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Are Capital Market Anomalies Common to
Equity and Corporate Bond Markets?

Abstract

We investigate whether the cross-section of corporate bond returns exhibit anomalies similar
to those in stocks. Equity market capitalization, profitability, and asset growth negatively
predict corporate bond returns, and equity returns positively predict one-month-ahead bond
returns. Since smaller, unprofitable firms should be more risky, and firms with high asset
growth (or high real investment) should have lower required returns, the evidence indicates
that corporate bond returns accord with the risk-reward paradigm. Stock markets lead
bond markets, consistent with equities aggregating diverse information and transmitting it
to bonds. Overall, however, bonds are efficiently priced within our estimated transaction
cost bounds, and equity predictor-based Sharpe ratio magnitudes are largely consistent with

risk-based pricing.



Firms finance their assets using a mixture of debt and equity claims. As per the neoclassical
risk-reward (RR) paradigm, the required return on a firm represents a reward for risk borne
by investors in the firm and thus depends on returns expected on both debt and equity.
There is a large literature exploring the determinants of average equity returns. This liter-
ature generally attributes the predictive ability of various characteristics to risk, frictions,
or behavioral aspects of investors. For example, the book/market effect is attributed to
distress risk in Fama and French (1993). Return predictors linked to asset growth (Cooper,
Gulen, and Schill (2008)) and profitability (Fama and French (2008)) have been rationalized
within the RR paradigm, in the context of the g-theory of the firm (Hou, Xue, and Zhang
(2014)). Short-horizon (monthly and weekly reversals documented by Jegadeesh (1990) and
Lehmann (1990)) have been attributed to frictions such as illiquidity (Jegadeesh and Tit-
man (1995) and Nagel (2012)). Hirshleifer and Teoh (2003) and Hirshleifer, Lim, and Teoh
(2011) attribute the ability of accounting accruals and earnings surprises to predict returns
to limited attention. Momentum over three to 12 month horizons (Jegadeesh and Titman
(1993)) has been motivated by overconfidence and self-attribution (Daniel, Hirshleifer, and
Subrahmanyam (1998)) as well as the conservatism bias and the representativeness heuristic
(Barberis, Shleifer, and Vishny (1998)). The idiosyncratic volatility anomaly discovered by
Ang, Hodrick, Xing, and Zhang (2006) has also been attributed to investor misreaction in
Stambaugh, Yu, and Yuan (2015).

While a voluminous body of work documents characteristics that predict equity returns
(see Harvey, Liu, and Zhu (2015) for a comprehensive summary), there is as yet only lim-
ited evidence for whether these predictors also apply to the bond market. Motivated by
this observation, we examine whether equity return predictors also explain cross-sectional
variation in average bond returns. We seek to answer the following research questions: Do
corporate bond returns exhibit anomalous behavior similar to that in equities? And, if so,
are the anomalies consistent with risk pricing, frictions, or behavioral biases? And, does

the magnitude of return predictability in corporate bonds permit arbitrage profits beyond



transaction cost bounds?

Regarding the role of investor biases in explaining average returns, we note at the outset
that one reason for why such biases may not manifest themselves in the corporate bond
market is because this market is dominated by institutions, and Barber, Lee, Liu, and
Odean (2009) suggest that institutions tend to be more sophisticated than individuals.®
Indeed, Edwards, Harris, and Piwowar (2007, EHP henceforth) document a median trade
size of $240,600 in the corporate bond market and find that transaction costs are lower for
larger trades suggesting that institutions are likely to be the typical traders in bonds.? While
this a priori reasoning is suggestive that the market for corporate bonds may in fact be quite

efficient, our empirical tests are able to shed light on whether this is actually the case.

In our analysis, we examine the relation between equity return predictors and expected
bond returns, while controlling for bond return determinants, using an extensive panel of
corporate bonds from 1973 to 2014. Our data are assembled from four distinct data sets,
namely, the Lehman Brothers Fixed Income Database, TRACE, Mergent FISD/NAIC, and
Datastream. To establish a clear link between corporate bonds and equities, we work with
returns on corporate bonds in excess of returns on the Treasury bonds with the same cash
flow schedule as the corporate bonds. Unlike maturity matching or duration matching, our
measure of excess returns is in principle not affected by any change in Treasury yield curves.
Thus, we are able to isolate returns on corporate bonds due to shocks to issuer’s default
risk from Treasury bond returns. This allows us to focus on the bond-equity relationship
while abstracting from interactions of bond returns with Treasury yields. To our knowledge,
a comprehensive analysis of the cross-section of average bond returns and its link to stock-

market-based anomalies has not previously been conducted.

1On the other hand, some papers have suggested that institutions and other sophisticated agents are also
subject to behavioral biases. See, for instance, Haigh and List (2005), Locke and Mann (2005), Pope and
Schweitzer (2011), Jin and Scherbina (2011) and Cici (2012).

2This may be the case because bonds are insufficiently volatile to attract individual investors (Kumar
(2009)).



We run Fama and MacBeth (1973, FM henceforth) regressions and perform long-short
portfolio analyses of excess bond returns on lagged equity characteristics. The robust results
across regressions and portfolio analyses are that size, momentum, lagged equity returns,
profitability, and asset growth forecast bond returns, but other variables such as accruals,
SUE, and idiosyncratic volatility do not. The economic significance of the predictability is
higher for junk bonds than it is for investment-grade bonds. However, the signs of forecasting
regressions for some variables are the opposite of the corresponding ones for equities. Thus,
the sign of the coefficient on lagged equity returns is positive while the sign of the coefficient

on profitability is negative.

The positive sign on the one-month lagged equity return is consistent with the notion
that stocks aggregate diverse information (Hellwig (1980)) and transmit it to bonds.® The
negative sign on asset growth has been rationalized by Hou, Xue, and Zhang (2015) in the
context of the g-theory of the firm. The idea is that firms are likely to invest heavily if
the expected return on equity (and bonds) is sufficiently low. Also, higher asset growth
will provide more collateral to bondholders, thus reducing bond spreads. If large firms and
highly profitable firms are less risky,* then our profitability results also are consistent with
the view that risk is positively priced in the bond market, possibly due to this market’s more

sophisticated clientele.

While these arguments suggest risk is priced in bond markets, we do control for standard
risk factors, and find that our results survive. We regress hedge portfolio returns on the Fama
and French (1993) factors (the bond-market-related term and default factors as well as the
equity market, firm size, and value factors), the Fama and French (2015) factors (market,

firm size, value, investment, and profitability factors) and the Pastor and Stambaugh (2003)

3Even if debt market investors are more sophisticated than those in the stock market, the stock market,
with its greater liquidity and larger clientele, can aggregate information beyond that possessed by bond
market investors (Subrahmanyam and Titman (1999)).

4Highly profitable firms are more likely to generate healthy amounts of cash from operations and thus
have a reduced likelihood of default.



liquidity factor,® and find that the alphas of the portfolios are essentially unchanged from the
raw returns. Further, in FM regressions, after controlling for a distance-to-default measure
and adjusting returns for risk via factor models, we continue to find evidence of characteristic-

based predictability.

The fact that our results survive after standard risk controls suggests that these controls
might be incomplete. Therefore, we investigate whether the magnitudes of Sharpe ratios
obtained from hedge portfolio returns and alphas accord with risk-based arguments. We
do this by statistically comparing Sharpe ratios to the MacKinlay (1995) threshold, below
which the ratio accords with missing risk factors. We find that only the lagged monthly

equity return yields a Sharpe ratio that robustly exceeds the MacKinlay threshold.

We also examine the impact of transaction costs on the economic significance of bond
return predictors. We use two different estimates of transaction costs. First, we use effective
bid-ask spreads calculated from autocovariances of bond returns following Bao, Pan, and
Wang (2011, BPW henceforth). Second, we use effective trading costs estimated from an
econometric model by EHP (2007). We find that after adjusting for transaction costs, the
strategy based on lagged equity returns yields mostly negative returns (an exception is
positive, albeit statistically insignificant at 5% level, returns in the sample of junk bonds
from one-month lagged equity return using EHP cost estimates). After accounting for trading
frictions, only firm size continues to consistently yield positive average returns. However,
none of the Sharpe ratios net of transaction costs are statistically higher than the MacKinlay
(1995) threshold. All of this evidence implies that bond markets tend to be efficiently
priced up to transactions costs, although predictors of corporate bond returns do share

commonalities with those of equity returns.

In two papers most closely linked to ours, Gebhardt, Hvidkjaer, and Swaminathan (2005a,

5For our extended sample period, bond liquidity measures are not readily available as we do not have data
at greater than a monthly frequency for part of the sample. However, since bond and stock liquidity levels
are positively correlated (Maslar (2013)), the Pdstor and Stambaugh (2003) stock liquidity factor potentially
also applies in the bond market.



2005b) also consider the cross-section of expected bond returns. The major differences be-
tween their work and ours is that they use a subset of our data (the Lehman Brothers
database from 1973 to 1996), and do not consider whether stock-market-based anomaly
variables play a role in corporate bond markets. Further, our methodology focuses more on
ascertaining whether the stock-related characteristics influence corporate bond returns after
accounting for risk-adjustment, and whether the signs and magnitudes of these influences
accord with risk-based pricing.® Thus, we adjust corporate bond returns for risk by consid-
ering the cross-sectional determinants of risk-adjusted returns, as in Brennan, Chordia, and
Subrahmanyam (1998). Like Gebhardt, Hvidkjaer, and Swaminathan (2005b), we also find
a strong influence of past stock returns on future bond returns. However, we are able to
show that stock characteristics matter for corporate bond returns beyond the influence of

stock momentum.

After completing work on the initial version of our paper, we became aware of an in-
dependent but closely related paper by Choi and Kim (2014). These authors consider the
impact of six anomalies on the cross-section of corporate bond returns. Among other re-
sults, they find that asset growth is negatively related to corporate bond returns but that
profitability is not significant. We use a longer sample period and a broader set of equity
return predictors.” Our results are different as a consequence. Thus, in our sample, while
asset growth does predict corporate bond returns, profitability is also priced; in addition, we

document a strong lead from monthly equity returns to monthly bond returns.

There is a related literature that studies the pricing relationship between corporate bonds

and equities. Based on Merton (1974), Collin-Dufresne, Goldstein, and Martin (2001) regress

6Gebhardt, Hvidkjaer, and Swaminathan (2005a) also consider duration and ratings. However, since we
consider corporate bond returns net of those on matching Treasury bonds, the need to control for interest
rate sensitivity is mitigated in our analysis. To allow for the fact that ratings have an important impact on
bond returns we control for the distance to default in our analysis. In addition, we present results separately
for investment grade and junk bonds.

"Choi and Kim (2014) use the Reuters Fixed Income Database and the Lehman Brothers Fixed Income
database for their sample spanning 1979 to 2012. We use four data sets to construct a sample spanning
the period 1973-2014. Also see Crawford, Perotti, Price, and Skousen (2015) who analyze accounting-based
variables to predict bond returns using Datastream and TRACE data from 2001 to 2011.



changes in credit spreads on equity returns and other state variables, and find that the
explanatory power of these regressions is rather low. Schaefer and Strebulaev (2008) and
Bao and Hou (2013) find that the empirical patterns in the comovements of short-term and
long-term bonds with equities are consistent with the Merton model. Bai, Bali, and Wen
(2014) analyze the relation between bond return moments and bond returns. In contrast to
these papers, our principal focus is the relation between equity characteristics and corporate

bond returns.

In addition, our paper is linked to work that analyzes the pricing implications of credit
risk on equities. Vassalou and Xing (2004) construct a credit risk measure based on distance-
to-default while Campbell, Hilscher, and Szilagyi (2008) construct bankruptcy indicators to
forecast stock returns. Anginer and Yildizhan (2013) find credit spreads of corporate bonds
explain cross-sectional variations in the equity risk premium, and Friewald, Wagner, and
Zechner (2014) find that credit risk premia implied by CDS spreads are priced in equity
markets. We complement these studies by, instead, linking bond returns to equity return

predictors.

