfolio has 20 bonds and five are issued by the same firm, then that firm’s equity receives a

25% weight in the equity portfolio.

11



AAA-, AA-, and A-rated portfolios.

Insert Table (3 here

For the BBB-rated portfolio, the Granger test rejects the null, but the sum-test fails to reject.
The Granger causality test is apparently picking up significant coefficients on the second, third,
and fourth lag of stock returns, but the coefficients are relatively small in magnitude. However,
the inclusion of lagged stock returns boosts the adjusted-R? from 0.262 to 0.318 in the bond return
equation. For the junk-bond portfolio returns, both the sum and Granger tests reject their respective
nulls at the 5% level of significance. The inclusion of lagged equity returns in the junk bond return
specification boosts the adjusted-R? statistic from 0.361 to 0.448.

In Table 4, we report the vector autoregression results for hourly bond and equity portfolio
returns. When measured at an hourly frequency, we find strong evidence of predictability in BBB-
and junk-rated bond returns. Consistent with our results based on daily returns, we find no evidence
of a lead-lag relation between bond returns and equity returns for the AAA-, AA- and A-rated bond

portfolios.

Insert Tabled here

For the BBB-bond equation, the sum and Granger statistics both reject the null hypothesis
of equal informational efficiency, and the addition of lagged equity returns boosts the adjusted-
R? statistic from 0.215 to 0.239. The results for hourly returns on Junk bonds largely mimic
those for daily returns. The sum-test and Granger causality test both reject their respective nulls.
Moreover, the addition of lagged equity returns boosts the adjusted-R* measure from 0.340 to

0.377, indicating that the lagged equity returns provide an economically significant improvement
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in the predictive power of the speciﬁcation Comparing the magnitudes of the lagged equity
return coefficient estimates across the Junk and BBB return regressions, we see that Junk bond
returns are somewhat more sensitive to lagged stock returns, as we might expect given that junk

bonds are closer to equity than are BBB-rated bonds.

B. Individual Bond and Equity Returns

We turn now to a more detailed examination of the basic predictability results established in the
previous section. First, we focus on establishing the degree of cross-sectional variation in the
predictability of non-convertible bond returns. We then attempt to identify the determinants of

predictability in the cross-section. The paper closes with our analysis of convertible bonds.

B..1 Cross-Sectional Variation in Bond Return Predictability

We start by estimating the VAR system in Equation (I]) separately for each bond using daily and
hourly returnsl]z] We do not present summary parameter estimates for the regressions, however the
results exhibit substantial cross-sectional variation, particularly for the bonds in the BBB and Junk
categories. For example, in the BBB-rated category, the mean of the estimated coefficients on the

first lag of equity returns, s, is 0.020 and the standard deviation is 0.057. In the Junk category, the

31t is worth noting that adding lagged equity returns actually increases the R? values more for daily returns than for
hourly returns. The larger sample size is likely responsible for the stronger Granger and sum-test results in the hourly

analysis.

'4In order to be included in the hourly bond-by-bond analysis, we impose the following requirements: first, for a
return observation to be included in the sample, we require that there be at least one trade in the previous ten trading
hours. We then include all bonds which have at least 700 hourly return observations meeting this criteria. This results

in a final sample containing 2,682 unique bonds. The results are not sensitive to wide variation in this cutoff.
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mean of the estimated coefficients on the first lag of equity returns in the bond-return regression is
0.024 and the standard deviation is 0.064. These results suggest that there are both predictable and
non-predictable bonds in each category. A similar conclusion emerges from an examination of the
results based on security-level VARs of daily returns, also omitted for brevity.

The statistical significance of these results is summarized in Table[5], where we show the pro-
portion of the sample in the indicated rating category for which we reject the Granger and sum
hypotheses at the 5% level of significance. Table [5] also summarizes the results from the daily re-
turns regressions. As can be seen, in line with our portfolio-level results there is scant evidence of
predictability in the AAA-, AA-, and A-rated bond categories. For BBB-rated bonds, however, we
find that for daily returns we reject under the sum test for 19.1% of the bonds, and for hourly re-
turns we reject for 36.1% of the bonds. The Granger causality test rejects for 34.0% of BBB-rated
bonds using daily returns and for 34.8% of the bonds using hourly returns. For junk bond returns,
we reject under the sum test for 62.0% and 54.9% of the bonds at the daily and hourly frequencies,
respectively. Under the Granger causality test, we reject for 56.3% and 48.7% of the bonds at the

daily and hourly frequencies, respectively.

Insert Table[d here

B..2 Determinants of Predictability

It is clear from these results that equity returns lead bond returns for BBB- and junk-rated bonds
However, there is substantial cross-sectional variation in the degree to which this lead-lag relation

holds at the bond level. In this subsection, we examine the bond-level results more closely in order

15Tt is worth noting that we have also conducted these regression tests for pooled cross-sectional time-series speci-

fications. Our conclusions do not change, so we have omitted these results for brevity.
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to identify the cross-sectional determinants of predictability and potential explanations for why our
portfolio-level results differ from those of Hotchkiss and Ronen (2002).

That highly-rated bonds exhibit little correlation with stock returns could be indicative of the
fact that these bonds have relatively stable expected cash flows. In this case, the returns on safe
bonds would be expected to be primarily sensitive to interest rate movements. To the extent that
the variance in stock returns embeds a large component related to news about future cash flows, we
would expect to find low contemporaneous and lagged correlations between safe bond returns and
equity returns. In contrast, lower-rated bonds (BBB- and junk-rated) are closer to default and thus
their expected cash flows are relatively sensitive to news about the value of the firm—in this sense,
these bonds are more “equity like”. It follows from this line of reasoning that the returns on lower-
rated bonds would be more highly correlated with their associated equity returns than relatively
safe bonds, both contemporaneously and, if the bond market is relatively less efficient than the
equity market, at a lag. If the bond returns are reacting to news about the variance of the firm—for
example, if equity holders are boosting the risk of the firm as it moves toward bankruptcy—then
the relation between bond returns and lagged equity returns would be negative. On the other hand,
if the bonds returns are simply reflecting news about the value of the firm, then we would expect
to find a positive relation with lagged equity returns. Of course, these are not mutually exclusive
possibilities and hence the signs on the lagged equity returns represent a net effect over these two
possible influences on bond returns.

