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Abstract: Using an aggregate credit spread index, we find that it has substantial predictive
power for corporate bond returns over short and long horizons. The return predictability is
economically and statistically significant and robust to various controls. The credit spread index
and its components have more predictive power for bond returns than conventional default and
term spreads. When decomposing the credit spread index into investment- and speculative-grade
components, the latter has more predictive power for future bond returns. The source of the index’s
predictive power is from its ability to forecast future economic conditions.
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1. Introduction

Credit markets have provided some of the most valuable information, which has been shown
to be superior to stock market information, for predicting future economic conditions (see Fama and
French 1989, 1993; Gilchrist and Zakrajsek 2012; Guo et al. 2019). Financial intermediaries play an
important role in supplying funds to the economic system. Changes in the capital position of financial
intermediaries can have significant impacts on the supply of credit and cost of debt financing and
consequently, on consumer spending, production, and the performance of real economy. Academicians
and practitioners have long relied on credit spreads—differences in the yields between various corporate
debt instruments and government debts of equal maturity—to extract expectations of future business
conditions. Credit spreads serve as a gauge of the strain in the financial system and lending risk,
which have important economic consequences. Through this vital role, changes in credit spreads can
provide credible signals for business risk and future economic conditions.

In a seminal paper, (Gilchrist and Zakrajsek 2012) propose a new credit spread index—the so-called
“GZ credit spread”—from individual corporate bonds yield spreads, and demonstrate that this index
has high predictive power for future economic activity. They find that this index is a more powerful
predictor for future economic activity than any other credit spread predictors used in the literature, e.g.,
BAA-AAA corporate bond spreads, and commercial paper-Treasury spreads, etc. Given the superior
performance of the GZ index in predicting future economic conditions, a question that naturally arises
is whether this index also has power for forecasting asset returns.

This paper explores the ability of the GZ credit spread index to predict corporate bond returns.
Credit risk is the most important determinant of risky bond returns (see Longstaff et al. 2005;
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Lin et al. 2011; Chung et al. 2019). Modern asset pricing theory suggests that time-varying risk
premiums associated with changing business conditions are a driving force for return predictability.
If the GZ index is a powerful forecaster for macroeconomic performance, it should have high predictive
power for future bond returns. However, return predictability also depends on other variables such as
interest rates, term spreads, and firms’ expected cash flows (see Rapach et al. 2010). Thus, although GZ
has shown that their credit spread index is an effective forecaster for future economic activity, it is not
clear whether this predictive ability will translate into a high predictive power for future bond returns
over and beyond usual predictors.

The question of whether the GZ spread index has predictive power for returns is of interest in and
of itself, but perhaps a more interesting issue is how the GZ index may fare against traditional credit
spread variables such as default spreads, commercial paper yield spreads, issuer quality, and bond-level
yield spreads in return predictability. Previous studies have found that these variables can also predict
future asset returns. The issue at hand is not only whether the GZ credit spread index will perform
better than traditional credit spread variables, but also in what capacity it drives future returns. If the
GZ credit spread captures information not available in other predictors, it would be beneficial to
combine the GZ spread with them to improve the performance of a predictive model.

In this paper, we examine the predictive power of the GZ index and traditional credit market
predictors for corporate bond returns. Our focus on corporate bond predictability is motivated by
several reasons. First, credit spread measures are constructed from the bond market data. If these
measures have any predictive power, it should be more clearly manifested in the bond market. Second,
the literature for corporate bond return predictability is small. Although it has been shown that
credit spreads can predict stock returns, this issue is considerably underexplored in the corporate
bond market. Given that the debt market is much larger than the equity market and is the most
important venue for corporate long-term financing, it is essential to understand return predictability in
this market.

We evaluate the predictive power of the GZ credit spread index relative to other return predictors,
which include traditional default spread and term structure variables (see Fama and French 1993;
Greenwood and Hanson 2013). Moreover, we conduct combination forecasts by combining the GZ
index with other predictors to see if it can further improve the out-of-sample performance. Previous
studies have found that different predictors contain different sources of information for asset returns (see
Rapach et al. 2010). As such, combining different predictors has a potential to generate better forecasts.

We uncover the new evidence that the GZ credit spread index and its components have superior
predictive power for future returns. Predictability is higher for low-rated and short-maturity bonds.
Return predictability is of economic significance and is robust to controlling for asset return correlations
and transaction costs. Corporate bond return predictability is closely related to business cycles; return
predictability is stronger when economic conditions are poor. The GZ index calculated from high-yield
bond data contains more information to predict corporate bond returns than the GZ index based on
investment-grade bonds. One possible reason is that speculative-grade bond yield spreads are more
sensitive to changes in economic conditions and therefore, provide better signals for future economic
performance and returns.

Combining the GZ variables with term structure variables generates better forecasts for
corporate bond returns. However, combining the GZ variables with other conventional credit
spread variables produces no significant forecast gains. The results suggest that the GZ variables
encompass the information in traditional credit spread variables. Finally, including macroeconomic
and policy uncertainty variables in the predictive regression further improves the forecast performance.
More importantly, we find that the GZ variables contain valuable information for future corporate
bond returns over and beyond that embedded in macroeconomic and policy uncertainty variables.

The remainder of this paper is organized as follows. Section 2 provides a literature review.
Section 3 discusses our empirical methodology and test procedure. Section 4 describes the data and
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Section 5 reports empirical results. Finally, Section 6 summarizes our major findings and concludes
the paper.

2. Literature Review

Alarge literature dated back to (Dow 1920), has investigated whether asset returns are predictable.
(Welch and Goyal 2008; Rapach et al. 2010) provide a nice summary of prior research. Despite
enormous efforts devoted by academic researchers in past several decades, return predictability
remains controversial. (Welch and Goyal 2008) examine a long list of predictors from the literature and
find that they cannot provide better stock return forecasts than a simple forecast based on the historical
mean return. On the other hand, a number of studies have shown that returns are predictable (see,
for example, Rapach et al. 2010; Thornton and Valente 2012; Gargano et al. 2019). The vast literature
has focused on the predictability of stock and Treasury bond returns. Only a few studies examine the
time-series predictability of corporate bond returns (see Keim and Stambaugh 1986; Fama and French
1989; Lin et al. 2014, 2018).

Among along list of return predictors, credit spread variables have attracted considerable attention
from financial researchers. (Fama and French 1989) are the first to show that default spreads contain
important information for expected returns. They find that variations in default spreads are closely
related to long-term business conditions that span over several business cycles. They suggest that
default spreads capture time-varying risk premiums induced by shocks to economic fundamentals.
Since the pioneering work of (Fama and French 1989), voluminous studies have explored the predictive
information content of conventional credit spread measures (see, for example, (Friedman and Kuttner
1992; Emery 1996; Gertler and Lown 1999; Welch and Goyal 2008; Gilchrist et al. 2009; Rapach et al.
2010; Greenwood and Hanson 2013; Lin et al. 2014). It has been shown that conventional credit spreads
have predictive power for future asset returns.

In a seminal paper, (Gilchrist and Zakrajsek 2012) construct a new credit spread index directly
from individual bond spreads and find they have superior predictive power for future economic
conditions. Since risk premiums vary with economic conditions, this finding raises an issue of whether
their credit spread index can predict asset returns better than conventional credit spread measures.
In this paper, we examine this issue using corporate bond return data. To our knowledge, no prior
research has investigated the predictive power of the GZ index for asset returns. Our work represents
the first study on this issue in the corporate bond market.

3. Empirical Methodology

This section outlines our empirical methodology. We use predictors at time f to forecast future
corporate bond returns over different horizons (k) using the following predictive regression:

e = 00 + 01Xt + €1, (1)

where 7 is the return of corporate bonds between time t and ¢t + k, X; is a vector of predictors, and €;
is the error term. The dependent variable can be the excess return or the credit spread component of
corporate bond returns. The former is the return of a corporate bond in excess of one-month Treasury
bill rate whereas the latter is the bond return in excess of the return of a risk-free asset (Treasury) with
the same maturity. Using the credit component of returns allows us to separate its predictability from
that of the interest rate component in corporate bond returns.

Our baseline analysis includes three sets of predictors. The first set of variables consists of the
GZ-family predictors, which are constructed using the method suggested by (Gilchrist and Zakrajsek
2012). These variables include actual GZ spreads (AGZ), predicted GZ spreads without an option
adjustment (PGZ1), predicted GZ spreads with an option adjustment (PGZ2), and the excess bond
premium (EBP). The second set of variables contains term structure predictors such as the short-term
interest rate level (TBL) and the term spread (TMS) or the slope of yield curve. The third set consists of
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conventional credit spread predictors used in the literature, such as default spreads (DFS), commercial
paper spreads (CPS), and bond issuer quality (IQ).! We compare the ability of these variables to predict
corporate bond returns in and out of sample. In an extended analysis, we further investigate the role
of macroeconomic and policy uncertainty variables in bond return predictability.

(Gilchrist and Zakrajsek 2012) show that their credit spread variables have substantial predictive
power for future economic activity. As asset risk premiums are closely linked to economic conditions,
high during the economic downturn and low during the economic expansion, any variable that
can predict economic conditions stands a good chance to have predictive power for asset returns.
We therefore examine whether the GZ variables have higher predictive power than traditional credit
spread variables.

The GZ credit spread variables are constructed by yield spreads from a broad base of individual
bonds. The construction of these variables involves two steps (see Appendix A for the detailed
procedure). The first step is to calculate the credit spread of an individual corporate bond and average
them across bonds in the sample each month. This step involves estimating the yield of an equivalent
risk-free security with identical cash flow and maturity as the corporate bond, and subtracting it from
the promised yield of the corporate bond to generate the credit spread. The second step is to decompose
the credit spread into the expected and unexpected components for each individual bond and then
aggregate them across bonds. The expected component is obtained by regressing the credit spread of
each bond against the distance-to-default of the (Merton 1974) model, bond duration, issuance amount,
coupon rate, and bond age. The difference between the credit spread index obtained in step one and
the expected spread index in step two is the unexpected component of credit spreads, which is dubbed
the excess bond premium (EBP) by (Gilchrist and Zakrajsek 2012).

Many corporate bonds in our sample include a call provision. To control for the effect of bond call
option, we include the call provision (indicator), interest rate volatility, and term structure variables in
the regression to capture these effects on the predicted component of credit spreads. Then, following
the same procedure above, we obtain the expected and unexpected components of aggregate credit
spreads. We denote the predicted GZ spread without the option adjustment as PGZ1 and that with
the option adjustment as PGZ2. The excess bond premium is obtained using these two expected
returns separately.

3.1. Empirical Tests

We estimate the predictive regression over different return horizons: Monthly (k = 1), quarterly
(k = 3), and annually (k = 12). For in-sample tests, we use the adjusted R? to compare the performance
of different predictive regressions. For out-of-sample tests, we estimate the parameters of the predictive
regression model recursively and use the out-of-sample R? to evaluate forecasting efficiency. Suppose
that the sample period is from time 1 to T, and the out-of-sample forecast begins from time s. At any
time ¢ between s and T, we use the information up time ¢ to estimate the coefficients, and then use the
coefficients and the value of variables at time f to forecast corporate bond returns in the following k
periods. Similarly, at time ¢ + 1, we use the data up to ¢ + 1 for the forecast and so forth, until T — k.
We use the same recursive method to calculate the historical average, that is, historical mean returns
are also updated each period. To be consistent with theory, we follow (Campbell and Thompson 2008)
to set the regression coefficient to zero if it has a wrong sign and set the forecast to zero if the forecast
of bond premium is negative.

To assess the out-of-sample performance, we calculate the following out-of-sample R statistic
(see Fama and French 1989; Campbell and Thompson 2008):

1 These predictors are explained in detail in the data section.
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Tk 5 \?
Yiss (T’t,k - T’t,k)

T—k - 2’
Zt:s (Vt,k - T’t,k)
where 7, is the realized return between t and t + k, #;; is the out-of-sample forecast from the
predictive regression, and 7,y is the out-of-sample forecast based on the updated historical average,
Tk = %{ an_il Ttk Rzos measures the improvement in mean-square-prediction errors (MSPE) for
a predictive regression over the historical average forecast. A positive Rés implies the predictive
regression forecast outperforms the historical mean forecast.

(Clark and West 2007) provide a one-sided test of the null hypothesis that expected squared

prediction errors from the historical mean forecast and the predictive regression forecast are equal,

against the alternative that the latter has lower squared prediction errors. To test the significance of

2
0s’

2
Rpg=1-

)

out-of-sample R% ., following (Clark and West 2007), we first compute the squared error difference,

Hek = (ft,k - 7t,k)2 - [(ft,k - ft,k)z - (afk - ffrk)z] 3)

and then regress i, x on a constant to obtain the ¢-statistics of its intercept. This statistic gives a p-value
for the one-sided test under the standard normal distribution. We adjust standard errors by the method
of (Hodrick 1992) to account for the effect of overlapping residuals when the forecast horizon is longer
than one month.