Another related paper is Jostova, Nikolova, Philipov, and Stahel (2013) (henceforth,
JNPS), which shows that there is significant momentum in corporate bond returns (gross
of corresponding Treasury bond returns) even after accounting for exposures to systematic
risks or transaction costs. We find that there is indeed a cross-momentum effect from equity
returns to bond returns in our sample. However, in our multivariate analysis, we find that
there is limited evidence of own-momentum for corporate bond returns in excess of that on
matching Treasury bonds in the presence of other equity return predictors (though there is
momentum in gross corporate bond returns). Thus, the results of JNPS are quite robust,

but are influenced by momentum in the Treasury bond market.

Overall, our work distinguishes itself from earlier research by examining several potential

sources of commonalities in the determinants of average bond and equity returns. Perhaps



the most relevant message is that the empirical relevance of rational risk-reward models in a
class of securities may depend on the sophistication of the clientele holding those securities.
Specifically, our evidence suggests that the relatively sophisticated institutions who dominate

corporate bond markets price risk in the neoclassical sense.

The rest of this paper is organized as follows. Section 1 discusses the corporate bond data
and our construction of bond returns. Section 2 presents the main results on the relation
between equity characteristics and corporate bond returns. We analyze the Sharpe ratios
of hedge portfolios and the impact of trading costs on portfolio returns in Section 3, and

conclude in Section 4.

1 Corporate Bond Data and Bond Returns

1.1 Data

We obtain prices of senior unsecured corporate bonds from the following four data sources:
(1) From 1973 to 1997, we use the Lehman Brothers Fixed Income Database which provides
month-end bid prices. Since Lehman Brothers used these prices to construct the Lehman
Brothers bond index while simultaneously trading the index components, the traders at
Lehman Brothers had an incentive to provide correct quotes. Thus, although the prices
in the Lehman Brothers Fixed Income Database are quote-based, they are considered to
be reliable (Hong and Warga (2000)). Some observations are dealers’ quotes while others
are matrix prices. Matrix prices are set using algorithms based on quoted prices of other
bonds with similar characteristics. Though matrix prices are less reliable than dealer quotes
(Warga and Welch (1993)), we include these prices to maximize the power of our tests.®
(2) From 1994 to 2011, we use the Mergent FISD/NAIC data. This database consists of

actual transaction prices reported by insurance companies. (3) From 2002 to 2014, we use

8In the Appendix Table A2, we show that our results are robust to the exclusion of matrix prices.



the TRACE data which also provides transaction prices. TRACE covers more than 99% of
the OTC activities in the US corporate bond markets after 2005. The data from Mergent
FISD/NAIC and TRACE are transaction-based, and the observations may not be exactly
at the end of the month. We use only the observations that are in the last five days of each
month. If there are multiple observations in the last five days, we use the last one and treat
it as the month-end observation. (4) Finally, we obtain month-end quotes from 1990 to 2011

from the Datastream database.

To remove data that seem unreasonable, we apply the following three filters: (i) we
remove prices that are less than one cent per dollar, or more than the prices of matching
Treasury bonds; (ii) we remove observations if the prices appear to bounce back in an extreme
fashion relative to preceding days; specifically, denoting R; as the date t return, we exclude
an observation at date t if Ry Ry, < —0.02 for k = 1,...,12; and (iii) we remove observations
if prices do not change for more than three months. The filters above reduce our sample

sizes by 9.5%, 1.3%, and 7.2%, respectively.

As our data obtain from different sources, we check for differences/similarities across the
various databases. Table A1 in the Appendix shows that the Datastream sample has higher
returns and higher autocorrelations in bond excess returns that those in the other datasets.
We also find that there are many missing values in Datastream and the prices often do not
change for more than several months. Appendix Table A2 shows that our main results are

robust to the exclusion of Datastream data from our sample.

Given that there are overlapping observations among the four databases, we prioritize
in the following order: the Lehman Brothers Fixed Income Database, TRACE, Mergent
FISD/NAIC, and Datastream. As JNPS (2013) find, the degree of overlap is not large
relative to the total size of the dataset, with the overlap being less than 6% across all the
datasets. To check data consistency, we examine the effect of our ordering by reversing

the priority. We show in the Appendix Table A2 that our main empirical findings are not



sensitive to our ordering choice.

The Lehman Brothers Fixed Income Database and Mergent FISD/NAIC provide other
characteristics specific to the issuer of bonds, such as the maturity dates, credit ratings,
coupon rates and optionalities of the bonds.” We remove bonds with floating rates and with
any option features other than callable bonds. Until the late 1980s, there are very few bonds
that are non-callable. Removing callable bonds reduces the length of the sample period
significantly and, therefore, we include these bonds in our sample. As the callable bond
price reflects the discount due to the call option, the return on these bonds may behave
differently from the return on non-callable bonds. We address this concern by adding fixed
effects for callable bonds, and show in the Appendix Table A2 that our results are not

sensitive to this feature of the data.

We merge all four bond databases using the CUSIP identifiers at both the firm and issue
levels. Since CUSIP identifiers vary over time, we also use historical CUSIP of CRSP and
the RatingXpress of Compustat to match issuers and issues. Finally, we manually match

remaining issuers based on the ticker information provided by Bloomberg’s BDP function.

After matching the equity and accounting information (data described later) to the bond
observations, we have an unbalanced panel of around 925,000 bond-month return observa-
tions with 18,850 bonds issued by 3,588 firms over 504 months. Our sample size is smaller
than that of JNPS (2013) as we only use observations of listed firms that can be matched to
both equity returns and accounting information. In the analysis to follow, we perform two
types of regressions. The first type uses all available bonds. The second type, a robustness
check, uses one bond per firm. For this second category, we require at least 50 firms per
month to run our regressions. After applying our filtering criteria, owing to irregularities in
Mergent FISD/NAIC and Datastream, we omit the period from May 1998 to March 2001

for the robustness check, during which we do not have enough firms in our sample to run

9Mergent FISD provides relatively limited price information but does provide comprehensive information
on bond characteristics since 1994.



the regressions reliably.

1.2 Bond Returns

The return on corporate bond ¢ is:

Py + Al i
Ri-’tE ¢+ ¢+ -+ Coupony, 1, (1)
Py 1+ Al

where Pj; is the price of corporate bond 7 at time ¢, Al;; is the accrued interest, and Coupon;;
is the paid coupon. To obtain a clear relationship between corporate bonds and equities, we
need to account for variation in the risk-free return. In order to abstract from Treasury bond
returns, we construct an “excess return” on corporate bonds. First, we define the return on
a synthetic Treasury bond that has the same coupon rate and the repayment schedule as the

1th corporate bond as:
;o PZ{ + Al + Coupongy

Rl =" ~1
Py + AL

: (2)

where PZ{ is the price of the synthetic matching Treasury bond. To construct PZ{ for all
corporate bonds in the sample, we interpolate the Treasury (par) yield curve (data from the
Federal Reserve Board) using cubic splines and construct zero coupon curves for Treasuries
by bootstrapping. Each month, for each corporate bond in the dataset, we construct the
future cash flow schedule from the coupon and principal payments. We then multiply each
cash flow with the zero coupon Treasury bond price with the corresponding time to maturity.
We match the maturity of the zero coupon Treasury prices to the cash flow exactly by linearly
interpolating continuously compounded forward rates from the on-the-run yield curve. We
add all the discounted cash flows to obtain the synthetic Treasury bond price whose cash
flows exactly match those of the corporate bond. We repeat this process for all corporate

bonds at each month to obtain the panel data of matching Treasury bond prices.

10



The excess bond return that we use for our analysis is:

Since the synthetic Treasury bond has the same future cash flow as the corporate bond, R;
is not affected by any movements in Treasury yield curve. In other words, by examining R,
we focus on the bond return driven by influences specific to the corporate bond market. It is
possible to calculate excess bond returns using other methods. Thus, one can use a maturity-
matched Treasury bond or a duration-matched Treasury bond to compute a credit spread
or an excess return. Using a maturity-matched Treasury bond can cause excess returns to
move mechanically because of shocks to Treasury yield curves, since coupon rates, in general,
differ across corporate and Treasury bonds. If we use a duration-matched Treasury bond,
the excess return will be immune to a parallel shift in a Treasury yield curve but will be
affected by a change in the slope or the curvature of the yield curve. Our measure of the
excess return on a corporate bond is unaffected by any change in a Treasury yield curve and

thus more suitable for our study on the bond-equity relationship.!?

1.3 Descriptive Statistics

Table 1 presents the summary statistics of excess returns on corporate bonds. The table
shows the aggregate statistics, as well as the breakdown based on credit ratings. The corpo-

rate bonds are classified either as investment grade (IG) or as non-investment grade (junk).

Within IG, there are AAA/AA-rated (denoted AA+), A-rated and BBB-rated bonds.

Bond characteristics are presented separately by credit ratings for the following reasons.

First, according to structural models of debt such as Merton (1974), a bond that is close to

10Gtrictly speaking, cash flow matching is still not perfect for a corporate bond that is close to default.
The cash flow of such a bond is likely to be accelerated rather than paid as scheduled. This acceleration can
invalidate the cash flow matching process. We nonetheless use this matching method as we are not able to
identify an alternative method not susceptible to the issue arising from accelerated payments upon default.

11



default should behave more like equity while a high-rated bond should be relatively closer to
riskless debt in its behavior (Baker and Wurgler (2012)). Thus, it is reasonable to conjecture
that the effect of equity anomalies on corporate bonds differs across credit ratings and that
investor biases are more likely to manifest themselves in junk bonds. Second, transaction
costs for low-grade bonds tend to be higher than those for high grade bonds (Chen, Lesmond,
and Wei (2007)). If the equity anomalies only affect junk bonds but not IG bonds, then such
predictability may be expensive to exploit. For the above reasons, it is important to check

whether the anomalous returns are pervasive across credit ratings.

The top panel of Table 1 shows distributions of the excess returns on the corporate
bonds for each category. The mean monthly excess return is 0.11% for all bonds and it
decreases monotonically with bond rating. IG bonds earn lower excess returns than junk
bonds. Returns on junk bonds are more volatile than IG bond returns as evidenced in their
higher standard deviation. The first order autocorrelation, AR1, is generally negative. AR1
drops in magnitude with credit rating, from —0.29 for AA+ to —0.01 for junk bonds. The
sum of the first six autocorrelations also increases monotonically with ratings, from —0.29
for AA+ bonds to 0.02 for junk bonds. The negative AR1 suggests monthly reversals. We

will test this more formally in a multivariate setting.

The bottom panel of Table 1 shows various characteristics of bonds and their issuers. The
total number of bond-month observations is 924,859 including 8,064 for non-rated bonds. As
there are more IG bonds outstanding and they are more frequently traded, we have more
observations on such bonds (726,163 or 79.21% of the total number of observations) relative
to junk bonds (190,631 or 20.79% of the total number of observations). The number of
observations with zero price change is a measure of bond liquidity. Overall, only 1.8% of

observations correspond to zero price changes.!! This low ratio shows that the corporate

1While bonds are thinly traded (e.g., EHP (2007)), prices can change without trading due to quote
updating. Also, while Chen, Lesmond, and Wei (2007) use zero return observations to measure liquidity,
due to accrued interest, a return is not zero even when the price does not change. So, in Table 1 we show
the number of observations with no price change rather than a zero return.

12



bond prices in our sample are fairly variable and likely to be informative about the link

between bonds and equities.

IG bonds also constitute a larger fraction of the total market value (76.7% of the to-
tal bond market capitalization in our sample) than junk bonds (22.2%). This means that
value-weighted bond portfolios, which we study later in the paper, are likely to be more
representative of IG bonds than equal-weighted ones. However, as the ratio of the number of
observations across the two categories is not very different from the ratio of the market val-
ues, the difference between equal- and value-weighted portfolios may not be that significant
(this is not the case for micro-cap and large stocks in Fama and French (2008)). Time-to-
maturity (Mat) seems to differ little across rating categories, though junk bonds tend to have
shorter maturities, possibly because investors are reluctant to lend long-term to firms with
higher credit risk. The overall correlation between equity returns and bond excess returns

is modest at 0.2 for the entire sample, which is consistent with Collin-Dufresne, Goldstein,

and Martin (2001).