These hypotheses are tested in Table 6] which presents the results of portfolio-level regressions
of bond returns on lagged bond returns, contemporaneous and lagged Treasury note returns, con-

temporaneous and lagged returns on the S&P 500, and contemporaneous and lagged stock returns,
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as follows:

L L L L
(2) Ryy=a+)> BpiReri+ Y BriRrii+ > BspiRspi—i+ Y BsiRsi—i + &t

i=1 i=0 i=0 =0
where R, ; is the return on an equally-weighted portfolio of the bonds in the given rating category,
Ry, is the return on the on-the-run 5-year Treasury note, Rgp; is the return on the S&P 500 index,
and Rg; is the return on the portfolio of equities associated with the bonds in the sample. We em-
ploy the 5-year Treasury note as it is the most actively traded Treasury security, producing the most
hourly observations, though our conclusions are not sensitive to the particular choice of Treasury
security. We carry out the tests at the daily and hourly frequencies where, as before, the lag length
L is set to five for daily returns and ten for hourly returns. Following Cornell and Green (1991)
and Hotchkiss and Ronen (2002), we report the sum of the coefficients as opposed to the individ-
ual coefficients, and the standard errors are adjusted to account for potential serial correlation and
heteroscedasticity using Hansen’s (1982) generalized method of moments. P-values are presented
for tests of the null hypothesis that the sum of the coefficients is equal to zero.

If our hypotheses above are correct, then we should expect to find that highly-rated bond re-
turns are driven by movements in risk-free rates (Treasury note returns), while the lower-rated
bonds should be related to equity returns. The results for daily returns shown in Panel A of Table[]
are broadly consistent with these hypotheses. As can be seen, the AAA-, AA-, and A-rated port-
folio returns are principally sensitive to Treasury rate movements, while the BBB- and Junk-rated
portfolios exhibit little sensitivity to Treasury rate movements. In line with our previous results,
none of the daily portfolio returns exhibit much sensitivity to either the S&P 500 or their associated

equity returns.

Insert Table |6 here
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The results for hourly returns in Panel B provide support for the notion that lower-rated bonds
are more equity-like and hence sensitive to firm-specific news. We again find that the AAA-, AA-,
and A- rated bond returns are relatively strongly related to Treasury note returns, with statistically
significant sums of coefficients equal to 0.229, 0.186, and 0.120, respectively. In contrast, the
BBB- and Junk-rated portfolio returns are not sensitive to Treasury note returns. As we found in
our earlier tests at the hourly frequency, BBB- and Junk-rated portfolio returns are sensitive to the
lagged returns of their associated equity, with statistically significant sums of coefficients equal to
0.070 and 0.148, respectively. The AAA-, AA-, and A-rated portfolio returns are not sensitive to
their lagged equity returns. The coefficients on lagged bond returns are similar in nature to those
in the portfolio vector autoregressions: for all categories except AAA, the sum of the lagged bond
return coefficients is positive and usually significant. For the smaller AAA portfolio, the bid-ask
bounce effect dominates, leading to negative coefficent estimates for the lagged bond returns.

A bond-by-bond examination of the predictability results provides further insight into the na-
ture of the firms for which we find predictable bonds: within the BBB- and junk-rated classes, by
and large it is the bonds of firms encountering financial difficulties that exhibit predictability. Here
a “predictable bond” is defined as one for which the sum-test and the Granger causality test both
reject the null at the 5% level.

In the BBB-rated category, the majority of the predictable bonds are issued by Ford and GM,
both companies that faced significant financial pressure over our sample period. Other firms with
significant numbers of predictable bonds include Albertson’s, Constellation Energy, Delphi, Prov-
ident, and Sungard Data Systems, all companies that encountered some degree of financial distress
over our sample period.

General Motors also accounts for a sizable share of the predictable bonds in the Junk category,
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a result of the downgrade of GM to junk over our sample period We also find predictable
junk bonds issued by Delta and Northwest Airlines, both companies that were operating close to
bankruptcy during the period Calpine’s bonds exhibit predictability, and again, Calpine was
close to bankruptcy in our sample period. Delphi Corp and Visteon Corp both supply parts to the
auto makers, and we also see a smattering of nearly-failed technology and telecom companies in
the Junk grouping.

We make the results of this informal analysis more precise in Table |/, which displays summary
statistics for categories of predictable and non-predictable bonds. While the time to maturity and
coupon rates of the bonds appear similar in the predictable and non-predictable categories, the
mean stock return for predictable bonds in the Junk and BBB categories is much lower than for
the non-predictable bonds, suggesting that these firms are indeed facing some type of difficulty. To
confirm this, we then calculate two measures of financial distress commonly used in the literature.
First, we use a modified Altman (1968) Z-score, calculated using the hazard model coefficient esti-
mates found in Hillegeist, Keating, Cram and Lundstedt (2004). We also employ the hazard model
estimates in Shumway (2001) to calculate an alternative measure of financial distress. In both
cases a higher score indicates a greater probability of bankruptcy. Table [/| shows results separated
by rating category. For the main categories of interest — BBB and Junk —the predictable bonds have
higher Altman and Shumway scores than the non-predictable bonds, with the difference being sta-
tistically significant in two of four cases. For the BBB category, the difference is significant for the

Altman score but not the Shumway score. For junk, the difference is significant for Shumway but

16Ford’s bonds were also gradually downgraded to junk by the three ratings agencies we use. However, they remain

in our BBB sample due to the methodology we use to average ratings across agencies.

1"Bonds exit our sample at the time they enter bankruptcy.

18



not Altman /™|

Insert Table[A here

This detailed analysis clarifies our earlier predictability results. Firms close to or in financial
distress generate news with important implications for the expected cash flows of the firms’ bonds
and equity, as illustrated by our tests in Table [§] This news is of sufficient magnitude to generate
trading in the firms’ bonds in the face of steep transaction costs, and the price movements resulting
from this trading reveal the relative informational inefficiency of the corporate bond market in the
form of the lead-lag relation we find between the firms’ bond and equity returns.

In comparing our results to those of Hotchkiss and Ronen (2002), it is important to bear in
mind that bond transactions costs were likely higher during their sample period, and thus the news
reflected in equity returns may not have been substantial enough to induce trading in the firms’
bonds. Moreover, their sample period may not have included as many firms experiencing credit
rating downgrades or bankruptcy as our sample period. Thus the bonds in their FIPS sample do

not exhibit the same predictability found for many of those in our TRACE sample.