In addition to individual forecasts, we employ the combination forecast as in (Rapach et al. 2010)
to reduce the impacts of model uncertainty and instability in forecasting by individual predictors.
Given L predictors, we have L out-of-sample forecasts, denoted as 7;, i = 1, 2, ..., L. The combination
forecast at time t is the weighted average of L individual forecasts, 7.y = ZiLzl @jtTit k, Where wj; is
the weight for combining individual forecasts. In empirical investigation, we focus on the mean
combination forecast.?

3.2. Asset Allocation

The return forecast provides important information for asset allocation. Different return forecasts
will result in different portfolio choices, which give investors distinct risk and return trade-offs.
An important question is whether the impact of using the predictive model in return forecasts is
economically significant. Following (Marquering and Verbeek 2004; Welch and Goyal 2008; Campbell
and Thompson 2008), we use the realized utility gain for a mean-variance investor as a measure
of economic significance. This measure is calculated from the portfolio allocation based on either
historical mean or the predictive regression forecast.

A mean-variance investor who forecasts the return with horizon k using a model i will decide

7,
at time ¢ to allocate a proportion of the portfolio w;; = 1( — ) to risky bonds between t and t + k,

vl 32
Y\ %k
where 6? 1 x is the estimate of the variance of bond excess returns, y is the risk aversion coefficient,

and i = 1 or 0, represents the return forecast using the predictive model (1) and the historical mean
(0), respectively. The risk aversion coefficient is set equal to five (see also Thornton and Valente 2012).
We use the 10-year rolling window to estimate the variance of bond returns.?

Over the out-of-sample period, an investor using a model i to forecast returns with horizon k

earns an average utility level of

. . 1 .
Ok = fik = 5V 00 @)

(Rapach et al. 2010) show that mean combination forecasts perform as well as more complicated weighting schemes.
Our results are not sensitive to the value of the risk aversion coefficient. Following the convention (see Campbell and
Thompson 2008), the portfolio weight is constrained between 0% and 300%.

3
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where 1;; and 6?,}« i =1 and 0, are the sample mean and variance of returns of the portfolio formed by
the excess return forecasts based on the predictive model (1) and the historical average (0), respectively.
01 — Opx is the difference in the certainty equivalent returns for the two different portfolio choices,
which gives a direct measure of economic significance based on utility gains.

(Thornton and Valente 2012; Gargano et al. 2019; Sarno et al. 2016) suggest a joint asset allocation
approach when studying the predictability of Treasury market returns. Using this approach, we examine
the robustness of results by testing economic significance of multiple risky assets jointly. Suppose
that there are N risky assets. The predicted return vector forecasted by model i is ’?it,k where
i = 1,0 represents the forecast using the predictive regression and historical average, respectively.
Given the return variance-covariance matrix at time ¢, ); 1, an investor will optimally allocate risky

assets jointly by

1 A-14 .
Hi,t = )_/Qt,k Yit,kr i=1,0. (5)

Once the optimal weight vector is obtained, we follow a similar process for the univariate risky
asset to calculate the realized utility levels of the predictive and historical mean models, and assess the
utility gain of the predictive regression by taking the difference of two utility levels.

4. Data

Corporate bond data are collected from several sources: The Lehman Brothers Fixed Income (LBFI)
database, Datastream, the National Association of Insurance Commissioners (NAIC) database, the
Trade Reporting and Compliance Engine (TRACE) database, and Mergent'’s Fixed Investment Securities
Database (FISD). Using individual bond data from these sources to form portfolios, we examine return
predictability for bonds with different ratings and maturities.

The LBFI database consists of monthly data for corporate bond issues from January 1973 to March
1998. The database includes month-end prices, accrued interest, rating, issue date, maturity, and other
bond characteristics. Datastream reports the daily corporate bond price, which is an average price
across all market makers for abond. We select only US dollar-denominated bonds with regular coupons.
The TRACE and NAIC databases contain transaction data for corporate bonds. NAIC includes the data
of corporate bonds traded by life, property and casualty insurance companies, and health maintenance
organizations (HMOs). The TRACE coverage begins in July 2002 and the NAIC data start from January
1994. TRACE initially covers only a small portion of corporate bond trades and we use the data from
NAIC to augment the sample size. We use the procedure suggested by (Bessembinder et al. 2009) to
filter out cancelled, corrected, and commission trades. Daily prices are the trade size-weighted average
of intraday prices over the day. The FISD database provides issue- and issuer-specific information
for bonds maturing in 1990 or later. The data items include coupon rate, issue date, maturity date,
issue amount, ratings, provisions, and other bond characteristics.

We merge the data from all sources. Month-end prices are used to calculate monthly returns.
The monthly corporate bond return as of time ¢ is computed as follows:*

(Pt + Al;) + Ct — (Pyy + A1)

Ry = 6
: Py + Al ©

where P; is the price, Al is accrued interest, and C; is the coupon payment, if any, in month ¢. We drop
the Datastream data if returns are available from other sources. We choose transaction-based data
when both LBFI and transaction-based data are available. The combined corporate bond return data
run from January 1973 to December 2014. We exclude bonds with maturity less than one year and
longer than 30 years, and select only straight bonds to avoid confounding effects of embedded options.

4 We use log returns so that long horizon returns can be easily calculated by the sum of monthly returns.
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However, we include the callable bonds when constructing the marketwide GZ spread. The final
sample includes 1,069,794 monthly return observations for 39,377 bonds issued by 4549 firms.

We construct the credit spread variables using the procedure suggested by (Gilchrist and Zakrajsek
2012). Figure 1 plots the time series of GZ spreads, which resemble those reported by (Gilchrist and
Zakrajsek 2012). These variables have the largest spike during 20072009, reflecting the impact of the
financial crisis.

T I

L 4
= Actual GZ spread
wunn Predicted GZ spread without option adjustment

4r Predicted GZ spread with option adjustment 1

2 I WP T .

e
0 | \ \ \ | | \ |
1973 1978 1983 1988 1993 1998 2003 2008 2013

Figure 1. The Gilchrist and Zakrajsek (GZ) spreads and the excess bond premium. This graph plots
the time series of GZ spreads, including the actual GZ spread, predicted GZ spread without option
adjustment, and predicted GZ spread with option adjustment.

In addition to the GZ predictors, we use the following predictors in our empirical analysis:

a. Default spread, DFS: The difference between BAA- and AAA-rated corporate bond yields.
The data are downloaded from Amit Goyal’s webpage.

b. Issuer quality, IQ: Following (Greenwood and Hanson 2013), we calculate the fraction of
nonfinancial corporate bond issuance in the last 12 months with a speculative grade,

Yo Junkig

232:1 Invest;—g + 231:1 Junk;_g

IQ; = @)

where Junk; and Invest; are the par values of issuance with a speculative and investment grade
in month ¢, respectively. The data of monthly issues for the period 1973-1993 are from the Warga
tape and after 1994, from the FISD.

C. Commercial paper spread, CPS: The difference between the one-month nonfinancial commercial
paper rate and the one-month Treasury bill rate downloaded from the Federal Reserve.

d.  Treasury bill rate, TB: The interest rate on a three-month Treasury bill (secondary market) from
the Federal Reserve.

e. Term spread, TMS: The difference between the long-term yield and the Treasury bill rate taken
from Amit Goyal’s webpage.

5. Empirical Results

We run predictive regressions using bond portfolio returns as the dependent variable.
Value-weighted portfolios are formed each month by rating and maturity. In each month, we sort all
bonds independently into four rating portfolios: AAA/AA, A, BBB and junk bonds, and five duration
portfolios based on the quintiles of bond duration distribution. In all, 20 portfolios are constructed at
the intersection of ratings and duration (maturity).

Table 1 reports summary statistics of bond portfolios and predictive variables. Panel A shows
mean and standard deviation of bond returns by rating and maturity. Both average return and volatility
increase as the rating decreases. In addition, average returns and volatility are higher for long-maturity
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bonds. Panel B reports summary statistics of predictors in three categories: Conventional credit
spreads, GZ spreads, and term structure variables, and Panel C shows correlations among predictors.
Correlations are generally moderate except for those variables in the GZ family. Moderate correlations
suggest that these predictors contain different information, which may complement each other.

Table 1. Summary statistics of corporate bond portfolios and the predictors. This table reports the
summary statistics of corporate bond portfolios and the predictors used in the analysis. Panel (A)
reports summary statistics of corporate bond portfolios, including rating portfolios, and short- and
long-duration portfolios. In each month, we sort all bonds independently into four rating portfolios and
five duration portfolios. In all, 20 duration portfolios are constructed at the intersection of rating and
duration. Short (long) duration portfolio is the lowest (highest) quintile duration portfolio. The results
of both excess return and duration-adjusted excess return are reported. The excess return is the return
adjusted by the one-month risk-free interest rate, while the duration-adjusted excess return is the return
adjusted by the return of duration-matched Treasury securities. Panel (B) reports summary statistics
of predictors used in the analysis, including the default spread (DFS), the issuer quality index (1Q),
the commercial paper spread (CPS), the actual GZ spread (AGZ), the predicted GZ spread without
option adjustment (PGZ1), the predicted GZ spread with option adjustment (PGZ2), the excess bond
premium excluding the effect of option adjustment on callable bonds (EBP), the three-month Treasury
bill rate (TBL), and term spreads (TMS). Panel (C) reports the correlation among predictors.

Panel (A) Summary Statistics of Corporate Bond Portfolios

Total Excess Returns Credit-Spread Excess Returns
Rating Duration Mean (%) SD (%) Mean (%) SD (%)
AAA/AA All 0.21 1.41 0.11 1.42
Short 0.13 0.71 0.07 0.72
Long 0.31 2.36 0.17 2.36
A All 0.26 1.62 0.16 1.62
Short 0.18 0.92 0.12 0.93
Long 0.36 2.55 0.22 2.53
BBB All 0.33 1.71 0.22 1.70
Short 0.26 1.24 0.20 1.25
Long 0.45 2.74 0.30 2.72
Junk All 0.48 2.10 0.38 2.10
Short 0.33 2.60 0.26 2.60
Long 0.78 3.03 0.64 3.01
All All 0.32 1.55 0.22 1.55
Short 0.22 1.12 0.16 1.12
Long 0.47 2.38 0.33 2.36
Panel (B) Summary Statistics of Predictors
Predictors Mean SD p@) p(12)
. DFS (%) 1.10 0.46 0.96 0.44
Comentenddeaat g
P CPS (%) 0.62 0.85 047 0.33
AGZ (%) 1.62 0.75 0.95 0.54
. . PGZ1 (%) 1.69 0.16 0.95 0.69
GZ-famil bl
amily variables PGZ2 (%) 1.66 0.50 093 0.65
EBP (%) -0.07 0.68 0.94 0.48
T truct iabl TBL (%) 5.02 3.40 0.99 0.85
erm structure variables TMS (%) 211 1.50 0.95 0.48
Panel (C) Correlation among Predictors
Predictors AGZ PGZ1 PGZ2 EBP DFS 1Q CPS TBL TMS
AGZ 1.00 0.50 0.84 0.98 043 -020 -0.15 -0.49 0.33
PGZ1 1.00 0.61 0.32 -005 -035 -0.11 -0.32 0.33
PGZ2 1.00 0.78 0.18 -028 -0.28 -0.64 043
EBP 1.00 0.49 -014 -0.14 -0.47 0.29
DFsS 1.00 0.20 0.14 0.25 0.09
1Q 1.00 0.09 0.31 -0.17
CPS 1.00 0.51 -0.40
TBL 1.00 -0.64
™S 1.00
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5.1. In-Sample Regressions

We first run univariate regressions of excess returns of corporate bonds against each individual
predictor. The dependent variable is the value-weighted excess return for each rating/duration portfolio.
The predictors include three sets of variables: Conventional default-risk predictors, the GZ-family
variables, and term structure variables. Tables 2—4 report the results of in-sample predictive regressions
over monthly, quarterly, and yearly return horizons. Many predictors are significant in terms of
t-statistics and have coefficients of predicted sign. We show the results for four rating portfolios:
AAA/AA, A, BBB, and junk bonds, and the full portfolio including all bonds.” Results show that
conventional default-risk indicators such as default spreads (DFS) and commercial paper spreads
(CPS) have predictive power. The predictive power of both variables is higher for lower-rated bonds
and increases as the return horizon lengthens. On the other hand, the issuer quality index (IQ) has
predictive power only for the yearly return horizon.