We also consider characteristics of the issuers of bonds. We classify issuers as Micro
if their market capitalization is below the 20th percentile, Small if their capitalization is
between the 20th and 50th percentiles, and Big if their capitalization is above the 50th
percentile (the percentiles are calculated using NYSE breakpoints). In our sample, 80.3% of
observations are of big firms, 13.6% of small firms, and only 6.0% of micro-cap firms. We
find that junk bonds are issued more often by smaller firms; 20.1% of the observations for

junk bonds are from the micro-cap firms as compared to 1.1% of IG bonds.

Our bond sample is, thus, strikingly different from the equity sample of Fama and French
(2008). Fama and French report that 1,831 firms out of a total of 3,060 correspond to micro
stocks and only 626 firms correspond to big stocks (using the 20th and 50th percentile
breakpoints for NYSE firms’ equity market capitalizations). They also find that some return

predictors (such as asset growth and profitability) work only for micro stocks and have weak

13



or no predictability for big stocks. This observation leads to a caveat in our study; namely,
that some equity return predictors may not forecast bond returns simply because corporate

bonds are issued mostly by big firms in our sample.

2 Equity Return Predictors and Corporate Bond Ex-

pected Returns

2 We obtain equity

Our sample consists of all publicly traded firms with a bond issue.!
returns from CRSP and accounting information from Compustat. All accounting variables
are assumed to become available six months after the fiscal-year end while market-related

variables (returns and prices) are assumed to be known immediately. We construct the

following equity return predictors.

1. Size (log MC): the natural logarithm of the market value of the equity of the firm (in
millions of dollars). See Banz (1981) and Fama and French (1992).

2. Value (log B/M): the natural logarithm of the ratio of the book value of equity to the
market value of equity. The book value is calculated as in Fama and French (2008).

See Chan, Hamao, and Lakonishok (1991) and Fama and French (1992).

3. Momentum (R.,(2,6)): the cumulative 5-month return on equity. See Jegadeesh and

Titman (1993).

4. Past month’s equity return (Re,(1)): the stock’s return, lagged one month. See Je-
gadeesh (1990).

5. Accruals (Ac/A): the ratio of accruals to assets where accruals are defined as the

change in (current assets — cash and short-term investments — current liabilities +

120ur results are virtually unchanged when we exclude financial firms (SIC codes between 6000 and 6499,
and between 6700 and 6999).

14



10.

short-term debt + taxes payable) less depreciation. See Sloan (1996).

. Asset Growth (dA/A): the percentage change in total assets. See Cooper, Gulen, and

Schill (2008).

Profitability (Y/B): the ratio of equity income (income before extraordinary items —
dividend on preferred shares + deferred taxes) to book equity. See Cohen, Gompers,

and Vuolteenaho (2002) and Fama and French (2008).'?

Net Stock Issues (NS): the change in the natural log of the split-adjusted shares

outstanding. See Pontiff and Woodgate (2008) and Fama and French (2008).

Earnings Surprise (SUE): the change in (split-adjusted) earnings relative to that in
the same quarter during the previous fiscal year divided by month-end price. See Ball

and Brown (1968) and Livnat and Mendenhall (2006).

Idiosyncratic Volatility (IdioVol): the annualized volatility of the residuals from mar-
ket model regressions (using daily data and the CRSP value-weighted index) for the
issuer’s equity within each month. See Ang, Hodrick, Xing, and Zhang (2006) (using
total equity volatility instead of idiosyncratic volatility has no material impact on any

of the results in this paper).

Table 2 provides summary statistics on our equity return predictor variables for the bond-

equity matched sample of all bonds, as well as the subsamples of IG and junk bonds. All of

the equity market variables have greater standard deviations for junk bonds than they do

for IG bonds. Also, the junk bond sample has high average idiosyncratic volatility and is

unprofitable while the IG sample has lower average idiosyncratic volatility and is profitable.

As a result, if we sort corporate bonds into portfolios based on these equity characteristics,

the extreme portfolios are likely to have more junk bonds than IG bonds. Also, the estimated

13Tn unreported analysis, we also use gross profitability calculated as the ratio of gross profit to total assets
(Novy-Marx (2013)). Our results are weaker using this measure of profitability
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slope coefficient in a regression of bond returns on these equity characteristics could be

sensitive to junk bond observations.

Panel B of Table 2 presents time-series averages of cross-sectional correlations between
the equity return predictors. We also include controls that are used in our regressions,
namely, the one month lagged bond return, the two to six month lagged bond return, and
the distance-to-default (DD), as well as the Amihud (2002)-based liquidity measure from

the equity market.!4

Among the more noteworthy results from Panel B are the correlations of DD with equity
market variables. Specifically, idiosyncratic volatility and book /market are negatively related
to DD, whereas profitability and market capitalization are positively related to DD. Further,
larger firms have lower idiosyncratic volatility and firms with higher asset growth also have

higher net equity issues. These correlations are all statistically different from zero.

2.1 The Testing Framework

The Merton (1974) model provides a simple relation between stock and bond returns. Sup-
pose that excess returns on a representative stock and representative bond, R,:+1 and
Rpat+1, respectively, at time ¢ + 1, are driven by a single factor whose realization at time

t+ 1is Eta1:

Req,t—l—l = Neq,t‘l’Aeq,tgt—l—l

Riogit1 = Mot + Dpaecitt (4)

where gy and Ay, k = {eq, bd} represent the expected return and the factor loading for
equities and bonds at time ¢, respectively. Assume that no-arbitrage holds and there exists

a stochastic discount factor, m, which prices both bonds and equities (which is the case in

141t is not feasible to construct a similar bond liquidity measure as we have daily data on only a small
subsample of bonds.
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a setting with a representative agent). Then the Euler equations imply that:

1 A,
q,t
Hegqt = Covy (Muy1, Regi41) = Covy (M 41, €141)
Eimy Eimi
1 Apg
Hodt = Covy (mt—l—b Rbd,t+1) = Cov, (mt+1>5t+1) . (5)
Etmt+1 Etmt—l—l

Combining these two Euler equations, we have:

Hbd,t = hy - Heq,t » (6)

where the hedge ratio, h¢, is defined by hy = Apgi/Aeqs.- Equation (6) implies that in
the rational, representative agent setting, equity characteristics can affect the bond risk
premium in two ways. First, if equity characteristics are associated with the equity risk
premium, fi, ¢, then holding h; constant, these variables will affect 4. Second, the equity
anomaly variables can be related to the hedge ratio, h;. Holding the equity risk premium
constant and assuming that p.,: > 0, a larger value of h; leads to a larger bond premium,
ted,t- The net effect of equity anomalies on bond risk premiums is ambiguous or even zero,

if the anomalies forecast equity returns and hedge ratios in opposite directions.

While Merton’s (1974) structural model is an elegant framework for analyzing equity and
bond returns simultaneously, we discuss realistic scenarios below, that lead us to adopt a

reduced-form approach instead.

First, the anomaly literature suggests that a number of the equity characteristics listed
above cannot be reconciled in a rational framework, and the sign of the prediction in some
cases is not consistent with risk-based arguments. For example, it is hard to argue that
firms with lower accounting accruals should be riskier (i.e., load more heavily on the risk
factor) and hence earn higher average returns (Fama and French (2008)). Thus, based on
the available evidence, the scenario of complete rationality in equity markets is unrealistic.

Based on this observation, suppose that the equity expected returns deviate from Eq. (5)
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for behavioral reasons (such as overconfidence or limited attention). In this scenario, bond
returns might deviate from Eq. (5) in similar ways, provided investors have common biases
across the two markets. Eq. (6) would not hold because, under the behavioral paradigm, the
Euler equations would not apply. We might, however, see behaviorally-motivated predictors,

such as accruals, influence returns in bond markets with the same sign as in equities.

Next, suppose that bond market investors are largely rational but equity market prices
are, in part, driven by boundedly rational investors (the anomaly literature suggests that
the converse is unlikely to hold). In this scenario, we would expect Eq. (5) to hold for bonds
but not for equities (Eq. (6) would not hold either). Further, bond return predictors would

be risk-based and the sign of the predictors would be consistent with risk pricing.

In either of the two scenarios above, market segmentation and frictions might give rise
to an additional source of predictability. With (partially) segmented markets, information
might be transmitted from one market to another with a lag, creating a lead-lag relation,
which would be an additional source of deviation from expected returns that would prevail in
a perfect, frictionless, rational world. Further, rewards to liquidity provision might manifest

themselves as return reversals (Jegadeesh (1990) and Grossman and Miller (1988)).

Overall we propose that market segmentation, investor biases and frictions would violate
the assumptions underlying (5) and call tests of (6) into question.!> We reiterate that Eq. (6)
does not, in any case, provide unambiguous predictions of anomaly variables on bond returns.
Thus, given the lack of clear predictions from Merton model framework in Eqns. (4) to (6),

we directly study the impact of equity characteristics on bond returns.

We consider two categories of possible reasons for bond return predictability from equity
characteristics: (i) the risk-reward paradigm, and (ii) behavioral misreactions and frictions
(including market segmentation). Table 3 provides the expected signs of the firm character-

istics (in the context of the FM regressions to follow) as bond return predictors, and justifies

5Not surprisingly, Choi and Kim (2014) reject Eq. (6) for portfolios sorted on some equity characteristics.
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them in Sections 2.1.1 and 2.1.2. Further, after presenting the regression coefficients and
portfolio analyses in Sections 2.3-2.4, in Section 3 we use the insights of MacKinlay (1995)
to consider whether the Sharpe ratio magnitudes corresponding to bond return predictors

(both gross and net of transaction costs) are consistent with risk-based rationales.

2.1.1 The Risk-Reward Paradigm

The RR arguments link characteristic-based predictability to risk compensation. In our
empirical work, while we control for the distance-to-default (DD),'® and for risk factors,
risk-related variables could still be priced as long as DD and our factor models do not
completely capture risk in the corporate bond market. We now discuss the likely direction

of prediction for each of the variables under the notion that our risk controls are imperfect.

The signs appear unambiguous in only a few cases under the RR paradigm. Thus, if
size and book/market capture distress risk (Fama and French (1993)), we would expect
firm size to have a negative sign and book-to-market ratio to have a positive sign as firms
with higher distress risk (small firms and high book-to-market ratio firms) should require
higher bond returns. Further, under the plausible conjecture that profitable firms are less
risky and require lower returns, we would expect Y/B to have a negative coefficient in
the bond markets.!'” If investors do not hold diversified portfolios, higher idiosyncratic
volatility (IdioVol) should imply (albeit imperfectly) higher uncertainty about assets’ (and
thus, bonds’) cash flows, and thus imply higher expected bond returns, so that, as per risk-
return-based arguments, we predict positive coefficients for I'dioVol. Of course, if investors

hold well-diversified portfolios then the coefficient on IdioV ol should be close to zero.

16T allay concerns that equity return predictors affect realized equity returns, which in turn, affect
leverage, and hence, required return on debt, in unreported results we control for leverage (defined by book
value of debt over market value of equity) and our results remain unchanged.