B..3 Convertible Bonds

Convertible bonds are of independent interest in this analysis because, in contrast to non-convertible
bonds, they become more equity-like as their credit quality improves. Intuitively, this is because
the conversion option goes more deeply into the money as the prospects of the firm improve and

the equity appreciates in value. Hence an analysis of these bonds sheds additional light on whether

I8Note that due to data availability, there is sometimes a different number of observations available for the Altman
and Shumway calculations. This is especially true in the AA category, where we can only calculate the Altman score

for one bond in the predictable category.
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it is the sensitivity of a bond’s return to firm-specific news, and not whether the news is on average
good or bad, that governs whether we see predictability in a bond’s returns.

As with the non-convertible bonds, we estimate bond-by-bond regressions of hourly convert-
ible bond returns and their associated equity returns on ten lags of the bond and equity returns
As before, the bond-level coefficient estimates (not reported) exhibit a good deal of cross-sectional
variation. In contrast to the non-convertible bond results, however, the signs are consistently posi-
tive and the magnitudes sizable for the coefficients on the lagged equity returns in the bond equa-
tions for all rating classes.

As these results suggest, we see in Table [§| that there is strong evidence of predictability for
convertible bonds of all ratings. For AA-rated convertible bonds, we reject the null of equal in-
formational efficiency under the sum-test for 28.6% of the bonds and under the Granger test for
42.9% of the bonds (although there are only 7 bonds in this category). In the larger, A-, BBB-,
and junk-rated categories, we reject the equal efficiency hypothesis under both tests for the vast

majority of bonds in each rating category.
Insert Table|8 here

Table [9) provides summary statistics on the convertible bonds stratified by rating and pre-
dictability It is clear from these statistics that the most important determinant of predictability
for these bonds is the degree to which the conversion option is in-the-money. There are no con-

sistent patterns in the average years-to-maturity or coupons of the predictable and non-predictable

90ur sample for the hourly convertible bond-by-bond regressions is chosen in the same manner as for the hourly

nonconvertible regressions. This results in a sample of 190 unique bonds.

0There are five fewer convertible bonds used in calculating Table E] compared to Table as we are unable to find

conversion prices for these bonds.
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bonds within each rating category. The contemporaneous stock-bond return correlation patterns
are also similar to those of the non-convertible bonds in that they indicate the dominant form of

news concerns the mean value of the firm’s assets.

Insert Table (9 here

The mean stock and bond returns are higher for predictable convertible bonds than for non-
predictable convertible bonds. This fact is reflected in the greater in-the-moneyness of the conver-
sion option for the predictable bonds. We measure the in-the-moneyness of the conversion option
by subtracting the strike price of the conversion option from the stock price, and averaging over
the sample period. We form a “moneyness rank” measure which lies between 0 and 1 and ranks
the bonds from least in-the-money (0) to most in-the-money (1). As can be seen from the table,
for AA-rated convertibles, the non-predictable bonds have an average moneyness rank of 0.337,
while the predictable bonds have an average rank of 0.528. For A-rated convertibles, the ranks are
0.406 and 0.721 for non-predictable and predictable bonds, respectively. For BBB- and junk-rated
bonds, the differences across the predictability categories are of similar magnitude. In terms of
statistical significance, we reject the null of no difference in means across the two groups for the
A-rated and Junk-rated bonds.

It is clear from these results that it is not the direction of news that determines whether the
bond return is led by the associated equity return. Rather, it is the fact that there is news, and the
fact that the bond value — either by virtue of the fact that the bond is close to default or contains
a conversion option — is sensitive to news that carries implications for expected cash flows. The
results are consistent with the notion that the bond market is in general less informationally efficient

than the stock market.
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C. Economic Significance

In this section we briefly examine whether the results presented here reflect potentially profitable
trading strategies. That is, could one form portfolios of bonds based on observing past stock returns
that would lead to excess profits? To test this, we form portfolios at the daily or hourly frequency
based on returns on the associated equity in the last period. We follow the methodology of Lo and

MacKinlay (1990) and invest the fraction

)

1
(3) W; ¢ = N(Ri,t—l - Rm,t—l)

in the bonds of firm 7. N represents the number of firms present in the sample with bonds in the
given rating category, I?;;; is the return on firm ¢’s equity in period ¢ — 1, and R?,,,;_; is the
return on an equally-weighted portfolio of the firms with bonds in the given rating class. Thus
the bonds of a firm with an above-average equity return in the last period will receive positive
weight in the portfolio. Since a single firm may have many bonds in the sample, we equally weight
firm ¢’s share across all of its bonds. The end result is a zero-net investment portfolio that can be
rebalanced periodically. For hourly returns, we track the returns on this portfolio when it is held
for one hour or one full day. For daily returns, we trace the returns when the portfolio is held for
one day or one full week. The results for non-convertible and convertible bonds are shown in table
The row labeled “Mean Profit” represents the average return generated by the strategy each
time it is executed, while the row labeled “Total Profit” is the cumulative profits from executing
this strategy over the 10/1/2004-12/31/2005 period. For non-convertible bonds, Panels A and B
show that the most profitability exists, not surprisingly, in the junk category. Also, the longer the
holding period, the larger the total profits. For example, for both hourly and daily returns, the junk
portfolio with the longer holding period generates total cumulative returns over the entire sample
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in excess of 1%. For all other ratings categories, the profits are close to zero. The convertible bond
results in Panels C and D are a bit more impressive in economic terms. For example, the total
cumulative 15-month profit generated by forming junk-bond portfolios daily and holding for one

week 15 2.7%.

Insert Table IO here

While these 1-3% profits over 15 months are generated with zero net investment, it is worth
noting that transactions costs would quickly shrink any profits. Given that Edwards et al. (2007)
show the average transaction cost for a $100,000 trade in junk bonds to be around 50 basis points,
as well as the additional costs of short-selling bonds, it is highly unlikely that one could profitably

take advantage of the predictability documented in this paper.

IV. Conclusion

In this paper we exploited comprehensive data on secondary market transactions in corporate bonds
to examine the relative informational efficiency of bonds and stocks. We found that stock returns
predict returns on BBB- and junk-rated non-convertible bonds at both daily and hourly frequencies;
stock returns do not predict returns for non-convertible bonds rated above BBB. For convertible
bonds, we found evidence that stock returns lead bond returns in all credit quality categories. These
conclusions hold whether we use a portfolio, pooled time-series cross-sectional, or bond-by-bond
approach.