Relative to the conventional credit spread predictors, the GZ variables have much higher predictive
power. For the portfolio that includes all bonds, the GZ credit spread (AGZ) has an adjusted R? about
twice as large as that for the default spread over the quarterly and annual horizons. The predictive
power of the GZ variables is substantially higher for lower-grade bonds. Results show that these
credit spread variables capture the default risk premium of bonds, which is more important for
low-grade bonds.

When we decompose the GZ index into the predicted and unpredicted (the excess bond premium)
components, we find that both have predictive power but the former has higher power than the latter.
The predicted power of the credit spread components is not sensitive to the adjustment for the call
option. In fact, the predicted GZ component (PGZ1) has slightly higher predictive power than the
predicted component with an option adjustment (PGZ2). This finding suggests that the call option in
bonds contain useful information for future returns.

Interestingly, the predictive power is highest when we use both the predicted credit spread
component and the excess bond premium (PGZ1 + EBP) without the option adjustment as predictors.
The bivariate regressions based on these two variables produce the largest in-sample R?> among
all rating portfolios over the annual horizon. One possible explanation for this finding is that the
components of credit spreads contain differential information that captures different dimensions of
return predictability and thus, including these two components increases the predictive power for
corporate bond returns.

For term structure variables, we find that short rates have predictive power for corporate bond
returns. Interest rates are closely related with business cycles, high when the economy is good and low
when it is poor. The predictive power of interest rates increases as bond ratings decrease. The slope of
term structure or the term spread (TMS) also has predictive power. When including both the level
(TBL) and slope of the term structure (TMS) as predictors, the predictive power increases.

When further dividing the sample into different maturities, we find that conventional credit
spread variables and GZ variables have higher predictive power for short-duration bonds. Short rates
have higher predictive power for short-duration bonds than for long-duration bonds. Including both
short rates and term spreads has higher predictive power for long-duration bonds. The results suggest
that term spreads contain long-term information that is important for long-maturity bonds.

5 We combine AAA/AA bonds to increase reliability of estimation as in some years the number of AAA observation is low.

Our results are robust to separation of AAA from AA bonds (see Supplementary Materials posted online).
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Table 2. In-sample predictive regressions (Monthly). This table reports the in-sample parameter estimates and adjusted R? values of predictive regressions for the

monthly horizon. The excess return is used as the dependent variable. The predictors include three sets of variables: The conventional credit spread variables, the GZ

variables, and term structure variables. The conventional credit spread variables include the default spread (DFS), the issuer quality index (IQ), and the commercial
paper spread (CPS). The GZ-family credit spread variables include the actual GZ spread (AGZ), the predicted GZ spread without an option adjustment (PGZ1),
the predicted GZ spread with an option adjustment (PGZ2), and the excess bond premium without an option adjustment on callable bonds (EBP). Term structure
variables include the three-month Treasury bill rate (TBL) and the term spread (TMS). The t-values are calculated using the (Newey and West 1987) adjusted

standard errors.

Coefficients t-Values Adjusted R? Values

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All

DFS 0.17 0.47 0.53 0.67 0.45 1.37 3.34 3.38 3.79 3.29 0.17 1.99 2.04 2.60 1.93
1Q -0.10 0.23 0.04 0.30 0.14 -0.35 0.71 0.12 0.73 0.43 -0.18 -0.10 -0.20 -0.09 -0.16

CPS -0.17 -0.24 -0.30 -0.31 -0.26 -2.35 -3.03 -3.50 -3.15 -3.33 0.90 1.61 2.19 1.75 1.97

Rating AGZ 0.17 0.28 0.34 0.54 0.32 2.09 3.16 3.49 4.84 3.72 0.67 1.77 2.19 4.30 2.51
portfolios PGZ1 1.22 1.26 1.27 1.85 1.37 3.34 3.07 2.79 3.58 3.44 1.99 1.66 1.35 2.31 2.12
PGZ2 0.24 0.37 0.48 0.72 0.43 2.05 2.81 3.31 4.39 3.37 0.63 1.37 1.96 3.53 2.03

EBP 0.14 0.26 0.34 0.52 0.30 1.62 2.78 3.28 443 3.32 0.32 1.33 1.92 3.61 197

TBL —-0.04 -0.04 -0.08 -0.08 -0.06 -2.09 -2.37 -3.65 -3.45 -3.28 0.67 0.91 241 2.13 1.90

™S 0.13 0.19 0.25 0.26 0.21 341 4.39 5.45 4.82 5.06 1.89 3.38 5.25 4.11 4.50

DFS 0.17 0.36 0.56 0.69 0.47 2.68 5.14 5.82 4.65 5.60 1.22 4.84 6.17 3.96 5.71

1Q 0.07 0.25 0.22 0.49 0.28 0.48 1.49 0.94 1.41 1.40 -0.15 0.24 -0.02 0.20 0.19

CPS -0.06 -0.09 -0.13 -0.24 -0.13 -1.78 -2.29 -2.42 -2.90 -2.82 0.43 0.84 0.96 1.46 1.37

Short-duration AGZ 0.07 0.20 0.36 0.39 0.27 1.80 444 5.83 4.12 5.08 0.45 3.62 6.20 3.11 4.74
portfolios PGZ1 0.62 0.69 0.83 0.90 0.78 3.50 3.31 2.86 2.07 3.13 2.21 1.96 1.42 0.65 1.74
PGZ2 0.11 0.25 0.42 0.49 0.34 1.86 3.78 4.61 3.59 4.36 0.49 2.59 391 2.33 3.49

EBP 0.05 0.20 0.38 0.40 0.27 1.20 4.13 5.92 4.07 4.82 0.09 3.12 6.39 3.03 4.26

TBL —-0.01 -0.02 -0.04 -0.05 -0.03 -0.84 -1.91 -2.67 -2.53 -2.49 -0.06 0.53 1.21 1.07 1.03

™S 0.06 0.09 0.14 0.18 0.12 3.07 4.36 4.81 3.94 4.58 1.88 3.51 4.10 2.62 3.71

DFS 0.15 0.46 0.72 0.85 0.61 0.67 1.98 2.92 3.15 2.74 -0.11 0.58 1.48 1.75 1.28
1Q —-0.55 -0.16 0.09 0.42 -0.06 -1.09 —-0.30 0.15 0.66 -0.11 0.04 -0.18 -0.20 -0.11 -0.20

CPS —-0.30 -0.43 -0.48 -0.49 -0.44 -2.44 -3.37 -3.50 -3.28 -3.56 0.98 2.03 2.20 1.90 227

Long-duration AGZ 0.31 0.36 0.47 0.70 0.48 2.25 243 3.04 4.11 3.44 0.80 0.97 1.63 3.09 2.13
portfolios PGZ1 1.82 2.01 1.58 2.78 2.07 2.88 2.99 2.20 3.54 3.21 1.44 1.56 0.76 2.26 1.83
PGZ2 0.42 0.49 0.64 0.92 0.63 2.08 2.30 2.80 3.69 3.07 0.66 0.86 1.36 2.46 1.67

EBP 0.28 0.31 0.47 0.66 0.46 1.89 1.99 2.88 3.68 3.13 0.52 0.59 1.44 2.46 1.73

TBL -0.09 -0.09 -0.10 -0.11 -0.10 -2.98 -2.89 -2.92 -2.92 -3.26 1.55 1.45 1.48 1.48 1.89

™S 0.24 0.33 0.34 0.38 0.33 3.72 4.73 4.58 4.69 5.05 243 3.90 3.64 3.83 4.48
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Table 3. In-sample predictive regressions (Quarterly). This table reports the in-sample parameter estimates and adjusted R? values of predictive regressions for the
quarterly horizon. The excess return is used as the dependent variable. The predictors include three sets of variables: The conventional credit spread variables, the GZ
variables, and term structure variables. The conventional credit spread variables include the default spread (DFS), the issuer quality index (IQ), and the commercial
paper spread (CPS). The GZ-family credit spread variables include the actual GZ spread (AGZ), the predicted GZ spread without an option adjustment (PGZ1),
the predicted GZ spread with an option adjustment (PGZ2), and the excess bond premium without an option adjustment on callable bonds (EBP). Term structure
variables include the three-month Treasury bill rate (TBL) and the term spread (TMS). The t-values are calculated using the (Newey and West 1987) adjusted

standard errors.

Coefficients t-Values Adjusted R? Values

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All

DFS 0.09 0.44 0.49 0.61 0.44 1.06 441 4.63 4.99 4.56 0.03 3.54 3.90 4.53 3.78
1Q -0.13 0.25 0.08 0.36 0.15 -0.66 1.07 0.30 1.24 0.66 -0.11 0.03 -0.18 0.11 -0.11

CPS -0.07 -0.12 -0.20 -0.19 -0.15 -1.49 -2.17 -3.33 -2.72 -2.67 0.24 0.73 197 1.25 1.20

Rating AGZ 0.18 0.31 0.41 0.56 0.39 3.44 5.03 6.18 7.48 6.46 2.12 4.63 6.92 9.89 7.52
portfolios PGZ1 1.31 1.35 1.43 1.98 1.52 5.54 4.68 4.61 5.60 5.41 5.59 4.01 3.89 5.71 5.35
PGZ2 0.24 0.34 0.50 0.66 0.45 3.10 3.71 5.17 5.93 5.02 1.69 248 4.88 6.38 4.61

EBP 0.14 0.29 0.39 0.54 0.37 2.50 4.29 5.56 6.79 5.70 1.03 3.36 5.63 8.27 5.91

TBL -0.03 -0.04 -0.06 -0.07 -0.05 -2.71 -2.64 —4.51 —4.24 -3.79 1.25 1.17 3.70 3.27 2.59

™S 0.14 0.19 0.25 0.26 0.21 5.67 6.47 8.22 7.19 7.41 5.89 797 11.61 8.99 9.71

DFS 0.11 0.32 0.49 0.68 0.46 2.65 6.60 7.42 6.94 8.02 1.18 7.81 9.71 8.58 11.19

1Q 0.07 0.25 0.20 0.53 0.28 0.67 2.10 1.23 2.23 1.94 -0.11 0.68 0.10 0.79 0.55

CPS 0.01 -0.03 -0.08 -0.13 -0.06 0.24 -1.01 -2.00 -2.22 -1.74 -0.19 0.01 0.60 0.77 0.40

Short-duration AGZ 0.08 0.18 0.38 0.47 0.33 2.82 5.86 9.25 7.50 9.24 1.36 6.23 14.44 9.94 14.41
portfolios PGZ1 0.63 0.68 1.00 0.97 0.87 5.04 4.71 5.07 3.24 4.96 4.65 4.05 4.70 1.87 4.49
PGZ2 0.09 0.19 0.46 0.53 0.38 2.32 4.15 7.58 5.71 6.99 0.87 3.13 10.14 5.93 8.72
EBP 0.06 0.17 0.38 0.50 0.34 1.90 5.23 8.67 7.65 9.00 0.51 5.00 12.90 10.30 13.77

TBL 0.00 -0.01 -0.03 -0.04 -0.02 -0.13 -1.40 -3.59 -3.15 -2.86 -0.20 0.19 2.31 1.74 1.41

™S 0.05 0.08 0.15 0.18 0.12 4.04 5.67 7.51 6.00 6.66 4.74 7.18 10.10 6.44 8.30

DFS 0.02 0.45 0.69 0.88 0.53 0.14 2.96 4.32 491 3.67 -0.20 1.52 3.39 4.39 242
1Q -0.52 -0.08 0.16 0.46 -0.01 -1.68 -0.22 0.42 1.08 -0.03 0.36 -0.19 -0.16 0.04 -0.20

CPS -0.20 -0.26 -0.35 -0.31 -0.29 -2.62 -3.11 -3.92 -3.08 -3.59 1.15 1.69 2.77 1.66 2.31

Long-duration AGZ 0.32 0.45 0.54 0.78 0.53 3.77 4.74 5.42 6.99 5.84 2.57 4.10 5.37 8.72 6.21
portfolios PGZ1 1.99 2.21 1.80 3.06 2.29 5.16 5.09 3.85 5.91 5.47 4.87 4.74 2.68 6.34 5.45
PGZ2 0.44 0.53 0.64 0.92 0.64 3.52 3.84 4.35 5.61 4.76 222 2.67 3.46 5.73 4.14

EBP 0.27 0.39 0.53 0.73 0.48 2.94 3.88 4.95 6.12 5.01 1.50 2.72 4.49 6.78 4.60

TBL —-0.08 -0.08 -0.08 -0.09 -0.08 -4.35 -391 -3.84 -3.82 -4.29 3.44 2.77 2.67 2.63 3.34

™S 0.26 0.34 0.35 0.39 0.34 6.61 7.72 741 7.41 8.12 7.66 10.50 9.67 9.68 11.40
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Table 4. In-sample predictive regressions (Yearly). This table reports the in-sample parameter estimates and adjusted R? values of predictive regressions for the annual

horizon. The excess return is used as the dependent variable. The predictors include three sets of variables: The conventional credit spread variables, the GZ variables,

and term structure variables. The conventional credit spread variables include the default spread (DFS), the issuer quality index (IQ), and the commercial paper spread
(CPS). The GZ-family credit spread variables include the actual GZ spread (AGZ), the predicted GZ spread without an option adjustment (PGZ1), the predicted GZ
spread with an option adjustment (PGZ2), and the excess bond premium without an option adjustment on callable bonds (EBP). Term structure variables include the

three-month Treasury bill rate (TBL) and the term spread (TMS). The t-values are calculated using the (Newey and West 1987) adjusted standard errors.