1"From the perspective of stock investors, Hou, Xue, and Zhang (2015) use g-theory to argue that more
profitable firms have higher discount rates, else they would invest in less profitable projects. Novy-Marx
(2013) and Fama and French (2015) do find that more profitable firms earn higher equity returns. But, more
profitable firms are likely to generate more cash from operations and thus are likely to be less risky from the
perspective of the bondholders.
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It would seem that net equity issues should reduce leverage and thus reduce risk suggest-
ing that the sign on N.S should be negative. However, once we control for the distance-to-
default (we have also controlled for leverage and the results are similar to those presented) the
sign on NS becomes indeterminate from the risk-return perspective. Further, asset growth
should provide more collateral to bondholders and thus reduce risk suggesting that the sign
on dA/A should also be negative. Further, Hou, Xue, and Zhang (2015) argue that firms
with higher investment (and consequently higher asset growth) must be those with lower
equity and bond expected returns. The role for the other variables under the RR paradigm

appears hard to predict, so we leave these signs unspecified.

2.1.2 Behavioral /Frictions

Turning now to the behavioral /frictions hypotheses, we expect all variables except Net Stock
Issues (NS) and Lead-lag (R, (1)) to have the same sign as that for equities. For example,
the accruals effect represents an overly high focus on earnings relative to cash flow, and this
argument implies overvaluation in the presence of high accruals and negative future returns
as the overvaluation is corrected in both bonds and equities. An underreaction to profits
should lead to undervaluation and, thus, positive future returns for both bonds and equities.
Similarly, a preference for the bonds of lottery-like volatile companies (Kumar (2009)) would
result in a negative coefficient on IdioVol. Barberis, Shleifer and Vishny (1998) and Daniel,
Hirshleifer and Subrahmanyam (1998) have argued that behavioral biases can lead to the
momentum effect in stock returns. If the impact of past stock returns spills over from equities
to bonds as suggested by Gebhardt, Hvidkjaer and Swaminathan (2005b), then we would

expect a positive coefficient on R.,(2,6).

If the behavioral arguments of Barberis and Huang (2001), or Daniel, Hirshleifer, and
Subrahmanyam (1998) also apply in the bond market, we expect a negative (positive) co-

efficient on firm size (book-to-market ratio). We expect NS to have a positive coefficient
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in the bond market (but a negative one in the equity market), because the market timing
hypothesis posits a preference for equity over debt when equities are overvalued and/or the

debt is undervalued, which implies a positive sign for NS as a predictor of bond returns.

We now turn to Re,(1). Under either the overreaction/correction hypothesis (Cooper
(1999)) or the illiquidity hypothesis (Grossman and Miller (1988)), we would predict the
past month’s bond return to be negatively related to this month’s bond return. If bond
returns and equity returns contain a common overreaction component, and bond returns are
imperfect proxies for this component (owing to errors induced by stale prices, for example),
then we might expect Re,(1) to predict bond returns with a negative sign, even after control-
ling for the lagged bond return. However, while bond markets consist of more sophisticated
investors than stock markets (EHP (2007)), it may still be the case that the larger number
of traders in the stock market allow the stock price to aggregate a large number of diverse
opinions (Hellwig (1980)) and convey information to the bond market. In this scenario,
bond markets could react to stock markets with a lag, and the coefficient of R.,(1) might be
positive. Hence the sign of the coefficient of R.,(1) can be positive or negative, depending

on the relative validity of the overreaction and the delay-based arguments.

Thus, as noted in Table 3, the expected impact of the firm characteristics on bond returns
is often different based on whether it is the RR paradigm or the behavioral /friction paradigm
that has the marginal impact. For instance, the coefficients on profitability and idiosyncratic
volatility have opposite signs depending on which paradigm drives bond returns. Also, while
the signs of the coefficients for momentum, past one month return, accruals, and earnings
surprises cannot be determined under the RR paradigm, the behavioral/friction paradigm

provides clear signs.
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2.2 Fama-MacBeth Regressions

To begin our analysis, it is first necessary to demonstrate that our equity return predictors
actually are related to average equity returns. Accordingly, we first examine the impact of
the firm level characteristics on stock returns and then on bond returns. We winsorize all the
right-hand-side variables at the 0.5th and 99.5th percentile each month. We also scale each
anomaly variable by its cross-sectional standard deviation each month so that the coefficient
magnitudes are comparable to each other. The dependent variable is in basis points per

month.

Table 4 presents the FM coefficient estimates from the following cross-sectional regression
each month:

R = qou + Y1 Zeqi—1 + €, (7)

where R/ is the excess stock return and Zeg;—1 are lagged equity return predictors (the
momentum returns are lagged by an additional month). The predictors are described in Ta~
ble 2. Newey and West (19987) corrected (using 12 lags) t-statistics are given in parentheses.
We present results for the full sample and the matched sample. The full sample includes all
firms with available data, and with a price per share greater than $1 as of the end of the
prior month. The matched sample includes only those firms for which we have corresponding

bond returns.

In the full sample, we find that all of the firm characteristics impact the cross-section of
stock returns, and the signs are consistent with those in the earlier literature. This is to be
expected given that these are standard, well-established anomalies. However, in the sample
matched with corporate bond data, we find that value, momentum, profitability, accruals,
and idiosyncratic volatility are not significant. We note that our corporate bond sample, in
market capitalization, is much closer to the full sample of equities, rather than the matched

sample in Table 4. Thus, for example, the median firm in the full sample has a equity market
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capitalization of $134 million, whereas the corresponding number for the matched sample is
as high as $2 billion. The median bond issue, on the other hand has a market value of $102
million, putting it much closer to the median equity market capitalization for the full sample.
Given the reliable positive relation between the extent of equity return predictability and
market capitalization documented in Fama and French (2008), we therefore expect bond
return predictability to mimic that in the full sample of equities, rather than the matched

sample.

We now turn to an analysis of which equity anomalies have marginal power to predict
bond returns. Since an OLS regression puts equal weight on each observation in each month,
the estimated slopes are sensitive to outliers which tend to be small and illiquid bonds. To
address this issue, as before, we winsorize all the right-hand-side variables at the 0.5th
and 99.5th percentile each month. Since momentum and reversals in the bond market
could influence the impact of equity returns on bond returns (due to a contemporaneous
correlation between bond and equity returns) we include bond-related variables in the FM
regressions. In particular, we include a distance-to-default (D D) measure to control for the
default likelihood of the bond, the last-month’s bond return and the last five months’ bonds
return (skipping the most recent month). Finally, we also include the Amihud measure of
liquidity constructed using equity returns and trading volume to control for possible liquidity

effects. Our regression specification is:

Rit = vor + 711526%5—1 + YorRit—1 + Y3eRit—2:4—6 + Yar DDy —1 + 75th{4_Tihud + €, (8)

where Rj; is the excess bond return.

Table 5 presents the results from regressing excess bond returns on lagged equity return
predictors. The first regression shows that log M C and log B/M are negatively priced when
both are included in the regression. In univariate regressions (not shown) log B/M is posi-

tively priced. The coefficient of log B/M becomes even more negative and significant when
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the bond variables (especially the distance-to-default) are included in the cross-sectional re-
gressions. The third and fourth regressions demonstrate that the positive coefficients on the
lagged one-month equity return and the longer-term equity returns, R.,(2,6), become more
strongly significant when the bond market variables are included. The next four regressions
demonstrate that the negative coefficients on profitability, Y/B, and asset growth, dA/A,
are robust to the inclusion of the bond market variables while the positive coefficient on
idiosyncratic volatility, IdioV ol is not.!'® The last column presents results including all of
the variables, and confirms the robustness of log M C', the lagged equity returns, Y/B, and
dA/A.

The final regression of Table 5 documents that a one standard deviation changes in
log MC, Rey(1), Reg(2,6), Y/B and dA/A impact bond market returns by 4.28, 13.61, 9.06,
4.48, and 2.33 basis points per month, respectively. Thus, the impact of the equity return
predictors on the cross-section of corporate bond returns, though not overwhelmingly large,

is economically material.

In terms of the bond market controls, we find that the coefficient on lagged one-month
bond return is negative and strongly significant with a t-statistic of —10.79, whereas the
lagged one-month equity return has a positive coefficient, which is also strongly significant.
The former effect is consistent with illiquidity in the corporate bond market causing an
inventory-based reversal (Grossman and Miller (1988)). The negative and significant coeffi-
cient on the past two to six month bond returns points to an overreaction that is subsequently
corrected. It is possible that investors overreact to improvements or deterioration in credit
risk and the negative coefficient on Rp4(2,6) is the result of the subsequent correction of the
overreaction. The coefficient on DD is negative and significant, which is consistent with its
interpretation as an inverse default risk proxy. Finally, the coefficient on the equity liquidity

variable, LeAmhud ig 3 75 with a t-statistic of 2.67. Thus, returns are higher for bonds with

18Panel B of Table 2 shows that the unconditional cross-sectional correlation of DD with Y/B, dA/A, and
IdioVol is 0.27, —0.01, and —0.55, respectively.
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illiquid shares.

Note that the signs of the coefficients on Y/B and dA/A are consistent with risk-reward
arguments (as long as the risk controls in the regressions are less than perfect). This is
because more profitable firms and firms that invest a lot are likely to be less risky and earn
lower bond returns. Moreover, the insignificance of accruals, idiosyncratic volatility, and
earnings surprises does not accord with the evidence for equity returns, and is not consistent

with the behavioral arguments of Table 3.

In unreported results, we apply factor models to adjust bond returns for risk. Specifically,
we use the three Fama-French (1993) stock factors plus the T'erm and Def factors,'® and, in
turn, the five-factor model of Fama and French (2015) plus the Pastor and Stambaugh (2003)
liquidity factor, and apply Brennan, Chordia, and Subrahmanyam (1998) methodology to
risk-adjust bond returns. We use full sample betas and only bonds with at least 24 months
of data. We also include total equity volatility and bond volatility (using a 60 month rolling
window to estimate standard deviations) as additional risk controls. While this exercise
causes a loss of sample size, results obtained using these procedures are substantially similar

to those in the paper.

Overall, the results indicate that the cross-section of expected bond returns behaves
differently from that of stock returns, so that a common pricing kernel does not appear to
apply to both stock and bond returns. In addition, the direction of prediction of some of
the variables suggests that bond markets price risk in a manner consistent with the RR

paradigm, under the proviso that the existing methods of risk-adjustment are imperfect.

YTerm is the difference in returns between long-term Treasury bonds and Treasury bills, and Def is the
difference in returns between the corporate bond market portfolio and long-term Treasury bonds (data on
these variables are obtained from Ibbotson).
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2.3 A Robustness Check

One concern is that firms with large numbers of distinct bond issues can have a material
impact on the cross-sectional relations that we are testing. For instance, firms like General
Motors can have several different bonds with varying coupons and maturities. If such firms
experience a material event like restructuring, their financial distress could have a large
impact on the cross-sectional relation between bond returns and variables such as book-to-

market and DD, since we treat each individual bond as a separate cross-sectional observation.

To address the above issue, we now report the results of cross-sectional regressions that
use one bond per firm. For firms that have more than one bond issue outstanding, we use
four different methods to choose one of the issues: (i) we randomly choose a bond issue,
(ii) we choose an issue with the shortest remaining maturity as long as it is more than one
year, (iii) we choose the most recent bond issue and (iv) we use the equal-weighted average
the bond returns across each firm. The second and third procedures are motivated by BPW
(2011), who show that the most recent issue and the issue with the shortest maturity are,
in fact, the most liquid ones. Table 6 presents the results. In general, the results are the
same as those in Table 5. The only exceptions are the negative and significant coefficient of

log B/M and the positive coefficient of N.S, which is not always robust.

2.4 Portfolio Sorts and Factor Alphas

Since the FM regressions assume linearity, we now present results for the relation between
equity return predictors and bond returns using portfolio sorts. We sort bonds into deciles
based on the equity characteristics and calculate both equal-weighted and value-weighted
excess bond returns. Value-weighting is done using the prior month’s market capitalization
of the bond. Most of the equity market variables have greater standard deviations for junk

bonds than they do for IG bonds. As a result, if we sort corporate bonds into portfolios
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based on these equity characteristics, the extreme portfolios are likely to have more junk
bonds than IG bonds. Thus, we check the relation between equity return predictors and
bond excess returns both for the entire sample and subsamples of IG and junk bonds. Panel
A of Table 7 presents the results for the long-short (H—L) portfolios that is long the tenth
decile and short the first. For brevity, we focus only on the equity characteristics that are

significant in the multivariate context, namely, at the 5% level in the last column of Table 5.