In regressions including contemporaneous and lagged Treasury note and S&P 500 returns, we

found that highly-rated bond returns are driven primarily by Treasury returns, while the lower-rated
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bond returns correlate with equity returns. These results are consistent with the hypothesis that,
because the expected cash flows for safe bonds are relatively stable, movements in the prices of
these bonds largely reflect changes in interest rates, while equity price movements respond in large
measure to firm-level news on earnings, producing low correlations (contemporaneously and at a
lag) between the bond and equity returns. Because the BBB- and junk-rated bonds are closer to
default, the expected cash flows and hence prices of these bonds react to news about the firm’s cash
flows, albeit at a lag relative to their associated equity owing to the relative inefficiency of the bond
market. These results are reinforced by an analysis of convertible bonds. We find strong evidence
of predictability for convertible bonds of all ratings, consistent with the fact that the presence of the
conversion option renders such bonds highly sensitive to firm-specific news, while the inefficiency
of the bond market relative to the equity market produces the lead-lag structure evident in the
convertible bond and equity returns.

These results provide an important new perspective on the issue of how firm-specific informa-
tion is incorporated into the prices of stocks and bonds. While Kwan (1996) finds that stock returns
lead non-convertible bond returns even for bonds which are solidly investment grade, we find that
no such predictability in our transactions-based returns data on AA- and A-rated non-convertible
bonds. And while Hotchkiss and Ronen (2002) find no evidence that stocks lead bonds using more
recent data, we find that this result may be an artifact of their small sample of bonds and relatively
short sample period. It may be the case that few of the firms in Hotchkiss and Ronen (2002) faced
the degree of difficulties faced by the firms in our sample. The apparently conflicting conclusions
reached in these previous studies are likely a result of the fact that the previous research relied
upon data that was less comprehensive than the data we employ in this study.

Our findings also have implications for the growing literature on credit derivatives. Acharya
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and Johnson (2007) find evidence that traders with inside information may use the credit default
swap market to profit from their information. Norden and Weber (2007) find that the credit default
swap and stock markets tend to lead the bond market in reflecting information. Our results suggest
that traders with information are most likely to trade first in the equity or CDS market, rather than
incur the costs of trading in illiquid corporate bonds. Our results also suggest that it would be
fruitful to focus on distressed firms when analyzing the relations between credit default swaps,
bonds, and equity.

Finally, our results shed additional light on the impact of transparency on financial markets.
At the outset we noted the results of several studies suggesting that greater transparency in the
corporate bond market has brought down transaction costs. Our results suggest that a lack of
transparency alone cannot explain the relative inefficiency of corporate bonds, at least for distressed
firms. However, it may be the case that increased transparency has improved the efficiency of A
and AA-rated bonds as compared to those studied by Kwan (1996) long before the implementation

of TRACE.

25



References

Acharya, V. and Johnson, T. “Insider trading in credit derivatives.”, Journal of Financial Eco-

nomics, 84 (2007), 110-141.

Altman, E. “Financial ratios, discriminant analysis, and the prediction of corporate bankruptcy.”,

Journal of Finance, 23 (1968), 589-609.

Altman, E., Gande, A. and Saunders, A. “Informational efficiency of loans versus bonds: Evidence

from secondary market prices.”, (2005). Working paper, Vanderbilt University.

Bessembinder, H., Maxwell, W. and Venkataraman, K. ‘“Market transparency, liquidity externali-
ties, and institutional trading costs in corporate bonds.”, Journal of Financial Economics, 82

(2007), 251-288.

Blanco, R., Brennan, S. and Marsh, 1. “An empirical analysis of the dynamic relation between
investment-grade bonds and credit default swaps.”, Journal of Finance, 60-5 (2005), 2255—

2281.

Blume, M. E., Keim, D. and Patel, S. “Returns and volatility of low grade bonds.”, The Journal of

Finance, 41 (1991), 49-74.

Cornell, B. and Green, K. “The investment performance of low-grade bond funds.”, The Journal

of Finance, 46 (1991), 29-48.

Edwards, A., Harris, L. and Piwowar, M. “Corporate bond market transparency and transaction

costs.”, Journal of Finance, 62 (2007).

26



Goldstein, M., Hotchkiss, E. and Sirri, E. “Transparency and liquidity: A controlled experiment

on corporate bonds.”, (2005). Forthcoming in Review of Financial Studies.

Hillegeist, S., Keating, E., Cram, D. and Lundstedt, K. “Assessing the probability of bankruptcy.”,

Review of Accounting Studies, 9 (2004), 5-34.

Hotchkiss, E. and Ronen, T. “The informational efficiency fo the corporate bond market: An intra-

day analysis.”, Review of Financial Studies, 15 (2002), 1325-1354.

Kwan, S. “Firm-specific information and the correlation between individual stocks and bonds.”,

Journal of Financial Economics, 40 (1996), 63—80.

Lo, A. and MacKinlay, A. C. “When are contrarian profits due to stock market overreaction.”,

Review of Financial Studies, 3 (1990), 175-205.

Merton, R. C. “On the pricing of corporate debt: The risk structure of interest rates.”, The Journal

of Finance, 29-2 (1974), 449-4770.

Norden, L. and Weber, M. “The comovement of credit default swap, bond and stock markets: An

empirical analysis.”, (2007). forthcoming, European Financial Management.

Shumway, T. “Forecasting bankruptcy more accurately: A simple hazard model.”, Journal of Busi-

ness, 74 (2001), 101-124.

Weston, J. “Competition on Nasdaq and the impact of recent market reforms.”, Journal of Finance,

55 (2000), 2565-2598.

27



9Ty ¥6°56C 89 I'8 44 ¥90°1 ung

6£°0C 95" €9¢ 819 '8 OLT 9911 add
€719 0L'TES §9°G '8 T 978 \4
L9°TIT 8T9TL 85y 9 8L 6t A%
§T'88C €9°L6Y Trs 801 €€ TLl VvV
suyvy 11pa4) 4q 111ds 2jduivg
8L9S 9L 1EY 109 T8 6 000'¢  SWI IV
(1rg$) uonezireyde) SurpueisinQ (%) AumejyN  swai Jo  spuog jo  Suney
JOYIRIN (IMA'$) Junowry  uodno) 03 sIedf  Joquny  Joquuiny JIpaI)