Coefficients t-Values Adjusted R? Values

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All
DFS 0.13 0.42 0.53 0.71 0.45 2.88 7.87 8.98 9.84 8.33 1.43 10.80 13.67 16.01 11.97

1Q —-0.08 0.34 0.25 0.30 0.23 -0.76 2.63 1.72 1.65 1.72 -0.09 1.17 0.39 0.34 0.39

CPS -0.03 -0.06 -0.13 -0.13 -0.09 -1.34 -1.90 -3.75 -3.07 -2.83 0.16 0.52 2.53 1.65 1.38

Rating AGZ 0.15 0.30 0.43 0.62 0.38 5.18 9.03 12.17 15.05 11.52 4.90 13.86 22.71 31.04 20.81
portfolios PGZ1 1.43 1.58 1.77 2.35 1.79 12.04 10.62 10.56 11.46 11.97 22.33 18.24 18.07 20.64 2212
PGZ2 0.21 0.36 0.54 0.77 0.47 5.03 7.12 10.14 12.05 9.57 4.63 9.03 16.88 22.35 15.30
EBP 0.09 0.27 0.41 0.60 0.34 2.98 7.35 10.53 13.31 9.57 1.55 9.57 17.98 26.00 15.32

TBL -0.01 -0.02 -0.05 -0.06 -0.04 -2.46 -3.14 -5.83 -5.62 -4.72 0.99 1.74 6.15 5.74 4.06
™S 0.10 0.16 0.21 0.23 0.18 7.83 10.17 12.32 10.82 11.23 12.32 19.47 23.48 18.79 20.88

DFS 0.11 0.28 0.50 0.66 0.40 4.74 9.94 12.93 11.68 12.13 4.10 16.27 24.85 21.20 22.51

1Q 0.06 0.28 0.26 0.24 0.22 1.06 411 2.53 1.62 2.56 0.02 3.08 1.07 0.32 1.10
CPS 0.02 0.00 -0.05 -0.05 -0.02 1.38 0.19 -1.94 -1.29 -0.93 0.18 -0.19 0.55 0.13 -0.03

Short-duration AGZ 0.05 0.15 0.39 0.47 0.27 3.56 8.37 17.44 13.54 13.59 2.27 12.11 37.70 26.67 26.84
portfolios PGZ1 0.64 0.74 1.12 1.34 0.97 9.88 8.98 9.23 7.53 9.70 16.17 13.71 14.38 10.00 15.66
PGZ2 0.05 0.15 0.47 0.60 0.32 2.38 5.39 12.96 11.22 10.36 0.92 5.30 25.00 19.97 17.50

EBP 0.03 0.14 0.40 0.48 0.27 1.70 7.08 16.45 12.77 12.29 0.37 8.93 34.97 24.44 23.04

TBL 0.01 0.00 -0.02 -0.03 -0.01 1.76 0.09 -3.92 -3.78 —2.54 0.42 -0.20 2.77 2.57 1.07

™S 0.03 0.06 0.11 0.14 0.09 4.36 6.48 9.04 7.75 8.20 10.14 13.00 14.45 10.66 13.44

DFS 0.13 0.54 0.83 1.00 0.61 1.78 6.39 9.01 10.16 7.62 0.43 7.35 13.74 16.89 10.18
1Q -0.32 0.13 0.29 0.40 0.14 -1.83 0.63 1.25 1.59 0.70 0.47 -0.12 0.11 0.31 -0.10

CPS -0.13 -0.16 -0.21 -0.22 -0.18 -3.23 -3.40 -3.84 -3.63 -3.81 1.84 2.05 2.66 2.36 2.62

Long-duration AGZ 0.28 0.46 0.59 0.79 0.52 6.21 8.87 10.36 13.46 10.60 6.98 13.43 17.51 26.46 18.18
portfolios PGZ1 2.25 2.62 2.52 3.46 2.68 11.62 11.55 9.50 12.54 12.34 21.11 2091 15.11 23.78 23.20
PGZ2 0.44 0.60 0.73 1.02 0.68 6.70 7.82 8.57 11.38 9.40 8.06 10.72 12.62 20.41 14.85

EBP 0.20 0.39 0.55 0.74 0.45 4.10 6.96 8.89 11.44 8.52 3.06 8.65 13.47 20.59 12.52

TBL —-0.06 -0.06 -0.07 -0.07 -0.06 -5.76 -5.15 -5.30 -5.18 -5.67 6.02 4.83 5.11 4.88 5.83

™S 0.22 0.30 0.33 0.37 0.30 10.69 13.24 12.47 13.07 13.65 18.35 27.38 24.49 26.74 28.13
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Given that the GZ variables have greater predictive power than conventional credit spread
variables, we next examine whether including the GZ and term structure variables can improve
forecasting performance. Table 5 reports the in-sample R? for the multiple regressions that include
both the GZ variables and term structure variables. The R? values are nearly twice as large as those
using the GZ variables or term structure variables alone. For example, the regression that includes the
two term structure variables and the two GZ variables (PGZ1 + EBP) generates a R? value of 41.30% for
the portfolio including all bonds and 45.73% for junk bonds over the yearly horizon. The results show
that including both GZ and term structure variables produces high predictive power for corporate
bonds. The results for portfolios with different maturities show a similar pattern. Predictability is
higher for short bonds over monthly and quarterly horizons, and higher for long bonds over the yearly
horizon. Overall, the results suggest that corporate bond returns are predictable.

5.2. Out-Of-Sample Regressions

The results above show that the GZ variables perform well in the in-sample forecast. However,
a good in-sample forecasting performance does not necessarily guarantee a good out-of-sample
performance. The out-of-sample test provides a more stringent evaluation for the usefulness of a
predictive model. In addition, it informs whether investors can use the predictive model to help them
time the market and improve portfolio allocation decisions.

Panel A of Table 6 reports the out-of-sample forecasting results. Similar to in-sample regression
results, the GZ variables perform much better than traditional default spread variables over both short
and long forecast horizons. Regardless of which predictive models are used, credit spread variables
have higher predictive power for low-grade bonds than for high-grade bonds, and return predictability
is higher for the longer horizon (yearly). Moreover, including the predicted and unexpected GZ spread
components outperforms the GZ spread variable (AGZ) itself, over all horizons. The advantage of
using separate GZ spread components in the out-of-sample regression is even more apparent when the
sample is divided into short- and long-term portfolios.

Term structure variables also have out-of-sample predictive power, and the predictive power
of these variables is higher for lower-grade bonds. The out-of-sample R? for the model with short
rates and term spreads is 13.86% over the yearly return horizon. When dividing the sample into
short- and long-duration portfolios, the out-of-sample performance is better for long-duration bonds.
Including both short rates and term spreads (TBL + TMS) produces an out-of-sample R? of 21% over
the yearly horizon.

Panel B of Table 6 reports the out-of-sample forecasts that include different predictors. For each
bond group and forecast horizon, we report the results of multiple regressions that include term
structure variables and the excess bond premium (EBP), and the three mean combination forecasts.
(Rapach et al. 2010) show that a combination of individual forecasts can provide more stable forecasts
and track movements in the risk premium more reliably over time. Mean combinations 1, 2, and 3 use
the mean of individual forecasts by the GZ predictors, the GZ and term structure variables (TBL and
TMS) and all predictors, respectively.
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Table 5. In-sample R? of predictive regressions with GZ and term structure variables. This table reports the in-sample adjusted R? of predictive regressions using the
GZ-family variables and term structure variables. The excess return is used as the dependent variable. The GZ family credit spread variables include the actual
GZ spread (AGZ), the predicted GZ spread without an option adjustment (PGZ1), the predicted GZ spread with an option adjustment (PGZ2), and the excess
bond premium without an option adjustment on callable bonds (EBP), while term structure variables include the three-month Treasury bill rate (TBL) and the term

spread (TMS).
Predictors Monthly (%) Quarterly (%) Yearly (%)
AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All  AAA/AA A BBB  Junk All
TBL + TMS + AGZ 1.90 4.04 5.68 6.12 5.26 6.73 11.08 1501 1517 14.30 15.62 31.00 39.15 4328 36.72
Ratin TBL + TMS + PGZ1 2.77 3.77 5.24 4.66 494 8.90 961 1246 1112 11.72 29.14 30.77 3226 3030 33.93
portfol?os TBL + TMS + PGZ2 1.78 3.59 5.28 5.20 4.68 6.24 9.00 1296 11.68 11.45 15.48 2643 3337 3509 31.53
TBL + TMS + EBP 1.76 3.85 5.71 5.81 5.07 6.14 10.27 1453 1427 13.38 12.96 2747 36.05 39.46 3247
TBL + TMS + PGZ1 + EBP 2.59 4.08 5.61 6.02 5.32 8.81 11.16 1477 1525 1441 29.00 3553 41.20 4573 41.30
TBL + TMS + AGZ 0.48 1.71 2.00 4.12 2.33 2.27 5.80 721 1040 828 7.27 19.66 2579 35.03 25.18
Short-duration TBL + TMS + PGZ1 1.98 6.13 8.77 4.37 6.98 6.34 13.30 2193 14.21 21.30 14.52 28.71 50.92 3528 41.19
ortfolios TBL + TMS + PGZ2 3.19 4.14 433 2.51 4.10 8.32 9.34 11.77 6.69 10.14 26.35 2418 2271 16.06 2394
p TBL + TMS + EBP 2.05 5.17 6.51 3.55 5.76 6.04 10.20 1791 1024 15.81 13.53 21.73  39.64 2999 33.20
TBL + TMS + PGZ1 + EBP 1.71 5.86 9.27 4.49 6.78 5.41 12.28 21.02 15.05 21.16 11.41 2495 4871 3354 37.49
TBL + TMS + AGZ 3.02 6.09 9.12 4.30 6.79 8.46 13.26 2129 14.88 2147 26.43 3220 5156 3531 42.63
Long-duration TBL + TMS + PGZ1 2.34 3.87 3.88 5.26 497 8.09 1218 1223 1542 14.38 20.57 3532 36.06 4743 39.66
ortfolios TBL + TMS + PGZ2 2.75 4.14 3.42 4.48 4.75 9.44 12.08 9.99 1241 13.20 30.25 3826 31.27 40.02 40.35
p TBL + TMS + EBP 2.21 3.70 3.53 454 4.46 7.63 10.87 1039 1244 1237 20.55 3245 3117 42.02 36.21

TBL + TMS + PGZ1 + EBP 2.28 3.78 3.90 4.96 4.89 7.75 11.55 1197 1418 13.60 18.73 3227 3358 43.05 35.89
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Table 6. Out-of-sample R? of predictive regressions. This table reports out-of-sample Rés of predictive regressions. The predictors include three sets of variables: The

conventional credit spread variables, the GZ-family credit spread variables, and the term structure variables. The conventional spread variables include the default
spread (DFS), the issuer quality index (IQ), and the commercial paper spread (CPS). The GZ-family credit spread variables include the actual GZ spread (AGZ),
the predicted GZ spread without an option adjustment (PGZ1), the predicted GZ spread with an option adjustment (PGZ2), and the excess bond premium without an
option adjustment on callable bonds (EBP). Term structure variables include the three-month Treasury bill rate (TBL) and term spread (TMS). Panels (A,B) report
the results of individual predictors and multiple predictors, respectively. Mean combinations 1, 2, and 3 use the mean of individual forecasts using the GZ family
predictors, the GZ family predictors and term structure variables, and all predictors, respectively. We use the method of (Clark and West 2007) to test the significance

2
of ROS,

and 10% levels, respectively.

and follow (Hodrick 1992) to adjust for standard errors when the forecast horizon is beyond one month. The signs ?, b and € denote the significance at 1%, 5%,

Panel (A) Forecasts Using Individual Predictors

Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All  AAA/AA A BBB Junk All

DFS -0.56 0.46 0.50 1.86 ¢ 0.48 -2.15 0.53 0.94 234 0.43 -10.34 0.70 5.35 8.50°¢ 1.69
IQ 0.66 0.30 -002 -034 -034 -1.79 -058 -098 -114 -151 -8.03 -505 -474 441  -636