Firm size, log MC, yields significant variation in average excess returns on corporate
bonds. The monthly equal- and value-weighted returns on the hedge portfolio are —0.41%
and —0.34%, respectively. In annual terms, the hedge portfolio value-weighted return is
about 4%. However, the equity size effect is not pervasive across rating categories. The
average excess returns on the hedge portfolios are economically small for IG bonds. This
result is not surprising as the large variation in equity size comes from the variation across
junk bonds. Thus, the equity size effect is strong for junk bonds with equal- and value-
weighted hedge portfolios returns of —0.45% and —0.30%, respectively. This pattern, where
the hedge portfolio returns are higher for the junk bonds holds for all the equity variables in
Table 7.

The lead-lag effect, R, (1), is the strongest one that we find. The monthly hedge portfolio
returns range from 0.22% to 0.77% (2.6% to 9.2% annually) and are strongly statistically
significant. The effect is more pronounced for junk bonds but IG bonds also show a sig-
nificant lead-lag effect. In Section 2.1.2, we proposed the delayed reaction hypothesis and
the overreaction hypothesis, which postulated opposite (respectively, positive and negative)

signs on R.,(1). The result in Table 7 supports the former hypothesis.

In general, the hedge portfolio results are consistent with the FM regression results of
Table 5. In Figure 1, we plot the average bond returns to the equal-weighted decile portfolios
for the variables log MC', R¢,(2,6), Rey(1), Y/B, and dA/A, separately for IG and junk bonds.

The predictive effect of the variables is clearly more pronounced in junk bonds.
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We now check whether the excess returns can be explained by factor models. We calculate

factor-model alphas from the following time-series regression:

Ry = a; + Zﬁzkfkt + €it. (9)
k

We use two different factor models. The first consists of the five factors proposed by Fama and
French (1993). These are comprised of three equity factors (MktmRf, SMB, and HML)
and two bond factors (T'erm and Def). The second model is the five-factor model of Fama
and French (2015), augmented by the Péstor and Stambaugh (2003) liquidity factor. Panel
B of Table 7 presents the alphas from these time-series regressions for the value-weighted
H—L hedge portfolios. (The results using equal-weighted portfolios are very similar to the
ones reported here and are thus omitted.) We show the results separately for the full sample

and subsamples of IG and junk bonds.

The pattern of results is similar to that of Panel A with the raw returns. The exceptions
are the following: the alphas for returns sorted on log MC and for Y/B are not significant
for the IG bonds. The alphas are generally lower than the raw returns and, moreover, the
absolute alphas and their statistical significance are generally lower when the six-factor model
is used. For instance, in the case of all bonds, the alpha for log M C' is —0.30 (¢-statistic =

—4.22) with the five-factor model and —0.21 (¢-statistic = —2.89) for the six-factor model.?’

In the next section, we investigate whether profits from anomaly-based bond market
strategies survive transaction cost considerations, and also consider the reward to risk ratios

of these strategies.

20We also calculate alphas by including factors constructed from bond returns. For each of the character-
istic, Y/B and dA/A, we form three portfolios separately for IG and junk bonds and then take average of the
two hedge portfolio excess returns to construct the bond factor. We add these bond factors to the five- and
six-factor model and calculate alphas from the augmented model. In unreported results, we find that new
alphas are mostly similar to those reported in Table 7. The only noteworthy exceptions are for portfolios
sorted on Y/B and dA/A, for which the augmented alphas are slightly lower (and statistically insignificant)
than the five-factor alphas for the subsample of junk bonds.
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3 Hedge Portfolio Profits After Transaction Costs and

Sharpe Ratios

3.1 The Effect of Trading Costs on Hedge Portfolio Profits

Although equity anomalies help us forecast bond returns in the cross-section, the high trans-
action costs of corporate bonds may prevent investors from taking advantage of the pre-
dictability. To check the significance of average returns after costs on the hedge portfolios

in Section 2.4, we estimate portfolio transaction costs using two approaches.

We first use the BPW (2011) measure (LPW) of bid-ask spreads. This is calculated as
the autocovariance of excess bond returns:
Lﬁpw = (—cov; (Apitds1, Apitd))o's )
where Apyq is the log price change on bond i on day d of month ¢, and LW is the Roll
(1984) measure of the effective bid-ask spread. BPW show that the Roll measure provides
more conservative estimates of effective transaction costs than quoted bid-ask spreads. Also,

the Roll measure is easier to compute and is able to cover more bonds in the sample compared

with the price-pressure-based cost estimates of Feldhiitter (2012).

We calculate LEPW using daily data starting in 2002 and then compute its cross-sectional
average for each portfolio every month. The time-series average of the effective bid-ask spread
is reported as trading costs. We compute the transaction costs as the product of the portfolio
turnover and the average bid-ask spreads, and then compute the net returns as the difference
of the gross returns and these transaction costs. We report portfolio turnover, trading costs,
and net returns for only the hedge portfolios in Panel A of Table 8. For ease of interpretation,

we normalize all hedge portfolio gross returns to be positive; that is, for example, the Re,(1)-

based strategy is long high R.,(1) firms and short low R.,(1) firms, the Y/B-based strategy
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shorts the most profitable firms and goes long on the least profitable firms, and so on.

Panel A shows that, unsurprisingly, portfolio turnover is relatively small for portfolios
sorted annually but high for portfolios sorted monthly. This leads to lower transaction costs
for annually-sorted portfolios than those for monthly-sorted portfolios. For the full sample,
we find that net returns are positive only for log MC. The net returns are strongly and
statistically significantly negative for R.,(2,6) and R, (1). For instance, in the case of junk
bonds, the long-short hedge portfolio formed on R.,(1) yields a value-weighted net monthly
return of —2.04%. Thus, despite its strong significance, the lead-lag effect does not provide

profitable trading opportunities for investors net of transaction costs.

Large institutional investors may be able to trade at costs lower than the effective spreads.
Thus, the cost estimates based on BPW (2011) effective bid-ask spreads could be treated
as the higher end of the range of costs. As an alternative approach, we use trading costs
of EHP (2007). EHP use an econometric model to estimate effective trading costs. They
report these trading costs for different trade sizes and for different bond characteristics such
as the credit rating of the bond. In our analysis, we use EHP estimates for an institutional
order size of $1 billion (EHP report a median institutional order size of $1.15 billion). The
relevant numbers from EHP for our bonds are trading costs of 18bps for all bonds, 16bps for
IG bonds, and 30bps for junk bonds. Using these trading costs, we repeat the earlier analysis
of calculating transaction costs as the product of portfolio turnover and trading costs, and
net returns as the difference of gross returns and transaction costs. The results are reported

in Panel B of Table &.

Since EHP (2007) trading costs are lower than those of BPW (2011), the net returns are
higher in Panel B than those in Panel A. Nevertheless, the net returns are still negative for
Rc;(2,6). The net returns are consistently and significantly positive only for hedge portfolios
sorted on log MC. The net returns are positive for the sample of all and junk bonds for

portfolios sorted on R, (1) and Y/B. The returns are also positive for the sample of all and
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IG bonds for dA/A.

Interestingly, the bond return predictor that robustly survives transactions costs, equity
market capitalization, can be motivated by the RR paradigm, in that it is linked to the
likelihood of distress (Fama and French (1993, 2008)). In unreported tests, we have ascer-
tained that the bond variables, Rpq(2,6), Rpa(1), and the Amihud illiquidity measure, also
do not yield positive profits net of transaction costs. DD does but, again, it has a risk-based
interpretation. Since risk-based predictors do not present a true arbitrage opportunity, our
overall findings are consistent with the notion that bonds are priced up to transactions costs

in a manner that does not imply large arbitrage opportunities.

3.2 Sharpe Ratios of Hedge Portfolios

Our analysis thus far shows that many equity characteristics yield significant portfolio re-
turns, and while most of these returns survive standard risk adjustment (Panels A and B of
Table 7), they are not robust to transaction cost considerations. There remains the ques-
tion, however, of whether the magnitude of the predictability documented in Section 2.4 is
consistent with risk pricing or a behavioral model. To address this issue, we follow MacKin-
lay (1995) in calculating the Sharpe ratios of the characteristics-based hedge portfolios.?!
The exact methodology is as follows. For each characteristic, we form value-weighted decile
portfolios as described earlier. We then calculate alphas for each decile using the five- and
six-factor models as in Panel B of Table 7. The Sharpe ratio using the raw returns is defined
simply as the ratio of average returns to the standard deviation of the returns. We also cal-
culate the Sharpe ratios using alphas as the ratio of alpha to the standard deviation of the
residuals from the time-series regression. This Sharpe ratio using alphas can be interpreted
as the Sharpe ratio of the optimal orthogonal portfolio, which is a portfolio of the original

test assets that can be combined with the factor portfolios to form the tangency portfolio

21See also Gebhardt, Hvidkjaer, and Swaminathan (2005a).
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(see MacKinlay for further details). MacKinlay recommends a comparison of the resulting
Sharpe ratio to 0.173 which corresponds to an annualized Sharpe ratio of 0.6. Henceforth we
term this bound M. We calculate the p-value of the upper tail probability associated with
this null of M. To calculate the p-value, the standard errors of Sharpe ratios are calculated
by applying the delta method to the Sharpe ratio and using the Newey and West (1987)
correction with 12 lags. For ease of interpretation, we again normalize all hedge portfolio

returns and alphas to be positive.

Table 9 shows the Sharpe ratios and the p-values associated with the null. We present
this analysis separately for all bonds, IG bonds, and Junk bonds. Panel A presents the
results for gross (of transaction costs) returns. The results show that the highest Sharpe
ratios are obtained for the long-short portfolio sorted on R.,(1). For the sample of all bonds
the Sharpe ratio based on the five factor alpha is 0.50 and is significantly larger than M.
In the case of R.,(1), the Sharpe ratio based on the raw returns as well on the alphas is
significantly higher than M for the IG and the Junk bonds as well. The Sharpe ratio of
all other characteristic based portfolios is not significantly higher than M. Overall, of the
five characteristics under consideration, only one characteristic, Re,(1), has robustly high
Sharpe ratios across the sample of all bonds as well as IG and Junk bonds. However, the
average returns yielded by the strategy based on R.,(1) do not survive transactions costs,

as described in Section 3.1.

More generally, the previous subsection illustrates that most characteristics do not survive
transactions costs. Accordingly, we repeat the analysis using net returns using BPW (2011)
estimates in Panel B and using EHP (2007) estimates in Panel C. The results show that, none
of the net Sharpe ratios are significantly larger than M. Thus, the totality of the evidence
suggests that, after adjusting for transaction costs, the predictability of bond returns using

equity characteristics can be reconciled with risk pricing in corporate bond markets.
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4 Conclusion

Do bond markets exhibit return anomalies similar to those in stocks? Size, profitability, and
asset growth do predict bond returns, but other predictors like accruals, earnings surprise,
and idiosyncratic volatility do not. While size and asset growth effects in bonds are isomor-
phic to that in stocks, profitability negatively predicts bond returns, contrary to the sign
of this variable for equities. This evidence accords with the notions that firms with greater
levels of real investment (and thus higher asset growth) have lower required returns, and
that small firms and those with low or negative profits are considered more risky by bond

market investors, so that their bonds command higher required returns.

The preceding evidence indicates that the relatively sophisticated institutions in the
bond market (EHP(2007)) price risk rationally. Interestingly, however, we also find there is a
statistically significant lead from stocks to bonds at the monthly horizon, which indicates new
information is reflected in stock markets first. This is consistent with the notion that while
bond market investors are likely more sophisticated, the stock market aggregates diverse
information from a larger mass of heterogeneously informed investors, and this information

is subsequently transmitted to bond market prices.