"PapN[OXd ATk spuoq d[qnieauo)) ‘porurad ojdwres o jo Juruuidaq ay) Je painsedw ‘103910 Yoed Ul swiy ay) Jo uonezijeydes
joyTeW 93eI0AR A ST uonezieide)) JoJBIA,, PUB ‘SPUOQ Y] JO dNJeA 908 9FeIoAR Y} SOAIS , SUIpue)sing JUnowy,, ‘spuoq Yy} uo ayer uodnod pazijenuue d3eIoAR
o) smoys . uodno),, pue ‘A10393ed OB Ul Spuoq Y} 10J AJLInjew 0} JUIUTBWAI SIBIA 9FRISAR 9} SMOUS , AJLINJBA O} SIBOX,, UWIN[OD AU, 'SOLI0391ed Junel JIpaId
U} Ul SULIY JO Joquunu Ay} Jo anij st dwes 3y ‘porrad ojdwres Yy 100 suonisuel) Sunel Jo asnedIdq [810)  SULIL [[V,, 24yl 01 dn ppe jou seop Junel 3pa1d Aq ds
9idwies 9y} ur Spuoq JO Jquinu Y], "SII0UFe Junel JIpaid Jofew oy} Jo s3umies JIPAId Y} JO AFBIIAR JLIOWINU B SB pauFIsse aIe s3unel JIpa1r) ‘spuoq odinw
PONSSI 9ARY SULIY QWOS OUIS SPUOQ JO JAQUINU ) UeY) SSI[ SI SWIY JO JOQUINU Y, ‘SINLINOIS 9sY) JuInssi swiy jo Joqunu 3y} sAe[dsip  SWIL] Jo JoqunN],,

IMIyMm ‘A103978D OB UI SPUOq [ENPIAIPUI JO IqUINU Y) SI  SPUOY JO I9qUINN],, UWN[0D Y], "SISA[eue [eorndura 9y} Ul pasn SSNILINOAS Y} IO SONsne)s Arewrung

sonsnels Arewwing :J 9[qelL,

28



90L¥LT  808°8S 0€6'9¢C1 or80 S20°0 ¢ov’'0  unf

OI¥'681  S€COCl  TLS 691 ¢s6’'l G100 ¢19°0 949

r8'6LT  SOTCPl  T€€681 8¢9l 6200 0LS°0 v

c0e’ssc  T19vPC  681°00¢ el 0800 L¥9°0 \AY

I18L°0Cc  ¥¥9°8cS  679°¢lS 00€'T 0200 9LE0  VVV

‘A URIPI]N  UBJIA ‘A9 uBIpo]N uedlN  Suney

PIS PIS Npary

QUINJOA 001§ QWIN[OA puoyg
(SUOT[IIN §) SWN[OA dpel], A[Ie( 95eIAY D) [dued
0’0 9000 100 L98S0O'T 000000 TI€10°0- SyeLc’ T 000000 Ccr00°0 ung
6200 9000 L000 ¥6€89°0 000000  1SS00°0- 880L6'0 000000 8¥€000- ddd
8700 2000 ¥00°0 YLZ9%'0 000000 00S00°0 688960 000000  ¥0000°0 v
1€0°0 <000 100°0 YLZIY'0 000000  L6S00°0 88¢eS’0 000000 €5000°0 \AY
1200 1000 <000 081¥'0 000000 SLTO00 8L9¢L'0 000000 STT00°0 \A'AY
‘A UBRIPIJN  UBON ‘AT URIPI]N  UBJIA ‘A URIPI]N  UBJIA Suney
PIS PIS PIS HpaId)
a'sd suInjoy Yo01§ swnjoy puog
sumay A[INoH :g [eued
YII'0 6500 0L0°0 80SSLC  68SIT°0-  €¥880°0- 0vcIy'c 000000 €9620°0 ung
¢oro 0s00 8500 G90T6'T  €9¥S0°0-  8£6€0°0- ¢0€Cq8’ 1T 000000 09¥c00- ddd
¥80°0 000 2000 LE6LT'T 987000  SPre00 ¥€8L0'T 000000 LT000°0 v
8600 6000 L000 S6IS0°T 0€0C00  C¢SIv00 IS¥S6'0 000000  60¥00°0 \AY
€L0°0 2000 8000 00€80°'T  €6L£0°0-  SLITO0 ¥298¢’1T 000000 ¢8LO00 \A'A4
‘A UBIPIIN  UBIN ‘A URTPIN UBIN ‘A URIPI]N  UBJIA Suney
PIS ; PIS PIS NpaI)
asd suImnoy Yo01§ SuImoy puog

€L1°C JO [10) B 10J ‘G00T ‘1€ Joquiada 03 $00¢ ‘1 12qo10Q woij st potrad ojdures oy, ‘A1082)e0 [ora UT SANLINDAS ) JO SATRIIAR [IAI[-AILINOJS ) JO UOIBIAID PIEPUL)S PUE ‘UBRIPIW ‘Uedul o) 2jndwod
uoy) oM (AJINodas Yoes J0j payndwod 111y a1k sownjoA open Arep aferoae <)) [oued uf ‘K103a1ed Sumnel pajestpur o) ur A)3nba pue Spuoq Y UO SUINJAT AY) UIIMISq UOTIE[ALI0D snoduelodwojuod ageroe
oy Aerdstp &°Sd sumnjoo oy, "yueorad ur passerdxs dre sumnjor oy, -ofduwes payojewr sy} woly paynduios udy) are sumyar L3mbo oy, *oseqeiep OVI, oY) WOIJ SMOPUIM dJNUIU-IAY UT PAJOS[[0d 18 soorid
Kymbae oy a10ym ‘open A)nba juasar jsow ayy 03 paydjew st porrad Yo Jo aper) puoq Ise| Ay, ‘sinoy Surpen joxrewr A)nba Jo aprsino Jurf[e) sopen apnoxa om dIaYMm ‘(IN0Y) Aep Yord JO 9pe1) puoq Ise|

ay) Sursn paje[no[ed are suINAI puoq (AIoy) AJrep [enprarpuy Jasejep uonewnss o ur readde jey) spuoq pue s)00Js 9} JO SSWNJOA UOT)ORSULI) PUB SUINAI A} J0J sonsne)s Arewwuns sAedsip ajqes ay[,