CPS 2712 1672 2042 1842 2542 1.90 1.80 ¢ 3.36 1.62 2.64 -0.03 —-0.48 3.51 0.76 0.95
AGZ 1.612 1692 1982 5492  325b -3.45 -033 4852 6062 4602 -21.53 2692 21382 29402 17372
Rating PGZ1 2932 2272  1.802 3972 3392 5.472 3402 4272 5442 5552 12562 11662 13572 16322 17.032
portfolios PGZ2 0.89 2 1612 2992 5732 3902 -0.75 1122 3912 3612 3622 -13.94 -057 16272 20122 13.26°
EBP 1.25¢ 1.38 1.83¢ 4762  292P -0.36 -074 3512  313b 2742 -2.34 415° 17402 17342 12.882
PGZ1 + EBP 2572 1952 2272 5712 4162 1.19¢ 0642 5342 5232 5222 2214 3602 19362 22992 17432

TBL 1.312 1212  2.78¢ 2582 2572 1.94 ¢ 0.89 446  278b  300P -2.98 —2.43 4,01 1.37 0.79
TBL + TMS 1.572 2882 4132 3562 3882 3.852 4792 7842 5192 6,082 4920 12062 17.672 10932 13.892
DFS -3.28 2245  526Pb 2.68°  438b -6.50 1.97°¢ 6.96 ¢ 6860  947P -16.01 3.80 16.94¢ 1750 16.93°¢
IQ -2.93 -019 -013  -011  -0.23 -5.70 -078 -038 -0.60 -0.83 -16.74 -731  -353 397 -651
CPS 2.16b 1.32P 0.83°¢ -019  066P -0.51 0.32 0.75 0.01 0.63 -3.16 -2.70 -0.46 -0.61 -1.33
AGZ 261b 497% 680 266P  506° -0.78 0.02° 13102 5492 13952 2697 -480 11.012 12892 9092
Short-term PGZ1 3.942 2212 1162  1.09b 2272 1.622 0792 3902 179b 3872 -2.82 -0.73 8572 6932 10772
portfolios PGZ2 0.392 3622 4552  278b 57172 -8.14 -122 5762 6522 7432 -19.74  -1378 849P 15692 1091°
EBP 261°¢ 412> 48P  224° 4780 -8.08 -0.09 11.64P 427> 12212 1379 —2.00 2667P 19672 19.86P
PGZ1 + EBP 3812 3952 5852 208b 4612 -6.28 -096 12272 336 11662  —20.08 -778 25612 18932 20222
TBL -0.30 0.61b 1552  (.78b 1.232 -1.25 -076  1.75P 0.20 0.70 —-4.57 -7.82 -5.51 -3.39 -5.83
TBL + TMS 1482 1992 2302 1212 2022 2472 1492 3872 1702 2812 3502 0702  248b  148°¢  273b
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Panel (A) Forecasts Using Individual Predictors

Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All
DFS 0.15 0.38 0.31 1.23¢ 0.55 -0.20 0.39 0.00 3.00°¢ -0.06 -3.59 1.27 483¢ 765  -1.10
IQ 2.67 1.04 0.86 -1.85  —0.04 0.36 -1.11 -029  -3.84 241 -4.96 -723  -450 -10.63 -8.72

CPS 2722 2732 2072 2312 3342 3.82¢ 381°¢  396°¢  3.092 513P 5.41 429 5.76 291 4.70
AGZ 146° 0.88 425b 3592  349b -0.19 1.892 3902 5652 4772 -6.97 9.70 8592 19572 13162
Long-term PGZ1 1.902 2312 321 3342 3282 4472 5.2542 1.842 6432  6.382 13.892 16322 7442 19.052 17982
portfolios PGZ2 1.212 1532 4632 4062 4212 1.20° 2322 1542 4062 4972 -5.60 7792 6142 19982 14952
EBP 1.14°¢ 0.66 415 3002  3.092 0.44b 0.67¢ 3252  138b 2442 490°¢ 9.842  14.742 12172 13192
PGZ1 + EBP 1.452 1782  357b 4122 3922 1.962 3512 3352 6422 6612 8.122 12422 11392 23032 19422

TBL 2,652 2142 2432 1762 2822 5.47b 373b  361P  217P  4e2P 8.52 5.65 5.07 1.35 5.33
TBL + TMS 2822 4272 3477 4362 4772 6.662 8962 4762 8552 9322 15532 25502 9262 18442 21142

Panel (B) Forecasts Using Multiple Predictors
Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All
Regression: TBL + TMS + EBP 1.142 2492 3392 5642 4162 1.374 4652 9022 5962 7532 0.632 20022 34152 28542 27612
Rating Mean Combination 1 3132 2732 2822 5912 4502 3382 3192 6352 6712 7012 7.322 12.882  24.852 27172 24302
portfolios Mean Combination 2 3132 3012 3542 4962 4562 5102 4822 7982 7502 8462 13.032  17.92@ 28252 27692 27.642
Mean Combination 3 2742 2702 3252 4042 3892 5.032 4652 7102 6322 7.292 12172 15032 22472 20862 21482
Regression: TBL + TMS + EBP 2682 5092 7272  198b 4562 -3.82 5462 15812 5102  17.042 -9.79 14.632 39542 27012 35812
Short-duration Mean Combination 1 5322 5402  6.062 248P 5312 0.48b 3982 11.86% 5182 12762 -2.12 586P 25892 20502 24472
portfolios Mean Combination 2 4382 5322 6062 239b 5152 4592 6242 12122 5372 13042 9.092 13.19> 25432 19542 2585
Mean Combination 3 3552 4732 5292  222b 4562 5422 6652 9992 4872  1092®  10.75%  13.65P 19442 15582 20.46%
Regression: TBL + TMS + EBP 1.832 3122 4292 5132 4752 4732 7922 6382 9952  10.10@ 14542  31.022 26212 34092 32932
Long-duration Mean Combination 1 2112 2292 4732 4573 4652 3572 4792 5052 7402 7972 11272 20362 21492 29352 26752
portfolios Mean Combination 2 2472 2922 3323 4533 4742 5142 6612 6512 8922 9922 16.042 26002 26982 32.832 32212
Mean Combination 3 2.382 2742 2802 3732  4.062 5.262 5942 5942 7562 8582 14812 20942 24442 25732 26,042
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The results at the top of Panel B include out-of-sample R? for different rating portfolios and
the full portfolio that contains all bonds (ALL). Among the three combination forecasts, the second
combination, which includes the GZ and term structure variables, provides the best performance.
By contrast, the third combination forecast that includes all variables performs not as well as other
combination forecasts. One reason is that some traditional credit spread variables such as commercial
paper spread and issuer quality index are noisy. As such, including these variables (in combination 3)
does not help improve the out-of-sample performance. This argument is consistent with the findings
for the regression that includes only term structure and EBP in row 1 where we exclude traditional
credit spread variables. Including only term structure variables and EBP fares quite well against the
best combination forecast. Thus, when combining different variables in return forecasts, one needs to
select appropriate predictors for combination in order to achieve the best result.

Corporate bond returns are more predictable over longer return horizons. This pattern holds for
both short- and long-maturity bonds, but the incremental predictive power is higher for long-maturity
bonds. The multiple regressions with term structure variables and EBP perform better for long-maturity
bonds. On the other hand, combination forecasts 1 and 2 provide more stable forecasts across most
rating and maturities.

Collectively, we find that corporate bond returns are predictable and the GZ credit spread variables
contain important information for future bond returns. The out-of-sample R? values are much higher
than those reported for stock return forecasts, which are typically less than 1% (see, for example,
(Welch and Goyal 2008; Rapach et al. 2010). Moreover, there is evidence that the GZ credit spread
variables have higher predictive power than any conventional credit spreads.

5.3. Economic Significance of Out-Of-Sample Forecasts

The preceding results show that the GZ spread and term structure variables can predict corporate
bond returns. We next examine whether the magnitude of predicted returns is of economic significance
and thus generates practical value to investors. We first assess economic significance based on single
asset allocation, then extend the analysis to multiple assets, and finally account for transaction costs.

Table 7 reports the utility gains of predicted returns for a mean-variance investor who switches
from the historical average forecast to the predictive regression forecast. To facilitate consistent
comparison, returns are annualized for all investment horizons. Panel A shows the utility gains for
individual predictors. The upper panel shows the results for rating portfolios and the lower two panels
show the results for short- and long-term portfolios in different rating categories.

When we use default spreads and issuer quality as predictors, utility gains are often negative.
Consistent with the out-of-sample forecast Rés, these conventional bond predictors do not perform
well. In contrast, the GZ variables consistently deliver solid utility gains. The utility gains from using
the term structure variables are also positive but smaller than those obtained by the GZ predictors.
The economic gains of term structure variables are greater for long-term bonds. These utility gains
are also much larger than those reported by equity return studies. For example, (Rapach et al. 2010)
report average annualized utility gains around 0.5% for stock return forecasts, suggesting that the
predictability of corporate bond returns is more significant economically.

Panel B reports utility gains based on the regressions with multiple predictors. Results show that
combination forecasts deliver more stable and larger utility gains, compared to the multiple regressions
that include term structure variables and EBP directly. All utility gains generated from combination
forecasts are positive and more stable than those of multiple regressions. Here, we see that a clear
advantage of the combination method is its ability to produce more reliable and consistent forecasts,
relative to individual or multiple regression forecasts. Combination 2 again produces the best results.
Utility gains are higher for lower-grade bonds and long-maturity bonds. Overall, the predictability of
corporate bond returns is of economic significance.
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Table 7. Utility gains of predictive regressions. This table reports the annualized utility gains of predictive regressions. The excess return is used as the dependent

variable. The predictors include three sets of variables: Conventional credit spread variables, the GZ variables, and term structure variables. Conventional credit

spread variables include the default spread (DFS), the issuer quality index (IQ), and the commercial paper spread (CPS). The GZ-family credit spread variables include
the actual GZ spread (AGZ), the predicted GZ spread without an option adjustment (PGZ1), the predicted GZ spread with an option adjustment (PGZ2), and the
excess bond premium without an option adjustment on callable bonds (EBP). Term structure variables include the three-month Treasury bill rate (TBL) and term spread

(TMS). Panel (A) reports the results of individual predictive regressions, and Panel (B) reports the results of forecasts using multiple predictors. Mean combinations 1,

2, and 3 use the mean of individual forecasts by the GZ predictors, the GZ predictors and term structure variables TBL and TMS, and all predictors, respectively.

Panel (A) Individual Predictive Regression Forecasts

Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All

DFs -1.02 -1.20 -1.23 -1.61 -1.96 -1.11 -1.25 -1.04 -1.57 -1.77 -1.18 -1.60 -1.62 -1.25 -2.31
1IQ -1.42 —-0.52 —-0.94 -0.39 -1.23 -1.28 -0.51 —-0.57 -0.79 -1.07 -0.98 -1.17 -1.19 -1.26 -1.26

CPS 1.79 2.64 3.43 1.86 2.79 0.46 1.27 2.14 0.76 1.38 —-0.05 0.11 1.02 0.24 0.30

Ratin AGZ 0.57 151 2.11 1.76 1.38 0.67 1.60 2.41 1.95 1.51 0.73 1.40 1.99 1.88 121
ortfol?os PGZ1 1.12 1.99 2.02 1.80 1.76 1.32 241 2.70 2.38 211 1.33 2.12 2.48 3.15 1.83
P PGZ2 1.80 2.34 3.04 3.19 2.42 1.83 2.53 3.27 3.12 2.69 1.93 2.54 3.16 3.27 2.37
EBP 0.19 1.11 1.76 1.23 1.04 —-0.40 0.77 1.36 0.75 0.51 -0.18 0.64 1.03 0.95 0.39

PGZ1 + EBP 1.43 1.60 2.45 3.29 1.75 1.71 2.45 3.41 3.49 2.57 1.10 1.92 2.74 3.72 1.82

TBL 0.85 1.93 3.20 1.98 1.87 0.57 1.18 2.63 1.33 1.45 -0.33 0.09 1.47 0.87 0.48

TBL + TMS 0.20 1.56 2.86 2.20 1.45 0.31 151 2.58 1.78 1.09 0.14 1.53 2.32 1.56 1.00
DFs -1.43 -1.79 -1.43 -1.76 -1.03 -0.83 -1.39 -1.27 -0.77 -0.61 -0.69 —-0.92 -0.80 -0.14 -0.57
1Q -0.72 —-0.60 -0.49 -0.52 —-0.61 -0.58 -0.51 -0.29 -0.73 —-0.56 —-0.58 —-0.87 -0.74 -1.15 —-0.88
CPs 0.70 0.96 0.84 0.25 0.81 -0.02 0.28 0.24 0.12 0.32 -0.07 -0.12 0.11 -0.13 -0.03