We statistically compare anomaly-based Sharpe ratios to the bound suggested by MacKin-
lay (1995), below which a ratio accords with missing risk factors. We find that only the
lagged monthly equity return-based strategy yields a ratio that is reliably higher than the
MacKinlay bound, but the profitability from this strategy does not survive transaction cost
considerations. This indicates that overall, bonds are priced efficiently (within transaction
cost bounds). Our work suggests many extensions. The results suggest that the degree to
which prices adhere to the risk-reward paradigm depends on the clientele holding a security.
This notion can be extended to other securities, such as warrants and preferred stock. In
addition, the cross-sectional pricing efficiency of corporate bond markets in other countries

remains an open question. These and other related issues are left for future research.
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Appendix: Further Robustness Checks

We run a series of tests to examine the robustness of the results in Table 5 to different data

sources and the callability feature embedded in some bonds. The results are reported in

Table A2.

Sample Fxcluding Matrix Prices: We exclude matrix prices from the Lehman Brothers
Fixed Income Database. The results in Panel A are similar to those from the full sample.
Surprisingly, the coefficient for R.,(1) without matrix prices increases to 11.05 from 8.35
with matrix prices in EW regressions. Even without matrix prices, this lead-lag effect is the
most significant forecaster of bond returns. This suggests that matrix prices are not stale in
their response to lagged equity returns. There are no other statistically significant differences

between the main results and the results from the sub-sample without matrix prices.

Sample FExcluding Datastream: We exclude Datastream data from the sample. The
inferences on all the other equity return predictors remain largely the same as those in the
main sample; differences between the coefficients from the full sample and the sub-sample

are statistically insignificant for all variables except Y/ B, whose effect is exacerbated.

Sample with Reverse Priority: For our main results, we prioritize the five datasets
in the following order: the Lehman Brothers Fixed Income Database, TRACE, Mergent
FISD/NAIC, Merrill Lynch, and Datastream. We now reverse this order. Panel C shows
that the difference from the main results are small and statistically insignificant for all the

anomalies we use.

Controlling for Callable Bonds: We repeat the cross-sectional regression with fixed effects
for callable bonds. We do not report the coefficient on the fixed effects. Panel D, however,

shows that this has virtually no impact on the main results.
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Table 1: Summary Statistics on Bond Returns and Characteristics

The table presents summary statistics of all bonds used in the paper. Bonds are also divided into
investment grade (IG) and junk categories. IG bonds are further sub-divided into AA+, A, and
BBB categories. Excess return is calculated in excess of the matching Treasury bond which has the
same coupons and repayment schedule. AR1 to AR3 are the autocorrelation coefficients at lags one
to three, and AR1-ARG is the sum of the first six autocorrelation coefficients. No Price Change is
the number of observations with no price change from the previous month. % Market Value is the
time-series average of the ratio of the market value of bonds in a specific rating category to the total
market value of all bonds. Mat is the average time to maturity in years. Corr is the correlation
between excess returns on a corporate bond and stock returns; this correlation is calculated using
the entire panel observations in a rating category. %lIssuers Equity Size is the ratio of issuers whose
market value of equity is below the 20 percentile market cap for Micro, between the 20th and
50th percentiles for Small, and above the 50th percentile market cap for Big (the percentiles are
calculated using only NYSE stocks). The sample period is 1973 to 2014.

Excess returns

Mean SDev Median AR1 AR2 AR3 ARI-ARG6

All 0.11 293 0.10 -0.13 —-0.04 0.10 —0.11
IG 0.06 2.38 0.06 —-0.24 —-0.07 0.12 —-0.23
AA+ 0.01  2.25 0.03 -0.29 -0.12 0.16 —-0.29

A 005 233 0.04 —-0.26 —-0.08 0.12 —-0.25
BBB 0.10  2.49 0.10 —-0.20 —-0.04 0.10 —0.18
Junk 0.26 4.24 0.28 —-0.01 0.00 0.05 0.02

N No Price % Market Mat Corr %lssuers Equity Size

Change Value Micro Small Big

All 924,859 16,912 100.0 12.2 0.2 6.0 13.6 80.3
IG 726,163 8,042 76.7 13.3 0.2 1.1 8.1 90.7
AA+ 134,855 2,790 13.4 156 0.3 0.8 75 917
A 306,228 3,410 32.1 136 02 09 7.7 913
BBB 285,080 1,842 31.2 11.7 0.2 1.5 8.9 89.6
Junk 190,631 8,485 22.2 8.7 0.2 20.1 30.5 494
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Table 2: Summary Statistics of Equity Return Predictors

The table presents summary statistics of equity return predictors used to predict the corresponding bond returns. Size (log M C) is the
natural logarithm of the market value of the equity of the firm. Value (log B/M) is the natural logarithm of the ratio of the book value
of equity to the market value of equity. Momentum (R.,(2,6)) is the cumulative 5-month return on equity, starting from the second
month prior to the current month. Lead-Lag (R¢4(1)) is the lagged monthly return on equity. Profitability (Y/B) is the ratio of equity
income (income before extraordinary items — dividend on preferred shares + deferred taxes) to book equity. Net Stock Issues (N.S) is the
change in the natural log of the split-adjusted shares outstanding. Accruals (Ac/A) is the ratio of accruals to assets where accruals are
defined as the change in (current assets — cash and short-term investments — current liabilities + short-term debt + taxes payable) less
depreciation. Asset Growth (dA/A) is the percentage change in total assets. Earnings Surprise (SUFE) is the change in (split-adjusted)
earnings over the same quarter in the last fiscal year divided by price. Idiosyncratic Volatility (IdioVol) is the annualized volatility of the
residuals from market model regression for the issuer’s equity over each month. Accounting variables are assumed to become available
six months after the fiscal-year end. In Panel A, all statistics are computed first in the cross-section, then in the time-series. Panel
B shows the cross-sectional correlations of all variables used in cross-sectional regressions. DD is the distance-to-default and LeAmihud
is the Amihud illiquidity measure’s logarithm. We compute the correlations each month and report the time-series average of these
correlations. The sample period is 1973 to 2014.

Panel A: Descriptive statistics

All Bonds 1G Junk

N Mean Median SDev Mean Median SDev Mean Median SDev
Size (log MC) 1,159,522 7.6 7.7 1.5 8.1 8.2 1.2 6.3 6.3 1.5
Value (log B/M) 1,109,230 —0.3 —0.3 0.7 —0.4 —0.3 0.6 —0.2 —0.1 0.9
Momentum (Reg(2,6)) 1,155,128 5.8 47 205 5.8 51 14.9 5.9 34 298
Lead-Lag (Req(l)) 1,159,522 1.1 0.9 9.1 1.2 1.0 6.8 1.1 0.5 13.0
Profitability (Y/B) 1,102,671 —-3.5 3.3 48.2 3.2 4.6 20.0 —20.5 —2.4 81.7
Net Stock Issues (NS) 1,127,472 3.6 1.2 9.9 2.8 1.0 8.4 4.9 1.4 126
Accruals (Ac/A) 872,184 -39 37 48 38  -36 3.9 41 -38 6.7
Asset Growth (dA/A) 1,111,863 124 7.0 26.4 10.8 7.0 19.9 15.2 6.5 36.8
Earnings Surprise (SUFE) 1,106,417 -0.3 0.1 10.4 -0.1 0.1 4.3 -0.8 0.2 18.1

Idiosyncratic Volatility (IdioVol) 1,159,488 26.2 21.6  18.3 21.4 19.3  10.7 39.4 32.2  26.8




e

Panel B: Cross-sectional correlations

logB/M Rey(2,6) Re(l) Y/B NS Ac/A dAJA  SUE IdioVol Ry(2,6) Ry(1) DD [eAmihud

log MC —0.34 0.10 0.05 021 -0.04 -0.02 0.02 008 —-042 —0.06 —0.03  0.50 —0.29
log B/M -0.23 —0.11 0.00 0.04 0.01 —0.11 —0.14 011  —0.05 —0.01 —0.30 0.11
Req(2,6) 0.01 —0.01 —0.05 —-0.02 —0.06 0.14  —0.13 020 0.04 0.08 —0.06
Rey(1) 0.00 —0.03 0.00 —0.03 0.03 0.04 0.02 0.11  0.03 —0.02
Y/B —0.04 024 013 -0.10 —0.24  —0.07 —0.03  0.27 —0.11
NS 0.08 043  0.00 0.04 0.00  0.00 —0.06 —0.02
Ac/A 023 -0.04 —0.05 —0.01 —0.01 0.04 0.00
dA/A —0.05 0.04 —0.03 —0.01 —0.01 —0.04
SUE —0.12 0.07  0.02  0.07 —0.06
IdioVol 0.01  0.01 -0.55 0.28
Ry(2,6) —0.09 —0.07 0.02
Ry(1) —0.03 0.00
DD —0.15




Table 3: Expected Signs of Equity Variables as Bond Return Predictors
This table presents the predicted signs in a cross-sectional regression of corporate bond returns on
lagged variables that capture equity return anomalies, under behavioral/friction-based arguments,
and the rational risk-return paradigm. A + (—) means a positive (negative) coefficient, a 7 implies
no prediction, and a +/— implies either a positive or a negative coefficient, depending on the
specific arguments. Equity return predictors are described in Table 2.

Variable Risk-Return Behavioral /Frictions
Size (log MC) - -
Value (log B/M) + +
Momentum (R.4(2,6)) ? +
Lead-Lag (Req(1)) ? —/+
Profitability (Y/B) - +
Net Stock Issues (NS) ? +
Accruals (Ac/A) ? —/+
Asset Growth (dA/A) — —
Earnings Surprise (SUE) ? +
Idiosyncratic Volatility (IdioVol) +/0 -
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Table 4: Monthly Cross-Sectional Regressions for Stock Returns
We run the following cross-sectional regression each month:

RZ] = Yot + 71,526%—1 + €t

where R{/ is the excess stock return and Zeg;;—1 are lagged equity return predictors (the momentum
returns are lagged by an additional month). Equity return predictors are described in Table 2.
Newey-West (19987) corrected (using 12 lags) t-statistics are given in parentheses. We denote
statistical significance at the 10% and 5% level with one and two asterisks, respectively. The
column entitled ‘Full sample’ shows results for all stocks with price greater than $1. The column
entitled ‘Matched sample’ shows results for only those stocks for which we have corresponding bond
returns. The sample period is 1973 to 2014, excluding the months between May 1998 to March
2001, in which we do not have enough firm observations to run the regressions in the matched
sample.