swmay Are( v [oued

SOWIN[OA 9pel], Pue SWINAY puog pue Jo0iS :7 9[qel

'sKep ssaursnq g ¢ 19A0 sporrad uonea1asqo Ajnoy

29



(0000) (0000) (6L80) (seL1)  (L6T0O)  (99¥°0-)  (TPL9) (¢850) (ssLe)  (Lev'1)  (€8T0-)  (820°8)
810 [9¢'0  8¢¥'0l 1204! SI0°0 0€0'0  S000- 8000- LOTIO €00 SSTO0- 9600  6I00- L6y O puogd
(Tr0°0) (6£5°0) (1L0'1-)  (6S0T)  (9zr't)  (Sev0)  (veeT) (¢sLe)  (8¢1)  (@9T1-)  (L99°0-)  (T6€0)
€200 €000 9¢€C 8LE0 690°0- SE€I'0 ¥#L00 6C¢00 ¢T800 6860  ¥9¢€0- LTEO- vLI'O- ¥60°0 JomS
Jung
(0000) ¥16°0) (oL 1) (1907)  Or9T)  (619¢)  (#86°0) @r91-)  (zozo) (Liv'1)  (06€T)  (€#0°01)
8I€0 T7T9C0 S€6'S 100 12000 S200- 1€00 Tr0'0- 1100 ¥60°'0- 8100 00I'0  CTLIT'O- €790 puog
(€59°0) (080°0) (8650) (9910  (SL1'0) (€870  (281°0) (see0)  (6ss0)  (Fer0) (2000  (2T06°0)
LTOO- TI1I00- 1990 LLO'E Se0’0 I10°0- 1100 0€00- 1100 ¥0I'0  #0C0 9910 100°0- <2T0¢0 2018
ddd
(909°0) (018°0) osrt)  (10s0-)  (99%0-)  (T6S0)  (FTT1-) (608'1-)  (6z€'1)  (00s0)  (Sv9°0-)  (0€8%)
¥90'0 6900 ¥CLO 1#0°0 10’0 S00°0- <S000- 9000 €100 €01'0- 6L00 0€00 8€00- LLTO puogq
(€1°0) (L9L°0) 8s11)  (or0)  (6v€0) (9200  (9€T°0-) (1691)  (9¢00) (18100  (Lgg'1-)  (OFF0)
0100- TI00- 800°L 880°0 L90°0 €200 0C00 <CO000- ¥IOO- 8CS'0  TIOO- 6S00- ¢€€v0- 8€I'0 39018
\4
(L£6'0) (119°0) (pLzo)  (905°0-)  (£L880) (881°0) (19€0) 82’0 (6980) (€600)  (b¥1°0)  (S90°T)
ITO'0- 0000 SSC0 65T0 €000  S00°0- 6000 <TO00 +000 €20'0- 0500 <000 8000- 6I10 puogd
(S18°0) (69L°0) (cew1)  (ev10)  (0910)  (€€8°0)  (01L0°) (cLe1)  (oveo)  (Lzeo)  (STso-)  (8140)
9100- LO0O- L¥¥O 980°0 1L000 8000 6000 8¥0°0- 1+¥0°0- ey 180°0- CIT'0- 6L10- T¥10 2018
VA4
(L¥8°0) (€0L°0) (881°0) (60€0) (gc11)  (#2L0O)  (#200) (18v0)  (zoro)  (0s90) (#L10)  (LL6'T-)
010°0- 0000- <COv0 910 2000 000 €100 6000- 0000 8C0°0  LTOO 8¢00 OIOO SITO- puod
(998°0) (229°0) (180°0-)  (gzL0)  (€2s0))  (69L'1-)  (THL'0-) rsco)  (98¢0)  (LLL'0))  (91#0)  (068°0)
0100 0000 ¥LEO €veo S00'0- Tr0’'0  0€00- <TOI'0- €v0°0- ¢L0O0  OIT'0 €¢C0- 0cI'o €ST0 201§
\AA4
+umQ umQ 3ueln wng gs Vs €s ¢s Is 4q ¥q €q q Iq
SuINIaY YO01S pasde] suImay puog pessde]

y3noxyy 4007 ‘T 1290100 woiy st porrad dfdwes SYJ, "UMOYS SUOISSIIZAI A WO 3 -Pajsnipe Yy SAAIS  +UMQ,, PUE ‘SUINJOT JOYIBW-UMO PIZTe] A[UO SUIPN[OUT UOISSAISAI B WOIf dNsneIs 37-pajsnlpe
Ay} SMOYS  UMQ),, P[eqe[ UWN[OD Y, () O} [enba I8 $JUAIOYF0D JoIRW-SS0ID AY) JO [[B Jey sisoylodAy [[nu oy} Joj anfea-d pue onsnels- 7 Y} SAAIS  Jagueln),, *() S[enba sJUAIOLFA00 JONILW-SSOIO dY) JO
wins 3y jey sisayrodAy [[nu oY) 10j anfea-d pue dnsneIs- 7 ) SIAIS  WING,, "SIAIBUWINSI JUIIDYJA00 JY) YIeAUIq UMOYS I8 SINSIIRIS-7 1SNQOY "SABP 2AY 03 13 ST 7 YISuo[-Se[ Y[, "SULIy auies ay) Jo JI0)s

oy) woy pautioy orjojiiod parysom-A[enba ue uo wmyer Afrep oy st #'Sy pue ‘Suner pajeoIpul AY) PIm spuoq Jo orjojiiod payySom-A[renbs ue uo wmar Arep oy st * gy ¢ T,mﬁ g mL = %z a1ym
/

-ordwes oy ur papnpour are sapex) OO¢ ISL I8 YIIm spuoq A[UO pue ‘popn[oxa SI 1qap [qIILAU0D) "sAep Surpen Z[¢ Jo [10} B 10} ‘G00T ‘1€ 10quIada(]

= =2
‘43 4 .s\ﬁ.m‘m.sw N + N\w,mms N +0=1
T T

:uoneoy19ads dAISS2IZI10INE-10309A JJRLIBAIQ ) JO sojewinsd sAedsip 9[qe) ayJ,

suIny orjojuiod Anbg pue puog Ajreq :¢ Q[qel,

30



(0000) (0000) (€8¢1)  (6291) (gse€)  (corL)  (T69'S) were)  (se1°0)  (0£9€)  (ces8)  (811°6)