Short-duration AGZ 0.12 0.42 1.35 -0.12 1.27 0.11 0.43 1.30 —-0.30 1.12 0.11 0.26 0.88 0.61 0.60
portfolios PGZ1 0.40 0.50 0.82 0.67 0.85 0.49 0.62 1.13 0.21 0.93 0.43 0.52 1.08 0.32 0.59
PGZ2 0.68 0.86 1.67 -0.32 1.41 0.74 1.00 1.67 0.31 1.52 0.74 0.68 147 0.70 0.89

EBP —-0.05 0.18 1.53 -0.33 1.26 -0.27 0.06 111 —-0.36 0.85 -0.28 —-0.27 0.66 0.15 0.06

PGZ1 + EBP 0.35 0.49 1.64 0.96 1.63 0.34 0.62 1.65 —-0.83 1.28 0.24 0.62 1.30 0.47 0.74

TBL 0.11 0.55 1.34 0.36 1.07 -0.02 0.35 1.06 0.02 0.76 -0.04 -0.24 0.17 -0.30 0.07
TBL + TMS —-0.10 -0.13 1.02 1.90 0.79 -0.37 -0.30 0.99 2.01 0.46 -0.50 —-0.78 0.15 0.20 -0.33
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Table 7. Cont.
Panel (A) Individual Predictive Regression Forecasts
Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All
DFS -0.82 -1.32 145 -0.90 -1.34 -0.61 -0.94 -143 -1.12 -1.57 -0.80 -0.77 -1.07 -1.38 -1.63
1Q -1.87 -1.68 -0.87 =221 -2.20 -1.65 -1.54 —-0.86 -2.23 -1.78 -0.94 -1.40 -0.93 -2.29 -1.33

CPS 2.57 2.44 3.16 3.19 4.07 1.27 1.15 1.81 1.62 2.40 0.48 0.39 0.84 0.80 0.74

Long-duration AGZ 1.56 1.06 2.30 232 1.80 1.43 1.86 2.34 2.64 242 0.75 1.42 1.93 1.60 1.68
c%rtfolios PGZ1 1.40 2.10 1.28 2.98 2.89 1.82 2.53 1.84 3.68 3.34 2.25 3.18 2.69 3.09 3.23

p PGZ2 2.07 2.77 2.49 4.61 3.48 1.88 2.58 227 4.10 3.75 1.78 2.58 2.69 3.80 3.65
EBP 0.93 0.50 1.92 1.74 1.44 0.66 0.32 1.74 0.39 1.02 0.40 0.61 1.29 0.27 0.78

PGZ1 + EBP 1.73 1.99 2.44 4.45 2.81 212 3.06 2.98 4.04 3.75 2.14 2.89 3.51 3.36 3.27

TBL 1.98 1.69 2.38 251 2.17 1.58 1.12 1.35 1.73 2.04 0.69 0.34 0.48 0.95 0.75

TBL + TMS 1.88 3.32 2.88 3.30 2.11 2.32 3.58 2.71 3.35 2.49 215 3.67 3.22 3.35 2.81

Panel (B) Forecasts Using Multiple Predictors
Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All

Regression: TBL + TMS + EBP 0.24 1.10 2.58 2.14 1.14 0.45 1.51 2.42 1.22 0.73 -0.25 1.12 1.77 1.33 0.39

Rating Mean Combination 1 1.79 244 2.92 2.99 2.34 1.74 2.57 3.22 2.79 2.35 1.70 2.33 2.87 3.09 2.07
portfolios Mean Combination 2 1.86 2.67 3.50 3.26 2.63 1.69 275 3.53 2.84 2.65 1.64 2.56 3.21 3.33 229
Mean Combination 3 1.30 2.14 3.21 2.34 2.33 1.17 213 2.89 2.02 2.20 1.01 1.73 2.41 2.28 1.67
Regression: TBL + TMS + EBP -0.15 -0.11 1.03 1.79 0.72 -0.65 -0.67 0.58 1.17 0.45 -0.70 —-0.82 0.33 0.63 -0.22

Short-duration Mean Combination 1 0.59 0.79 1.68 0.07 1.51 0.56 0.88 1.69 0.24 1.46 0.51 0.68 1.35 0.51 0.86
portfolios Mean Combination 2 0.81 0.96 1.75 0.51 1.62 0.68 0.98 1.74 0.21 1.54 0.66 0.73 143 0.50 0.88
Mean Combination 3 0.56 0.88 146 0.31 145 0.48 0.88 143 0.30 1.34 0.43 0.62 0.99 047 0.64

Regression: TBL + TMS + EBP 1.80 2.74 1.68 3.77 2.32 1.95 2.83 2.59 2.57 2.52 1.98 3.24 3.05 2.25 2.11

Long-duration Mean Combination 1 1.94 1.82 2.34 3.68 2.93 2.06 2.20 2.67 3.95 3.52 1.99 2.66 291 3.58 341
portfolios Mean Combination 2 2.29 2.43 298 3.97 3.41 2.37 2.59 2.79 4.16 3.80 231 3.10 2.76 3.87 3.58
Mean Combination 3 2.05 2.00 2.77 2.99 2.89 1.84 2.10 2.55 2.90 3.03 1.59 2.10 2.59 2.48 2.52
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5.4. Diversification among Risky Assets and Trading Costs

The preceding tests on the economic significance of return forecasts are performed separately
for each risky bond portfolio. This method however ignores diversification among different risky
assets. To examine the robustness of results, we next carry out the asset allocation jointly for bonds
with different ratings and maturities.

Panel A of Table 8 reports utility gains for different rating portfolios. Utility gains remain
significant under the joint asset allocation. Most combination forecasts generate annualized utility
gains greater than 2%. Mean combination forecast 2 again delivers the largest utility gain. The results
continue to show that traditional credit spread variables do not help improve bond return forecasts once
GZ credit spread predictors are used. Long-term portfolios have higher utility gains than short-term
portfolios. The utility gains of long-term portfolios are mostly above 3%, while they are around 2%
for short-term portfolios. The results show that it is more beneficial to use the predictive model for
long-term bonds.

The above analysis does not consider the transaction cost associated with asset allocation and
rebalancing. The gains of using return forecasts of the predictive models may be overstated if the
forecast of predictive regressions involves high turnover and transaction costs. To address this concern,
we next calculate the utility gains net of transaction costs. We first subtract the transaction cost from
portfolio returns and then recalculate the utility gains or certainty equivalent returns.

Panel B of Table 8 reports the utility gains net of transaction costs. Following (Edwards et al. 2007),
we use 0.25% as the transaction cost of investment-grade bonds and 0.35% as the transaction cost of
speculative-grade bonds. The results continue to show that the predictability of corporate bond returns
by GZ predictors is of economic significance. Mean combination 2 still has the best performance,
and the utility gain is more significant for the long-term portfolio than for the short- term portfolio.
The predictive model generates significant economic gains that are robust to transaction costs.

5.5. Predictability of the Credit Spread Component of Corporate Bond Returns

The excess return of corporate bond returns contains two components: The credit spread
component (default-related) and the term (interest rate) component. Specifically, we can decompose
the excess return of corporate bonds as follows:

re=tre—rpp = (tre —Tme) + (T’m,t - ”f,t) ®)

where tr; is the raw return of corporate bond, ry, is the return of Treasury security with the same
maturity, and r £t 18 one-month risk-free rate. The term tr; — 1, ; measures the credit spread component
of corporate bonds and 7y, s — r £+ Measures the term component of corporate bonds.

It is useful to investigate the predictability of the credit spread component of corporate bond excess
returns for several reasons. First, investigating the predictability of different bond return components
sheds light on the sources of return predictability. Second, while excess corporate bond returns as
a whole are predictable, it is unclear which component of returns is predictable. The literature has
shown that government bond returns are predictable. The predictability for the bond return in excess
of the T-bill rate may simply reflect the predictability of the term component associated with the
Treasury bond rate. If so, our finding for the predictability of corporate bond returns is spurious. Third,
the credit spread return is the most important component of corporate bond returns, which makes
these bonds different from government bonds. It is therefore important to examine whether the credit
spread component is predictable in order to firmly establish the predictability of corporate bond returns.
Fourth, the credit spread component behaves differently from the term component and varies across
bonds of different quality (see Fama and French 1989). The credit spread component is expected to be
more important for low-grade bonds than for high-grade bonds. Analyzing the credit spread return
component thus provides deeper insight into predictability of bonds with different quality.
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Table 8. Economic significance accounting for diversification among assets and trading costs. This table reports utility gains that account for multiple asset allocations
(Panel A) and transaction costs Panel (B). In Panel (A), we use the four rating portfolios (AAA/AA, A, BBB, and Junk) with different duration groups jointly to calculate
the utility gains. In Panel B, we use 35 bps as the transaction cost for junk bonds and 25 bps for investment-grade bonds. The forecast horizon is yearly. The predictors
include three sets of variables: Conventional credit spread variables, the GZ variables, and term structure variables. Conventional credit spread variables include the
default spread (DFS), the issuer quality index (IQ), and the commercial paper spread (CPS). The GZ variables include the actual GZ spread (AGZ), the predicted GZ
spread without an option adjustment (PGZ1), the predicted GZ spread with an option adjustment (PGZ2), and the excess bond premium without an option adjustment
on callable bonds (EBP). Term structure variables include the three-month Treasury bill rate (TBL) and term spread (TMS). Mean combinations 1, 2, and 3 use the mean
of individual forecasts by the GZ predictors, the GZ predictors and term structure variables TBL and TMS, and all predictors, respectively.

Panel (A) Utility Gains of Joint Asset Allocation

Monthly (%) Maturity Portfolios Quarterly (%) Maturity Portfolios Yearly (%) Maturity Portfolios
Predictors Short 2 3 4 Long All Short 2 3 4 Long All  Short 2 3
Regression: TBL + TMS + EBP 2.35 078 254 285 049 1.00 311 018 165  3.01 115 080 173 174  0.36
Mean Combination 1 2.09 0.83  3.03 143 315 2.87 256 096 298 214 3.21 222 26l 212 222
Mean Combination 2 2.37 130  3.58 199 385 3.52 2.86 1.08 319 269 3.71 227 278 227 235
Mean Combination 3 1.61 112 273 178  3.34 2.86 206 097 281 2.70 3.00 171 217 121 1.72

Panel (B) Utility Gains Net of Transaction Costs

Monthly (%) Quarterly (%) Yearly (%)

Predictors AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All

Regression: TBL + TMS + EBP -0.26 0.26 1.40 1.88 0.35 0.17 1.11 2.01 0.86 0.37 -0.29 1.04 1.68 1.24 0.31

Rating Mean Combination 1 2.50 3.08 3.38 4.14 3.21 1.97 2.77 3.42 3.12 2.71 1.77 2.39 2.92 3.16 2.15
portfolios Mean Combination 2 2.65 3.43 4.12 4.68 3.64 1.94 3.00 3.81 3.35 3.06 1.72 2.63 3.26 341 2.39
Mean Combination 3 1.96 2.89 3.82 3.58 3.18 1.36 2.31 3.11 2.29 2.52 1.07 1.78 2.46 2.34 1.74
Regression: TBL + TMS + EBP -1.04 -195 -054 072 -0.70 -1.16 -145 -004 074 -0.19 -0.85 -1.02 0.21 057 -037

Short-term Mean Combination 1 1.86 1.56 2.63 0.30 2.29 0.95 1.10 1.90 0.31 1.70 0.60 0.73 1.45 0.53 0.93
portfolios Mean Combination 2 243 2.08 2.84 0.62 2.55 1.22 1.30 2.03 0.43 1.85 0.78 0.80 1.53 0.51 0.95
Mean Combination 3 1.81 1.84 2.40 0.43 2.26 0.83 1.15 1.65 0.38 1.59 0.51 0.67 1.08 0.48 0.69

Regression: TBL + TMS + EBP -0.35 096 —-028 290 0.74 1.18 2.28 1.97 2.15 1.94 1.78 3.01 2.90 2.12 1.99

Long-term Mean Combination 1 0.90 1.24 1.74 3.89 2.89 1.68 2.01 2.52 3.96 3.48 1.93 2.61 2.87 3.62 341
portfolios Mean Combination 2 1.19 1.88 2.32 4.28 3.39 1.95 2.39 2.65 4.21 3.76 2.24 3.05 2.72 3.90 3.58

Mean Combination 3 1.10 1.50 227 3.22 2.82 1.52 191 2.56 2.95 2.96 1.54 2.07 2.55 2.49 2.51
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Panel A of Table 9 reports results of different predictive regressions. For brevity, we focus on the
results for the annual return horizon as shorter investment horizons give similar results. We calculate
the credit spread component for each bond and form the portfolios using the same procedure as
described earlier. Table 9 shows that the credit spread component of excess corporate bond returns is
predictable both in and out of sample. Thus, the predictability of corporate bond return is not due to
the predictability of the interest rate component.