Full sample Matched sample

log MC  —21.00%% —13.51%%
(—3.47) (—2.56)

log B/M  17.37+* 7.82
(3.03) (1.45)

Reg(2,6)  16.05%* 1.23
(2.88) (0.17)

Reg(1)  —59.75%* —24.11%%
(—10.20) (—4.08)

Y/B  10.13%* 2.37

(3.10) (0.41)

NS —14.09%* —12.93%*

(—5.64) (—3.19)

Ac/A  —12.17%* ~3.15

(—5.98) (—0.96)

dAJA  —16.74%* —8.17%
(=6.11) (—2.32)

SUE  30.44%* 11.78%*

(12.05) (2.09)

IdioVol — —23.90%* —6.09
(—4.15) (—0.93)
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Table 5: Monthly Cross-Sectional Regressions for Bond Returns
We run the following cross-sectional regression each month:

Rit = Yot + Vi1 Zeqi—1 + Y2t Rir—1 + Y3t Rit—2:—6 + YaeDDip—1 + 5 LT + ¢,
where Rj; is the excess bond return, Zeg;;—1 are lagged equity return predictors (the momentum
returns are lagged by an additional month), DD is the distance-to-default, and LeA™"4d ig the
Amihud illiquidity measure’s logarithm. All returns are in basis points per month. Equity return
predictors are described in Table 2. Newey-West (19987) corrected (using 12 lags) t-statistics are
given in parentheses. We denote statistical significance at the 10% and 5% level with one and two
asterisks, respectively. The sample period is 1973 to 2014.
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(1) (2) (3) (4) (5) (6) (7) (8) (9)
logMC —7.35%%  —4.75%% —4.98%%
(—4.77)  (—3.12) (—2.72)
logB/M  —1.40  —3.44%* —1.20
(-1.31) (—3.41) (—1.36)
Rey(2,6) 4.31%%  8.96%* 9.06**
(4.13) (7.68) (8.02)
Re,(1) 10.62%*  13.87** 13.61%*
(7.39)  (7.48) (7.11)
Y/B —6.64%%  —5.64%* —4.48%*
(—4.78)  (—5.96) (—3.62)
NS —0.14 —0.45 0.95
(—0.15)  (—0.45) (0.54)
Ac/A —0.25 —0.05 1.15
(—0.39)  (—0.07) (0.95)
dA/A —3.23FF  _3.38%F 233k
(=3.29) (=3.06) (—1.98)
SUE 1.04 1.38 0.31
(0.86) (0.91) (0.21)
IdioVol 5.85%* 1.07 —-1.91
(2.90) (0.60) (—0.90)
Ryq(2,6) —9.55%%* —11.69%* —9.89%* —9.10%*  —12.53**
(—3.96) (—4.60) (—3.97) (=3.93)  (—4.97)
Rya(1) —39.80%** —42.13%* —39.59%%* —41.01%%  —44.38%*
(—10.00) (—10.21) (—10.08) (—10.64) (—10.79)
DD —4.44%% —T.24%% —3.91%* —5.08%*F 5 77**
(—3.01) (—4.59) (—2.30) (=3.52)  (—3.48)
LeAmihud 3.00%* 5.18%* 3.62%* 4.11%* 3.75%*
(2.72) (4.45) (3.45) (3.36) (2.67)




Table 6: Cross-Sectional Regressions: Single Bond Return per Firm
We run the following cross-sectional regression each month:

Rit = yor + V1 Zeqir—1 + Yot Rir—1 + Y3t Rit—2:0—6 + Yar DDy 1 + Wsthﬁ?ihud + €,

where Rj; is the excess bond return, Zeg;;—1 are lagged equity return predictors (the momentum
returns are lagged by an additional month), DD is the distance-to-default, and LeA™d ig the
Amihud illiquidity measure’s logarithm. Equity return predictors are described in Table 2. Newey
and West (1987) corrected (using 12 lags) t-statistics are given in parentheses. We denote statistical
significance at the 10% and 5% level with one and two asterisks, respectively. We run the regression
using only one bond return per firm. This bond return is for a bond chosen at random, or chosen
to have the shortest maturity, or the lowest age, or the bond return is a value-weighted average of
all bond returns for a given firm in a given month. The sample period is 1973 to 2014, excluding
the months between May 1998 to March 2001, in which we do not have enough firm observations

to run the regressions.

Randomly  Shortest Lowest Average
chosen maturity age within firm
logMC  —6.61** —5.80%*  —4.58%* —6.54%*
(=5.22)  (=3.65) (—2.02)  (—4.74)
log B/M  —3.36** —2.85%%  —4.09%* —3.58%*
(=3.23)  (=3.15)  (—3.80)  (—4.12)
Rq(2,6) 5.86** 6.12%* 8.88** 7.19%*
(8.42) (7.46) (7.04) (8.47)
R.q(1) 11.35%* 12.06** 15.64** 12.97**
(9.25) (9.42) (9.75) (9.40)
Y/B  —3.17%* —2.88%*  _3.69%* —3.33%**
(—3.29) (—3.07) (—3.23) (—3.76)
NS 1.75%* 2.11%%* 1.65* 1.94%*
(2.17) (3.18) (1.86) (3.00)
Ac/A —0.27 0.36 —0.11 0.10
(—0.46) (0.57) (—0.16) (0.17)
dAJ/A  —2.63** —2.71%%* —2.86** —2.95%%*
(-2.45)  (=2.90) (-2.72)  (—3.45)
SUE 0.66 0.43 0.80 1.03
(0.77) (0.48) (0.68) (1.20)
IdioVol —0.28 —0.07 —0.10 —0.38
(—0.18) (—0.05) (—0.07) (—0.28)
Rpq(2,6)  —6.07** —8.83%* 9 75%* —9.47%*
(—3.88) (—4.03) (=3.17) (—4.89)
Rpq(1) —23.31**  —35.40*%* —44.10%*  —30.35%**
(-10.58) (—11.64) (—13.46)  (—11.05)
DD  —3.66** —5.03%*  —6.17** —4.77**
(-2.80)  (=5.20) (—3.52)  (—4.11)
LeAmihud =9 g 2.34* 2.70%* 2.28*
(1.74) (1.87) (2.03) (1.89)
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Table 7: Bond Returns from Sorts on Equity Return Predictors

Equity return predictors are described in Table 2. In Panel A, we sort bonds into deciles and
calculate both equal-weighted (EW) and value-weighted (VW) returns. Value weighting is done
using the prior month’s market capitalization. We sort at the end of January of every year and
hold these portfolios for one year for the variables log MC, Y/B, and dA/A. We sort at the end of
each month and hold these portfolios for one month for the variables R,(2,6) and R.,(1). Excess
bond return is calculated in excess of the matching Treasury bond that has the same coupon and
repayment. We then calculate returns on a hedge portfolio (H—L) that is long in the tenth decile
and short in the first decile. We form all these portfolios for the sample of all bonds, as well
as for the subsample of IG and junk bonds. We report only the hedge portfolio returns for the
subsamples. In Panel B, we show the alphas from the time-series regressions of value-weighted
bond returns, R}, = a; + BLF} + €1, where F; are the factors used in the asset pricing model. as is
calculated from Fama and French (1993) five-factor model with the market factor, stock size- and
value-factors, and two bond factors (T'erm and Def), and «g is calculated from a six-factor model
with Fama and French (2015) five-factor model with market factor, firm size, value, investment and
profitability factors, and the Péstor and Stambaugh (2003) liquidity factor. Term is the return
on long-term Treasury bonds in excess of T-bills and Def is the return on corporate bond market
portfolio in excess of long-term Treasury bond. All returns and alphas are in percentage per month.
The numbers in parentheses are the Newey-West (1987) corrected (using 12 lags) t-statistics. We
denote statistical significance at the 10% and 5% level with one and two asterisks, respectively.
The sample period is 1973 to 2014.

Panel A: Bond Returns

Equal-weighted returns Value-weighted returns

All 1G Junk All 1G Junk
logMC —0.41*%* —0.10%* —0.45** —0.34**  —0.09** —0.30**
(—4.51)  (—2.83) (=3.29)  (—4.19) (—2.44) (—3.35)
R.y(2,6)  0.13** 0.10%* 0.42%* 0.14%* 0.10%* 0.52%%*
(2.14)  (3.01)  (3.84) (2.54)  (2.68)  (4.32)
Req(1)  0.49%* 0.22%** 0.75%* 0.45** 0.23%* 0.77%*
(6.85) (5.53) (6.51) (8.08) (5.60) (7.62)
Y/B —0.19%% —0.05%* —0.38%* —0.11%%  —0.05* —0.22**
(—4.06) (—1.68) (—2.92)  (=2.06) (—1.76) (—2.47)
dA/A  —0.14%*%  —0.08** —(0.19** —0.11%*  —0.07**  —0.04

(=5.26) (—4.02) (—3.07)  (—3.90) (—2.90) (—0.41)
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Panel B: Bond Alphas

All 1G Junk

(0% (675 (07 (675 (073 (675
logMC —0.30%* —0.21** —0.04 —0.02 —0.29%*  —(0.22%*
(—4.22) (—2.89) (=1.15)  (—0.66) (—3.23)  (—2.29)
R.y(2,6)  0.13** 0.13** 0.12%** 0.11** 0.54** 0.53**
(2.52)  (2.27) (3.81)  (3.18) (4.23)  (4.18)

Reg(1)  0.48%%  0.45%* 0.26%%  (.24%* 0.77%%  0.79%*
(7.25)  (7.56) (5.06)  (5.92) (8.19)  (7.67)

Y/B —0.11%%  —0.07 —-0.03 0.00 —0.18**  —0.09
(—=2.37)  (—1.54) (=0.75)  (—0.02) (—=2.03) (—0.92)

dA/A  —0.09%* —0.06* —0.07**  —0.07** —0.12**  —0.10
(=2.57) (—1.65) (—3.22)  (—2.75) (=1.97) (—1.61)
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Table 8: Transaction Costs for Bond Portfolios

Equity return predictors are described in Table 2. We form value-weighted decile portfolios as
described in Table 7. We calculate returns on a hedge portfolio (H—L) that is long in the tenth
decile and short in the first decile. We form all these portfolios for the sample of all bonds, as
well as for the subsample of IG and junk bonds. For ease of interpretation, we normalize all hedge
portfolio gross returns to be positive. We then calculate trading costs following Bao, Pan, and
Wang (2011) in Panel A and following Edwards, Harris, and Piwowar (2007) in Panel B. Portfolio
transaction costs are calculated as the product of the portfolio turnover and the trading costs. The
table reports the returns net of these transaction costs. All returns are in percentage per month.
The numbers in parentheses are the Newey-West (1987) corrected (using 12 lags) t-statistics. We
denote statistical significance for positive net returns at the 10% and 5% level with one and two
asterisks, respectively. The sample period is 1973 to 2014.

Turnover Trading costs Net returns
All  IG  Junk All 1G Junk
Panel A: Trading costs from Bao, Pan, and Wang (2011)
log MC 0.02 1.35 1.24 1.56 0.31** 0.05** 0.23**
(3.78) (1.36) (2.51)
Rq(2,6) 0.87 1.32 1.04 1.60 —1.01 —0.84 —-0.91
(—18.32) (—23.17) (—7.58)
Rcq(1) 1.76 1.31 1.02 1.62 —1.84 —1.56 —2.04
(—32.84) (—38.13) (—20.32)
Y/B 0.08 1.25 1.00 1.43 0.01 —0.02 0.08
(0.23) (—0.81) (0.93)
dA/A 0.12 1.09 094 1.28 —0.02 —0.04 —-0.13

(—0.59)  (~1.74) (-1.51)
Panel B: Trading costs from Edward, Harris, and Piwowar (2007)

logMC  0.02 0.8 0.16 0.30 0.33%F  0.08%%  0.29%%
(4.13) (2.30) (3.19)

Res(2,6)  0.87 018 0.16 0.30 —0.02  —0.05 0.25
(=0.30)  (=1.31)  (2.09)

Re(1) 176 0.18 0.16 0.30 0.14%F  —0.05  0.25%*
(2.45)  (~1.26)  (2.44)

Y/B 008 0.8 0.16 0.30 0.09* 0.04 0.19%*
(1.80) (1.35) (2.15)

dAJA 012 0.8 0.16 0.30 0.09%*  0.05%* 0.00

(3.16) (2.11)  (—0.04)

51



¢S

Table 9: Sharpe Ratios of Hedge Portfolios

Equity anomaly variables are described in Table 2. We form value-weighted decile portfolios as described in Table 7 and calculate raw
returns and alphas for these portfolios. as is calculated from the Fama and French (1993) five-factor model with the market factor,
stock size- and value-factors, and two bond factors (T'erm and Def), and ag is calculated from a six-factor model which adds the Péstor
and Stambaugh (1999) liquidity factor. [T'erm is the return on long-term treasury bonds in excess of T-bills and Def is the return on
corporate bond market portfolio in excess of long-term treasury bond.] The table reports monthly Sharpe ratios of the extreme long-short
(H—L) portfolios for each sort. The return-based Sharpe ratio is the ratio of average returns to the standard deviation of the returns, and
the Sharpe ratio for alphas is the ratio of alpha to the standard deviation of residuals from the time-series regression. Standard errors of
Sharpe ratios are calculated by applying the delta method and the Newey and West (1987) correction using 12 lags. The null hypothesis
is that the monthly Sharpe ratio is 0.173 corresponding to an annualized Sharpe ratio of 0.6. The p-value is the upper tail probability
associated with this null and is reported in parenthesis below the Sharpe ratio. Panel A presents the results using gross returns, Panel
B presents the results using net returns after adjusting for trading costs from Bao, Pan, and Wang (2011), and Panel C presents the
results using net returns after adjusting for the trading costs from Edwards, Harris, and Piwowar (2007). SR(R) represents the Sharpe
ratio based on raw returns, whereas SR(«a,), n = {5, 6} represents the alpha-based Sharpe ratio using the relevant n-factor model. We
denote statistical significance at the 10% and 5% level with one and two asterisks, respectively. The sample period is 1973 to 2014.