LLEO  OPE0  LE9EI 0IS16 ¢00'0  S000 I10°0 €200  8I00 LLOO  €00°0- T¢800 6810 86I°0 puog
(€vT0) (S¥S0) (€060) (¢66'0) (1sTT) (8sTT1)  (91S0) Lr90)  (96g0)  (€€8'1-)  (0S60)  (€12°07)
€000 1000 L9T'1 99¢°0 0c0'0 Cc0'0 000 8200 11070 8600 0900 6LT0- <TvI'0 1€0°0- 0018
qunf
(0000) (00070) ©L91)  (¢c0)  (68%'1)  (6LTT)  (996'9) W81'1)  (69T1)  (699F) (cz8'8)  (6vT9)
6£C0 SITO  868°L 660°Cy €000 9000 000 +000 1200 6200 €00 €¢IT'0 6610 SEI'0 puogq
(295°0) (0L1°0) (€r9°0) (T9s'1) (€820 (6v00-)  (98S°S) 086'1) (060T) (€11°00)  (S1L0°)  (€60°T)
€200 €200 8980 L8Y'1 100  #€0°0  900°0- 1000- 1I<CI0 €60 v6I'0 0200~ S8IT0- ¥LI'O 2018
dd4d
(LS¥0) (zsT0) (6LT0-)  (8sT0-) (Lz6'0-)  (95T°0-)  (88+'1-) Qrer)  (rse)  (esT)  (9g6T)  ($LO6)
8L0°'0 8L00 T86°0 cIel 100°0- 100°0- €000- 1000- ++000- 0€0'0 9S00 8S00 9900 9610 puogq
(€1L°0) (626°0) Loro) (sver-)  (691°0)  (L18°0)  (SvET) 0s00-)  (Trs'1-)  (L9L0-)  (8600)  (I8€1)
100°0- 0000- €IL0 800°0 2000 6200~ +00'0 8I00 1€0°0 600°0- 99C°0- <CEI'0- LIOO 6CC0O 2018
v
(LoL0) (S€5°0) 9z80)  O8%'1)  (Tko)  (OL¥0-)  (TSI'T) (1910)  (1L00) (1ye)  (@9L0)  (86LE)
2100 €100  6IL0 ¥8€°0 €000  S00°0 100°0- <200°0- +00°0 #00'0 2000 9L00 LIOO  +80°0 puogq
(#86°0) (286°0) €ivo)  (61€1)  (F0g0)  (20s0)  (IS¥'e) 0600) (6560 (2910 (1100  (108°0-)
[0000 000  L8CO 1000 6000  6C00- LOOO [T00  SLOO €100 ev1'0- $C0°0- <TO00- S8IT'0- 201§
VA
(Tr6'0) ($sT°0) ©0100) (2060 (68%0) (1010) (1€8°0°) (69°0)  (cov'e)  (vLT)  (€L9¢)  (20S9-)
¢c00 ¥eoo  TIYO 86T’ 1 0000  S00°0- €000 10000 €000 SI0°0- LLOO- 0900- 0800- OvI'0- puogd
(L£6°0) (rre0) (6cL°0-)  (Lso'1-)  (L1iLo)  (9zvo)  (L6S0) (cerr)  (ze0)  (6eL'00) (Pbe0)  (099°0)
00°0- 100°0- 1y O 9680 9100- €200~ SI00 6000- €100 8600 0800 #¥90°0- 1200 9S00 Yo01S
\AA4
+umQ umQ R3ueln) wWng s Vs €s ts Is <q 7q €q Zq Ig
SuIMY Y001S pa3se| suImay puog passe]
-odues ay)

Ul Popnjoul 9Je sopex )0¢ ISe9[ Je YIIM Spuoq AJUO pue ‘Papnioxa SI Jqop [qNISAUOCD) “S[BAIUI A[INOY ¢/ [‘7 JO [810) © JOJ ‘GOOT ‘1€ Joquiaod( ysnoiy +00¢ ‘1 1290100 woij st porrad ojdures oy, ‘umoys
SUOISSAITAI oY) WOLJ 37 -PASOIPE 3y} SAALS  +UMQ,, PUE ‘SUINIAI JONTRW-UMO PIFTe[ A[UO SUIPN[OUT UOISSAISAI B WOIY JNSHEIS 37 -pajsnipe ay) smoys  umQ,, PA[2qe] utn[od 3y, *() 03 [enba are sjusroyjood
JOYTEW-SSOIO 9} JO UQ) [[e Jey) s1seyjodAy [nu oy} 10J onfeA-d pue onsneIs-,J oY) seAIS  Jo3ueln),, *() s[enba sJusIoyyo0o 1oy IeW-SSOI0 US) 9y} Jo wins ay) Jey) sisayiodAy [[nu o) J0J anfea-d pue dnsnels-.J
A} SOAIS  WING,, "SOJBWINSI JUSIOYJI0I Y] YIBAUAQ UMOYS dIB SONSNL)s-7 IsNqoy "A11AdIq 0] SJUSIOLYF0d Aoy 9AY Ise[ oY) ssarddns om (sInoy ua) 03 39 SI 77 ISUS[-3e[ S [, "SWLIY dWes A} JO JJ0Is Y}

w1y paurioy orjoyiod paySrom-Ajenba ue uo wimax ALInoy ay st *'Syy pue ‘Suner pajedIpuI AY) YPIm spuoq Jo orjojiiod parySom-A[enba ue uo uiar Aoy ayy st Py ¢ Trmﬁ ;‘MML = 7z a1oym
/

=1 =1
‘13 4 le"mmﬁmw + le"mmsw +0o =1
T T

:uoneoy19ads 9AISS2ISAI0INE-10109A Y} JO SjeWNS sAe[dSIp 9[qe) ay [,

suIny orjojuiod Anbyg pue puog A[InoH :4 9[qel

31



Table 5: Security-Level Hypothesis Test Results

The table displays the results of hypothesis tests on the security-level coefficient estimates for the vector-autoregressive specification:

L L

Zjt = Cj + E bijRpt—ij + E si,jRst—ij + €5t
i=1 =1

where z; ¢ = [RB,t,j7 Rs,w] ,, Rp 4, is the return on bond j at time ¢t and R4, ; is the return on stock j. We set L = 5 at the daily frequency
and L = 10 at the hourly frequency based on the Akaike Information Criterion. The last five lags at the hourly frequency are suppressed for
brevity; our hypothesis tests are based on all ten lags. The statistic “Sum” gives the proportion of bonds or stocks for which the F'-statistic for the
null hypothesis that the sum of the cross-market coefficients equals O is statistically significant at the 95% level. The statistic “Granger” gives the
proportion of bonds or stocks for which the F'-statistic for the null hypothesis that all of the cross-market coefficients are equal to 0 is statistically
significant at the 95% level. The sample period is from October 1, 2004 through December 31, 2005, for a total of 2,173 hourly observation intervals
over 312 trading days. Convertible debt is excluded, and only bonds with at least 700 (100) hourly (daily) return observations are included.
Share of Sample Rejecting H