For in-sample regressions, the R? of credit spread component returns is comparable to that for the
excess return (see Tables 2—4). Again, the GZ variables have the highest predictive power for the credit
spread component of corporate bond returns. The level of short-term interest rates and the slope of
term structure (TMS) also have predictive power for the credit spread component. Both the level and
slope of term structure are linked to business cycles (see, for example, Longstaff and Schwartz 1995;
Duffee 1998). This explains why term structure variables have explanatory power for credit spread
returns. As expected, default spreads have higher predictive power for credit spread returns, given that
the latter is associated with default risk. Default spreads are countercyclical, high (low) when the
economy is poor (good). Default spreads hence capture bond return variations due to changes in
economic conditions.

The out-of-sample results convey a similar message that the credit spread component of bond
returns is predictable. The R? of out-of-sample regressions is quite comparable to that of the excess
return in Table 6. The results cast doubt that interest rates are the driver for corporate bond return
predictability. The GZ variables again deliver the highest out-of-sample R? values. The predictive
power of the GZ variables apparently derives from their ability to predict the credit risk premium
of bonds.

Across ratings, credit spread returns are more predictable for lower-grade bonds whereas
across maturities, returns are more predictable for short-term bonds. The combination of the two
components of the GZ spread variables, PGZ1 + EBP, delivers the best performance in sample. However,
for out-of-sample forecasts, the whole GZ spread (AGZ) at times performs better than its components.

Panel B of Table 9 reports the results of multiple regression and combination forecasts. The multiple
regression forecasts using term structure variables and excess bond premium (EBP) produce higher
in-sample R? values than individual forecasts. For out-of-sample forecasts, there are also substantial
gains in including term structure and GZ predictors. Mean combination forecasts using GZ and
term structure variables (Combination 2) again produce much larger out-of-sample R? values than
individual predictors. As indicated, the out-of-sample R? values are all consistently positive.

Out-of-sample credit spread return predictability is of economic significance, particularly when
using the GZ variables as predictors (see Panel A). Panel B of Table 9 shows that utility gains are
overwhelmingly positive and much larger compared to individual forecasts. The certainty equivalent
returns (utility gains) increase significantly when using the forecast combination method to predict
returns. Both out-of-sample R? and utility gains consistently show that forecast combination generates
more stable forecasts and higher utility gains for the credit spread component of returns.

5.6. Link to the Real Economy

In this section, we investigate the linkage between bond premium forecasts and real economy.
A finding of a close link between these two variables will provide a rationale for economic gains of
out-of-sample forecasts.
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Table 9. Prediction of credit spread component returns. This table reports the results of predictive regression using the duration-adjusted excess returns as the
dependent variable. The forecast horizon is yearly. The predictors include three sets of variables: Conventional credit spread variables, the GZ-family credit spread
variables, and term structure variables. Conventional credit spread variables include the default spread (DFS), the issuer quality index (IQ), and the commercial
paper spread (CPS). The GZ-family credit spread variables include the actual GZ spread (AGZ), the predicted GZ spread without an option adjustment (PGZ1),
the predicted GZ spread with an option adjustment (PGZ2), and the excess bond premium without an option adjustment on callable bonds (EBP). Term structure
variables include the three-month Treasury bill rate (TBL) and term spread (TMS). Panels (A,B) report the results of individual predictors and multiple predictors,
respectively. Mean combinations 1, 2, and 3 use the mean of individual forecasts by the GZ predictors, the GZ predictors and term structure variables, and all
predictors, respectively. We use the method of (Clark and West 2007) to test the significance of R% ., and follow (Hodrick 1992) to adjust for standard errors when the

0Ss’
forecast horizon is beyond one month. The signs ?, b and ¢ denote the significance at 1%, 5%, and 10% levels, respectively.

Panel (A) Individual Predictive Regression Forecasts

In-Sample Adjusted R? (%) Out-Of-Sample R? (%) Annualized Utility Gains (%)

Predictor AAA/AA A BBB  Junk All AAA/AA A BBB Junk All AAA/AA A BBB  Junk All
DFS 0.71 9.64 13.09 1528 11.02 1.50 6.69 9.86 ¢ 8.16 ¢ 6.17 -0.25 0.34 010 -0.67 -0.20
1Q -0.04 1.20 0.45 0.33 0.40 0.14 -2.03 -2.41 -2.37 -3.35 -0.43 -027 -057 -0.69 -0.80

CPS -0.01 031 206 137 1.06 3.02 0.41 2.70 0.46 0.88 -0.05 -0.10 027 -0.01 0.18

Ratin AGZ 4.35 1336 22.02 31.27 2058 1835 2832 20.14® 28.04 17.15% 0.19 110 176 159 204
ortfoli)s PGZ1 21.53 17.62 1731 2012 21.62  11.03% 10112 12.03* 14802 1528% 1.53 252 222 296 287
P PGZ2 4.28 868 1626 2258 1515  -16.58 -527 11412 1717* 882°% 0.85 158 230 342 311
EBP 1.25 924 1754 2643 1524 3.47°¢ 463°¢ 16737 15932 12.80°% 0.13 065 115 067 124

PGZ1 + EBP 21.47 20.73 2631 3532 28.03 2247 -0.17 15212 19.17* 13.06° 1.22 186 250 348 266

TBL 0.65 137 521 533 351 1.85 -2.63 240 0.47 -0.43 -0.23 -055 024 029 019

TBL + TMS 6.76 13.88 18.14 1479 1536 5.85b 7362  11.78®> 676" 8.44 2 0.36 184 218 155 175
DFS 243 1341 2316 19.86 20.29 -3.22 6.14 1490¢ 16.13°¢ 15.02 -0.87 -1.16 -0.84 0.04 -1.04
1Q -0.14 2.59 0.86 0.25 0.85 —6.32 -1.71 -1.65 -1.72 -3.22 -0.79 -028 -0.02 -035 -042
CPS -0.05 -020 0.61 0.17 0.06 0.15 -2.86 -0.47 —-0.58 -1.42 -0.11 -0.15 005 -015 -0.07

Short-term AGZ 3.51 13.72 4025 28.06 29.70 -26.99 -1.24 35.192 25842 29962 0.35 0.74 1.52 0.70 1.02
ortfolios PGZ1 18.74 1540 1501 10.27 16.81 341° 1754 8.67 2 7964 11.282 0.34 0.75 1.54 0.81 1.28
p PGZ2 2.04 6.89 2751 2156 2031 -17.94 -11.72 9.81P 15.682 13.72° 0.79 1.21 1.94 1.03 1.38
EBP 0.94 10.05 3742 2579 25.59 —-0.26 4.42 26990 20362 2298P -0.07 0.29 1.16 0.14 0.57

PGZ1 + EBP 18.71 1939 4142 2848 3235 -10.29 -5.53 25232 19.192 21437 0.10 0.73 1.99 0.61 1.45

TBL -0.10 -0.10 349 3.08 1.82 —4.14 -8.10 -5.01 -2.97 =5.11 -0.32 -0.67 -037 -025 -0.09

TBL + TMS 4.28 775 1120 8.62 9.52 4.60° -1.94 -0.20 0.01 -0.16 -0.72 -053 033 0.73 0.21
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Table 9. Cont.
Panel (A) Individual Predictive Regression Forecasts
In-Sample Adjusted R? (%) Out-Of-Sample R? (%) Annualized Utility Gains (%)

Predictor AAA/AA A BBB  Junk All AAA/AA A BBB Junk All AAA/AA A BBB  Junk All
DFS 0.05 6.67 1320 1647 9.54 4.06 727°¢ 1021  7.88P 431 -0.11 027 023 -056 —0.61
1Q 0.47 -0.09 021 038 -0.06 2.66 -0.47 -2.50 -7.90 -4.99 -0.30 -0.64 -065 -147 -091

CPs 1.06 142 201 1.85 191 6.71 5.16 4.47 2.08 3.75 0.23 017 048 037 0.30

Long-term AGZ 5.11 1192 1571 2535 16.55 -8.11 8.722 6.05% 22427 11.632 0.26 035 142 120 092
orf,folios PGZ1 19.21 19.78 13.88 2325 2226 12312 14122 4912 1741® 15872 1.35 175 155 261 2.88
P PGZ2 6.28 945 11.03 1936 1341 -10.15 2222 -2.00 15222 8572 0.28 053 122 293 188
EBP 1.90 754 1205 19.69 11.25 7.68 2 8512 14847 9572 12222 0.42 -022 131 074 079

PGZ1 + EBP 19.05 21.62 1957 3249 2595 6.80° 7444 6322 1794% 14.10° 111 1.21 202 286 261

TBL 4.07 342 367 381 4.28 9.23 5.25 2.98 -0.17 3.27 0.39 005 024 033 0.03

TBL + TMS 12.03 21.62 1949 2229 2228 11502 19.642% 3.05% 13232 1514°? 1.57 268 261 291 2.69

Panel (B) Forecasts Using Multiple Predictors
In-Sample Adjusted R? (%) Out-Of-Sample R? Square (%) Annualized Utility Gain (%)

Predictors AAA/AA A BBB  Junk All AAA/AA A BBB Junk All AAA/AA A BBB  Junk All

TBL + TMS + EBP 731 21.89 3093 36.23 27.29 3.4 13942 26942 22492 21.09°? 0.41 1.69 2.04 1.12 1.60

Rating Combination 1 5142 8.872 20.582 23832 20.08% 1.06 1.95 2.42 3.24 3.08
portfolios Combination 2 8.90% 12.022  22.34@ 23442 21.65? 0.94 1.93 2.49 3.26 3.08
Combination 3 9.89P 1095 18122 17662 17.152 0.47 1.20 1.73 2.27 224

TBL + TMS + EBP 5.84 19.71 4681 3214 34.82 —4.06 11362 35152 24532 31612 -0.79 -046  0.89 0.71 0.35

Short-term Combination 1 2472 6.53 ¢ 25198 20752 24997 0.67 1.14 1.81 0.73 1.23
portfolios Combination 2 8.68 2 10.80° 23472 19.01* 24312 0.74 1.15 1.75 0.81 1.23
Combination 3 10.38 P 11.24¢  17.68P 14922 18792 0.55 0.82 1.37 0.72 0.92

TBL + TMS + EBP 12.15 2628 2823 3872 29.83 11.77° 23232 20.082 26822 25652 1.65 2.31 2.77 1.86 2.30

Long-term Combination 1 7.822 15622 15782 25.11% 21.62? 1.13 1.35 1.94 2.56 242
portfolios Combination 2 10952 19.642 19.70* 27.682 2543°? 1.36 1.70 2.40 2.70 2.61
Combination 3 11.532 16912 19.13* 21982 21.04? 1.03 1.06 1.89 2.29 1.87
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5.6.1. Corporate Bond Premium Forecasts and NBER Business-Cycle Phases

(Fama and French 1989) suggest that risk premium forecasts should be closely linked to
macroeconomic performance. (Cochrane 2007) argues that asset premium forecasts are more plausibly
related to macroeconomic risk if risk premium forecasts can be shown closely linked to business cycles.
In light of the literature, we investigate the relation between corporate bond premium forecasts and
business cycles.

Figure 2 plots the forecasts of corporate bond premiums for each rating class and the whole sample,
where the vertical lines indicate the NBER-dated peaks and troughs of the US economy. There are
three noticeable recessions over the out-of-sample forecast period with business-cycle troughs (peaks)
occurring around 1991:1 (1990:3), 2001:4 (2001:1), and 2008:3. As shown, corporate bond premiums
decline during expansions and rise during recessions. The GZ and term structure predictors produce
a corporate bond premium forecast that closely tracks NBER business-cycle phases and the pattern
of bond premium forecasts is consistent with the views of (Fama and French 1989; Cochrane 1999).
Bond return predictability is attributed to time-varying risk premiums associated with temporal
variations in economic conditions and that our return predictors track these variations.
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Figure 2. Corporate bond risk premium forecast of GZ-family predictors and National Bureau of
Economic Research (NBER)-dated business-cycle turning points, 1983-2014. The solid and dotted
line represent the mean combination forecast by GZ-family predictors and historical mean forecast,
respectively. Vertical lines indicate NBER-dated business-cycle peaks (P) and troughs (T).

5.6.2. Out-Of-Sample Forecasts under Different Economic Regimes

The literature on equity return predictability has shown that investor risk aversion and asset
risk increase during economic downturns leading to a higher risk premium (Fama and French 1989;
Cochrane 1999). (Liew and Vassalou 2000) show that returns of the Fama—French factor portfolio are
associated with future economic growth. High portfolio returns precede economic expansion and low
portfolio returns precede economic recession. (Rapach et al. 2010) find that out-of-sample gains in
equity premium forecasts are more evident during low-growth periods.
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Bonds and stocks are the claims to asset value of the same firm. If expected stock returns vary with
business cycles, expected bond returns should follow suit. To further explore the economic sources of
bond premium forecasts, we examine the predictability of corporate bond returns in different economic
regimes. We use the recession probability data provided by the Federal Reserve Bank of St. Louis,
and the real GDP growth rate to define good, normal and bad economic growth periods. We sort these
variables into the top, middle and bottom terciles and report the out-of-sample Rés for good (top) and
bad (bottom) economies.