All 1G Junk
SR(R) SR(as) SR(ag) SR(R) SR(as) SR(ag) SR(R) SR(as) SR(ag)
Panel A: Gross Returns/Alphas

logMC 020  0.22 0.14 0.11 0.06 0.03 0.16  0.16 0.12
(0.26)  (0.16)  (0.73) (0.91)  (0.99)  (1.00) (0.63)  (0.59)  (0.87)

Rey(2,6) 012 0.1 0.12 0.11 0.15 0.14 0.26  0.27 0.27
(0.88)  (0.91)  (0.86) (0.90)  (0.72)  (0.79) (0.04)  (0.08)  (0.17)
Reg(1)  0.46%%  0.50%*  0.46%* 0.31%F  0.36%F  0.33%* 0.39%*  0.43%F  0.44%*
(0.00)  (0.00)  (0.00) (0.00)  (0.00)  (0.00) (0.00)  (0.00)  (0.00)

Y/B 010  0.13 0.08 0.05  0.03 0.00 012  0.11 0.05
(0.91)  (0.82)  (0.97) (1.00)  (1.00)  (1.00) (0.84)  (0.85)  (0.98)

dA/A 014  0.12 0.08 010  0.14 0.13 0.02  0.08 0.07

(0.77)  (0.82)  (0.96) 0.97)  (0.77)  (0.86) (1.00)  (0.98)  (0.99)




€g

All 1G Junk
SR(R) SR(as) SR(ag) SR(R) SR(as) SR(ag) SR(R) SR(as) SR(ag)
Panel B: Net Returns/Alphas from Bao, Pan, and Wang (2007) trading costs

logMC 0.18 0.19 0.12 0.06 0.00 —0.02 0.12 0.12 0.08
(0.43)  (0.33)  (0.85) (0.99)  (1.00)  (1.00) (0.86)  (0.85)  (0.98)

R.4(2,6) —0.85 —0.88 —0.88 —0.97 —1.03 —1.02 —0.45 —0.46 —0.45
(1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00)

Req(l) —1.86 —1.87 —1.92 —2.08 —2.16 —2.18 —1.04 —1.15 —1.11
(1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00)

Y/B 0.01 0.01 —0.03 —0.02 —0.05 —0.08 0.05 0.03 —0.03
(1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00) (0.99)  (0.99)  (1.00)

dA/A  —0.02 —0.05 —0.09 —0.06 —0.08 —0.09 —0.07 —0.04 —0.04
(1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00)

Panel C: Net Returns/Alphas from Edwards, Harris, and Piwowar (2011) trading costs

logMC 0.20 0.21 0.14 0.10 0.05 0.03 0.15 0.15 0.11
(0.29)  (0.18)  (0.74) (0.93)  (0.99)  (1.00) (0.68)  (0.65)  (0.90)

R.(2,6) —0.01 —0.02 —0.02 —0.06 —0.03 —0.04 0.12 0.14 0.13
(1.00)  (1.00)  (1.00) (1.00)  (1.00)  (1.00) (0.85)  (0.69)  (0.65)

Req(l) 0.14 0.17 0.14 —0.07 —0.03 —0.06 0.12 0.14 0.15
0.77)  (0.52)  (0.71) (1.00)  (1.00)  (1.00) (0.80)  (0.71)  (0.60)

Y/B 0.09 0.11 0.06 0.04 0.02 —0.01 0.10 0.10 0.04
(0.95)  (0.89)  (0.98) (1.00)  (1.00)  (1.00) (0.90)  (0.91)  (0.99)

dA/A 0.11 0.09 0.05 0.07 0.10 0.09 0.00 0.06 0.04
(0.90)  (0.92)  (0.99) (0.99)  (0.95)  (0.97) (1.00)  (1.00)  (1.00)




Table Al: Summary Statistics on Bond Returns by Data Source

The table presents summary statistics for all bonds used in the paper. Bonds are also divided into
investment grade (IG) and speculative grade (junk) categories. Excess return is calculated in excess
of the matching Treasury bond which has the same coupons and repayment schedule. AR1 is the
first autocorrelation coefficient and AR1-ARG is the sum of the first six autocorrelation coefficients.
No Price Change is the number of observations with no price change from the previous month. %
Market Value is the time-series average of the ratio of the market value of bonds in a specific rating
category to the total market value of all bonds. Mat is the average time to maturity in years. The
sample period is 1973 to 2014.

N No price % Market Mat Excess returns
Change Value Mean SDev Median AR1 ARI-ARG6
All
All 924,859 16,912 100.0 12.2  0.11 2.93 0.10 —0.13 —0.11
1G 726,163 8,042 76.7 13.3 0.06 238 0.06 —-0.24 —0.23
Junk 190,631 8,485 22.2 8.7 0.26 4.24 0.28 —0.01 0.02
Lehman Brothers
All 643,016 13,155 25.2 13.9  0.07 292 0.07 —0.16 —0.18
IG 527,706 7,541 20.4 14.4  0.03 2.36 0.04 —0.28 —0.29
Junk 108,560 5,297 4.7 11.1 0.22 4.75 0.19 —0.02 —0.06
TRACE
All 204,596 1,625 53.3 9.2 0.18 2.67 0.13 —0.08 0.04
1G 152,259 230 43.7 10.0 0.14 239 0.09 —-0.13 —0.05
Junk 51,841 1,383 9.6 6.8 0.27  3.36 0.37 0.02 0.17
Mergent
All 12,281 163 6.7 10.3  0.12 3.67 0.18 —0.16 —0.27
1G 7,363 40 5.6 12.2 —0.01 3.04 0.09 —0.22 —0.40
Junk 4,874 114 1.1 7.6 0.29 4.42 0.38 —0.11 —0.20
Datastream

All 64,966 1,969 14.7 8.4 0.26 3.62 0.22 —0.03 0.10
1G 38,835 231 7.0 11.6  0.14 246 0.13 —0.16 —0.08
Junk 25,356 1,691 6.8 5.9 041 3.42 0.42 0.05 0.19
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Table A2: Monthly Cross-Sectional Regressions of Bond Returns: Robustness
Checks

We run the following cross-sectional regression each month:

Rt = ot + vy Zeqi—1 + vaRit + V3 Rir—2:—6 + YarDDig—1 + 5 L5 + ¢,

where Rj; is the excess bond return, Zeg;;—1 are lagged equity return predictors (the momentum
returns are lagged by an additional month), DD is the distance-to-default, and LeA™hud ig the
Amihud illiquidity measure’s logarithm. Equity return predictors are described in Table 2. Panel
A shows the results when we do not include matrix prices in the bond sample. Panel B shows the
results when we do not include Datastream in the bond sample. Panel C shows the results when
we prioritize the databases in the following order: the Lehman Brothers Fixed Income Database,
TRACE, Mergent FISD/NAIC, and Datastream. Panel D shows the results when we include
fixed effects for callable bonds in cross-sectional regressions. In each panel, the columns entitled
“Difference from full-sample” show the difference of these results from those presented in Table 5.
Newey-West (19987) corrected (using 12 lags) t-statistics are given in parentheses. We denote
statistical significance at the 10% and 5% level with one and two asterisks, respectively. The
sample period is 1973 to 2014.
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Without matrix

Without Datastream

With reverse ordering

With fixed effects

prices of databases for callable bonds
New Difference New Difference New Difference New Difference
logM(C  —3.82%* —0.46 —4.20%* —0.08 —3.44* —0.84 —5.02%* 0.74
(—2.14)  (-0.52) (—2.67)  (—0.09) (-1.84)  (—0.59) (=3.37)  (1.43)
log B/M —1.64 0.44 0.05 —1.25 1.77 —2.97 —1.50%* 0.31
(-0.92)  (0.31) (0.04)  (=1.17) (0.71)  (~1.23) (-1.89)  (0.68)
Req(Q, 6) 10.21** —1.15 T.72%* 1.33%* 10.17** —1.11 9.39** —0.33*
(5.20) (—0.71) (8.26) (3.43) (4.73) (—0.68) (7.98) (—1.68)
Req(l) 15.03** —1.41 11.62** 1.99%* 13.49** 0.12 13.53** 0.08
(6.91)  (—1.21) (6.92) (2.58) (6.27) (0.14) (7.09) (0.46)
Y/B  —4.14%* —0.34 —3.64%* —0.84 —0.08 —4.40 —4.40%* —0.08
(-1.89)  (—0.16) (-3.61)  (—1.16) (-0.02)  (—1.20) (—3.68)  (—0.41)
NS 0.29 0.66 2.82%* —1.86** —0.11 1.06 1.01 —0.06
(0.16) (0.72) (3.08) (—4.09) (—0.05) (1.06) (0.61) (—0.23)
Ac/A 1.26 —0.11 1.01 0.14 —0.76 1.91 1.02 0.13
(0.97) (—0.08) (1.59) (0.25) (—0.45) (0.81) (0.84) (0.99)
dA/A —-3.54 1.21 —2.69 0.36 —1.32 —1.01 —2.05 —0.28
(-1.60)  (0.62) (—2.49)  (0.70) (—0.84)  (~1.32) (-1.56)  (—1.08)
SUE —0.12 0.44 1.77 —1.46 —1.22 1.53 —0.12 0.43
(-0.04)  (0.18) (1.29)  (—1.20) (-0.54)  (0.79) (—0.08)  (1.11)
IdioVol —2.61 0.70 1.56 —3.48 1.13 -3.05 —2.24 0.33
(-1.33)  (0.57) (0.71)  (—2.48) (0.56)  (—1.11) (-0.92)  (0.61)
Rpq(2,6) —16.42%* 3.89** —15.23** 2.70 —12.22%%* —0.31 —12.84%* 0.31
(=5.52)  (1.99) (—4.61)  (1.27) (=5.35)  (—0.28) (=5.20)  (0.91)
Rpq(1) —50.13** 5.76%* —45.50%* 1.12 —33.51*%*  —10.87** —45.22%* 0.84**
(—12.34) (3.66) (—8.35) (0.34) (—10.50) (—2.90) (—10.79) (2.49)
DD  —5.78%* 0.01 —2.62%* —3.15%* —4.12%* —1.65%* —5.89** 0.12
(=3.94)  (0.01) (—1.96)  (—2.31) (—2.92)  (—2.27) (=3.46)  (0.48)
LeAmihud g 5k —2.80* 6.24 —2.49 4.13%* —0.39 4.13%* —0.38*
(2.92)  (=1.74) (1.59)  (—0.67) (2.89)  (—0.64) (2.65)  (—1.74)
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Figure 1: Hedge Portfolio Returns for Investment Grade and Junk Bonds
Equity return predictors are described in Table 2. We sort bonds into deciles and calculate equal-weighted excess bond returns. Excess
bond return is calculated in excess of the matching Treasury bond that has the same coupon and repayment. We sort at the end of
January of every year and hold these portfolios for one year for the variables log MC, Y/B, and dA/A. We sort at the end of each month
and hold these portfolios for one month for the variables R¢,(2,6) and Rq(1). Excess bond return is calculated in excess of the matching
Treasury bond that has the same coupon and repayment. We form these portfolios for the subsample of IG and junk bonds. The figure
shows the returns on these decile portfolios. All returns are in percentage per month. The sample period is 1973 to 2014.
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