Daily Hourly
Sum  Granger Sum  Granger

AAA

Stock  0.037 0.080 0.013 0.094
Bond 0.055 0.043 0.038 0.050
AA

Stock  0.063 0.058 0.057 0.103
Bond 0.118 0.099 0.106 0.103

Stock  0.049 0.062 0.049 0.091
Bond 0.046 0.060 0.058 0.082
BBB

Stock  0.092 0.113 0.077 0.148
Bond 0.191 0.340 0.361 0.348
Junk

Stock  0.064 0.111 0.091 0.191
Bond 0.620 0.563 0.549 0.487

32



Table 6: The Relation between Bond Returns, Equity Returns and Treasury Rates
This table reports results of the regression:

L L L L
Ryy=a+Y PBpiRpii+» PriRrii+ Y BspiRspi—i+ Y BsiRsii+et,
i=1 i=0 i=0 i=0

where Ry, ; is the return on an equally-weighted portfolio of the bonds in the given rating category, R is the return on
the on-the-run 5-year Treasury note, RR5p; is the return on the S&P 500 index, and Rg ; is the return on the portfolio
of equities associated with the bonds in the sample. Panel A presents results for daily returns, Panel B presents results
for hourly returns. The lag length L is set to five for daily returns and ten for hourly returns. Standard errors are
calculated using Hansen’s (1982) generalized method of moments, and p-values for tests of the null hypothesis that
the sum of the coefficients equals zero are shown in parentheses. The sample period is October 1, 2004 - May 31,
2005, resulting in 1,155 (165) hourly (daily) observations.

Panel A: Daily Returns

Credit

. L L L L -
Rating ; BB ;0 Br, ;) Bsp, Z:O Bsi Adj.-R
AAA -0.030 0.324 -0.021 0.018 0.056

(0.878) (0.067) (0.768) (0.804)

AA 0.178  0.277 0.088 -0.037 0.112
(0.232) (0.049) (0.117) (0.435)

A 0.280  0.261 0.092  -0.054 0.297
0.015) (0.034) (0.156) (0373)

BBB 0553 -0.138 -0.064 0.044  0.520
(0.000) (0.488) (0.573) (0.567)

Junk 0482  0.028 0.109  0.096  0.552
(0.001) (0.861) (0.310) (0.131)

Panel B: Hourly Returns

Credit

‘ L L L L R
Rating ; BB Z:o Br,i Z:o Bspi Z:o Bsi Adj.-R
AAA  -0.353 0.229 -0.002  -0.018 0.030

0.013) (0.013) (0.968) (0.633)

AA 0.182 0.186  0.024  0.005 0.036
(0.095) (0.025) (0.253) (0.769)

A 0477 0.120 -0.003  0.002  0.116
(0.000) (0.048) (0.897) (0.922)

BBB 0.675 0.027 -0.071 0.070  0.437
(0.000) (0.575) (0.007) (0.000)

Junk  0.544 -0.011 -0.057 0.148  0.205
(0.000) (0.865) (0.189) (0.000)
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Table 8: Hypothesis Test Results, Convertible Bonds

The table displays the results of hypothesis tests on the security-level coefficient estimates for the vector-autoregressive specification:

L L

Zjt = Cj + E bijRpt—ij + E si,jRst—ij + €5t
i=1 =1

where z; ¢ = [RB,t,jy Rs7t,]':| l, Rp 4, is the return on convertible bond j at time ¢ and Ry ; is the return on stock j. We set L = 10 based
on the Akaike Information Criterion. The last five lags are suppressed for brevity; our hypothesis tests are based on all ten lags. The statistic
“Sum” gives the proportion of bonds or stocks for which the F-statistic for the null hypothesis that the sum of the cross-market coefficients equals
0 is statistically significant at the 95% level. The statistic “Granger” gives the proportion of bonds or stocks for which the F'-statistic for the null
hypothesis that all of the cross-market coefficients are equal to 0 is statistically significant at the 95% level. The sample period is from October 1,
2004 through December 31, 2005, for a total of 2,173 hourly observation intervals over 312 trading days. Only bonds with at least 700 hourly return
observations are included in the sample.
Share of Sample
Rejecting Hy
Sum  Granger

AA
Stock  0.000 0.000
Bond 0.286 0.429

Stock  0.000 0.038
Bond 0.808 0.769
BBB

Stock  0.050 0.050
Bond 0.750 0.683
Junk

Stock 0.010 0.150
Bond 0.740 0.720
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Table 10: Profitability

This table presents results concerning the economic profitability of a trading strategy which goes long (short) the bonds

of firms whose equity return was above (below) the average equity return in the prior period. Panel A (C) presents

returns where portfolios are formed based on hourly returns for non-convertible (convertible) bonds, while Panel B

(D) presents results where portfolios are based on daily returns for non-convertible (convertible) bonds. For hourly

returns, the portfolios are held for either 1 hour or 1 full day. For daily returns, the portfolios are held for either 1 day

or 1 full week. The average holding period percentage profit (“Mean Profit”) and the total cumulative percentage profit

for the entire sample period (“Total Profit”) are shown for each rating category. There are no AAA-rated convertible

bonds in the sample.

Panel A: Hourly Returns — Non-Convertible Bonds

Hold for 1 hour Hold for 1 day
AAA AA A BBB  Junk AAA AA A BBB  Junk
Mean Profit -0.000 0.000 -0.000 0.000 0.000 -0.000 0.000 -0.000 0.000 0.000
Total Profit -0.051 0.012 -0.008 0.008 0.408 -0.019 0.008 -0.002 0.043 1.021
Panel B: Daily Returns — Non-Convertible Bonds
Hold for 1 day Hold for 1 week
AAA AA A BBB  Junk AAA AA A BBB  Junk
Mean Profit 0.000 -0.000 0.000 0.000 0.002 0.001 -0.000 0.000 0.000 0.003
Total Profit 0.076 -0.016 0.019 0.014 0.559 0.175 -0.008 0.014 0.016 1.027
Panel C: Hourly Returns — Convertible Bonds
Hold for 1 hour Hold for 1 day
AAA AA A BBB  Junk AAA AA A BBB  Junk
Mean Profit N/A  0.000 0.000 0.000 0.001 N/A 0.000 0.001 0.001 0.002
Total Profit N/A  0.081 0.585 0476 1.141 N/A  0.012 1.705 1.572 3.685
Panel D: Daily Returns — Convertible Bonds
Hold for 1 day Hold for 1 week
AAA AA A BBB  Junk AAA AA A BBB  Junk
Mean Profit N/A  0.000 0.001 0.002 0.005 N/A  -0.000 0.002 0.002 0.009
Total Profit N/A 0.032 0.455 0.618 1.532 N/A  -0.019 0.664 0.547 2.696
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