Table 10 reports the results of out-of-sample forecasts in good and bad economic regimes.
We focus on the forecasts using multiple predictors and the combination method as they perform
better than the forecasts by individual predictors. Panel A reports the results that use the recession
probability of Federal Reserve Bank of St. Louis to sort different conditions of the economy. As shown,
out-of-sample gains in terms of Réss are much higher during the low-growth period. For the forecasts
using multiple regressions, on average the out-of-sample R? statistics are about five times higher
during the low-growth than during the high-growth periods. For combination forecasts, the first and
second combinations continue to outperform the third combination and in all cases, returns are more
predictable during economic downturns. The results show a similar pattern for short- and long-term
bonds. Return predictability varies with business cycles and this pattern is more pronounced for
speculative-grade bonds.

Panel B of Table 10 shows that the predictability of bond returns is also higher during the low GDP
growth period. Combination forecasts again deliver greater out-of-sample utility gains than multiple
predictor regressions. Overall, there is evidence that the predictability of the corporate bond premium
is linked to macroeconomic conditions and returns are more predictable during the low-growth period.

5.7. GZ Spreads of Different Ratings

(Gilchrist and Zakrajsek 2012) calculate their credit spread index and excess bond premium using
the bond data in all rating categories. We can construct GZ credit spreads using bonds of different
ratings and compare their predictive power. If the credit spread of speculative-grade bonds is more
sensitive to business cycles, the GZ index based on these bonds would contain better information to
forecast returns than that based on investment-grade bonds.

Table 11 reports the results using the GZ predictors constructed from speculative- and
investment-grade bonds, respectively. For brevity, we focus on the results of GZ spread (AGZ)
(Panel A) and mean combination forecast of GZ family predictors (Panel B). We report the differences
in the in- and out-of-sample Rés and utility gains for AGZ and mean combination forecasts.

The results show that GZ predictors using speculative-grade bonds have higher predictive
power for returns than those using investment-grade bonds. When the AGZ variable is used to
predict the annual corporate bond returns, on average the speculative-grade AGZ outperforms
the investment-grade AGZ by 9.45% for in-sample R?, by 13.03% for out-of-sample R?, and by
0.56% for utility gains. The improvement is greater for short-term bonds than for long-term bonds.
The results of mean combination forecasts are similar. The results suggest that the GZ credit spread of
speculative-grade bonds contains more information for expected corporate bond returns.

5.8. Macroeconomic and Policy Uncertainty Variables

Bond spread theory suggests that yield spreads of corporate bonds are determined by firm
value, interest rates, and cash flows (see Merton 1974; Collin-Dufresne et al. 2001). To the extent
that bond returns can be approximated by yield spread changes (see Elton et al. 2001), variables that
affect firm value and cash flows will affect corporate bond returns. The literature has shown that
macroeconomic variables, such as inflation and industrial production, can predict bond returns (see
Joslin et al. 2014). In this section, we investigate the predictive power of macroeconomic and policy
uncertainty for corporate bond returns and whether including these variables may further improve
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return predictability. We download macroeconomic data from the Federal Reserve Bank of St. Louis
and employ the policy uncertainty index of (Baker et al. 2016).

Table 12 reports the results of predictive regressions using macroeconomic and policy uncertainty
variables.® Among macroeconomic variables, industrial production (IPG) and inflation rates (CPI)
have more predictive power. Interestingly, the economic uncertainty index of (Baker et al. 2016) has
higher predictive power than macroeconomic variables. However, the multiple regression that include
term structure variables, GZ index (EBP), and all macroeconomic variables and policy uncertainty
index does not perform well. This evidence is consistent with the finding of (Welch and Goyal 2008)
that multiple regressions including too many predictors generally perform poorly as noises in these
variables compound. In this circumstance, the best way to combine predictors is to use the combination
forecast method (see Rapach et al. 2010). We find that this is indeed the case. As shown in the
table, mean combination produces much better forecasts. In addition, combining GZ, term structure,
and macroeconomic/uncertainty variables (Combination 2) produces better forecasts than combining
just macroeconomic and policy uncertainty variables (Combination 1).

The results show that macroeconomic and policy uncertainty variables help improve the forecast for
corporate bond returns. One important issue is whether the GZ variables contain important information
over and beyond these variables. To investigate this issue, we employ the test method of (Harvey
et al. 1998). The null hypothesis is that model 7 forecast (including all macroeconomic/uncertainty
variables) encompasses model j forecast (including all GZ variables), against the one-sided alternative
hypothesis that the former does not encompass the latter. Letd; ; = (ﬁi/Hk -1 j,t+k)ﬁi,t+k, where#l;;\ =
Tevk = Pipiks jpvk = Tepk = Pjprk, and 7 is the k-period ahead return predicted by model j. The test
statistic is

T-k=1)[~m\-1/2]=
MHIN = ﬁ [V(d) ]d, )
where d = ﬁ ZtT:_f di ik V(E) = (T- k)_lci)o,qso = (T-k)"! tT:_f(de - 3)2 and MHLN has a ¢
distribution with T-k-1 degree of freedom.

The MHLN tests reject the null hypothesis that the forecast using macroeconomic/policy uncertainty
variables encompasses the forecast using the GZ variables. In other words, the GZ variables contain the
information that macroeconomic variables do not have. The p-values of MHLN tests for monthly and
quarterly forecasts are 0.01 and 0.02 for the full sample that includes all rated bonds. Similar results
are found for bonds in different rating categories. The results suggest that the GZ variables contain
important information for future corporate bond returns over and beyond that of macroeconomic and
policy uncertainty variables.

6 For brevity, coefficient estimates and t values are reported in the file of Supplementary Materials online.
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Table 10. Out-of-sample forecasts under different economic growth regimes. This table reports the out-of-sample R%)s of predictive regressions under different
economic growth regimes. The forecast horizon is yearly. The predictors include the default spread (DFS), the issuer quality index (IQ), the commercial paper spread
(CPS), the actual GZ spread (AGZ), the predicted GZ spread without option adjustment (PGZ1), the predicted GZ spread with option adjustment (PGZ2), the excess
bond premium excluding the effect of option adjustment on callable bonds (EBP), the three-month Treasury bill rate (TBL), and term spread (TMS). Reported are the

results of forecasts using multiple predictors. Mean combinations 1, 2, and 3 use the mean of individual forecasts using the GZ family predictors, the GZ family

predictors and the TBL and TMS, and all predictors, respectively. We divide the whole sample period into good, normal, and bad economic growth regimes using the

recession probability data (Panel (A)) and the real GDP growth rates (Panel (B)). The signs ?, b and © denote the significance at 1%, 5%, and 10% levels, respectively.

Panel (A) Annual Ri) ¢ Based on Recession Probabilities

Bad (%) Good (%) Difference (%)
Predictor AAA/AA A BBB  Junk Al AAA/AA A BBB  Junk  All  AAA/AA A BBB  Junk All
TBL + TMS + EBP -21.77 22642 41582 30482 34312 -2.57 6.222 12.102 17522 8.202 -19.20 16.42 29.48 12.96 26.11
Rating Combination 1 7.012 22792  36.04% 32252 3581°% 4432 0.68P 11992 12.882 8.552 2.58 22.11 24.05 19.37 27.26
portfolio Combination 2 15472 23.022 35332 30.02@ 34.73% 8.072 8.042 18.078 18792 15.00? 7.40 14.98 17.26 11.23 19.73
Combination 3 5622 16.20® 33492 26712 28.66% -6.14 -6.72 -2.07 -1.90 -5.02 11.76 22.92 35.56 28.61 33.68
Short- TBL + TMS + EBP -74.31 13.162 44012 37202 44.19°% 5472 3.602 19912 8.152 15.78 2 -79.78 9.56 24.10 29.05 28.41
duration Combination 1 -3.26 22272 36362 32627 41812 -9.52 -20.74 -2.08 -0.93 -6.16 6.26 43.01 38.43 33.55 47.96
ortfolio Combination 2 4942 21272 31462 28512 36.59% 3.022 -5.30 7.782 3.372 4712 1.92 26.57 23.67 25.15 31.88
P Combination 3 -2.65 21.712 42282 36.82@ 45292 -19.11 -2945 -12.67 -10.16 -21.13 16.46 51.15 54.95 46.99 66.41
Long- TBL + TMS + EBP 13.302 32723 44592 371223 44582 4522 17.14* -1381 17322 7272 8.78 15.58 58.40 19.80 37.31
duratigon Combination 1 15.612 30512 40442 39.382 43112 8.402 13.642 2.652 4202 11.262 7.21 16.86 37.78 35.18 31.84
ortfolio Combination 2 23.50 2 32242 42322 38197 44.20° 11.129 19.572 8322 16412 18122 12.37 12.67 34.00 21.78 26.08
P Combination 3 10.65% 20412 36.67* 25887 32857 1482 2.692 —6.65 -13.23 -2.49 9.17 17.72 43.32 39.11 35.34
Panel (B) Annual R?)s Based on Real GDP Growth Rates
Bad (%) Good (%) Difference (%)
Predictor AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All
TBL + TMS + EBP —-18.48 18532  36.382 28.642 28.87% —4.82 0.752 4432 7.772 1.612 -13.66 17.78 31.95 20.88 27.26
Rating Combination 1 0.66 2 16952 30382 31.61% 3044°% 1432 -3.12 3212 7.502 3202 -0.77 20.07 27.17 24.11 27.25
portfolio Combination 2 7.56 2 18.812 30.78* 29.66* 30.50% 6.132 5232 11.30% 12442 10.622 1.43 13.58 19.48 17.22 19.88
Combination 3 -3.79 10.06® 26482 24072 21.83% -3.77 -5.92 -3.55 —2.42 —4.32 -0.02 15.98 30.04 26.49 26.15
Short- TBL + TMS + EBP —-55.24 12.772  43.622 36172 4121°% 8.59 2 1.832 6.69 2 0.08 2 9.622 -63.82 10.94 36.93 36.10 31.59
duration Combination 1 -9.30 14342 32552 30432 35.61°? —4.57 —-20.04 -9.42 -3.24 —-8.44 -4.73 34.37 41.97 33.67 44.05
ortfolio Combination 2 0912 16.622 28992 27012 32272 7.522 -4.12 0422 -0.78 2112 —-6.61 20.74 28.57 27.78 30.16
p Combination 3 -10.61 12.842 37402 33162 37.10% -15.83 -29.32 -14.21 —-8.68 -21.06 5.21 42.16 51.60 41.85 58.16
Long- TBL + TMS + EBP 8.842 27322 3511?% 31.05% 33792 -3.27 12683 -2922 20912 3972 12.10 14.64 64.33 10.14 29.82
durat;gon Combination 1 5982 23302 28852 36947 33.94%2 5722 11522 -1.25 2172 8.872 0.26 11.78 30.10 34.77 25.08
ortfolio Combination 2 12.24% 25992 32322 3597% 35937 8.56 2 18.56 2 5342 15.128 17382 3.68 7.43 26.98 20.85 18.54
P Combination 3 2.028 13.70® 23162 20452 22232 3.172 5.082 -3.35 -12.28 -0.91 -1.15 8.62 26.51 32.73 23.14
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Table 11. Predictions of investment- and speculative-grade GZ variables. This table reports the difference of prediction results of actual GZ spread (AGZ) and mean
combination of GZ variables using speculative- and investment-grade bonds to construct the GZ variables. Panel (A,B) reports the results of forecasts using AGZ and

mean combination of GZ-family predictors, respectively.

Panel (A) AGZ

Monthly (%) Quarterly (%) Yearly (%)
Portfolio AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All
Difference in Rating 1.45 2.56 3.33 5.06 3.79 2.00 3.50 497 9.02 5.67 3.20 7.56 778 1329 945
in-sample R2 Short-term 2.13 3.58 3.95 4.53 5.17 3.17 4.87 524 9.45 8.21 4.48 7.60 347 1440 11.29
P Long-term 1.23 1.98 178 457  3.00 1.15 3.06 290 848 444 1.63 636 462 1375 753
Difference in Rating -0.91 030 087 486 223 —4.27 238 422 1253  6.19 —6.02 782 918 25.09 13.03
out-of-sample R2 Short-term —-5.36 0.08 390 391 4.36 -11.63 274 690 1258 1214  -11.86 6.78 1092 2219 18.44
P Long-term -0.59 -021 075  3.22 1.91 -2.11 186 252 1071 3.94 -3.53 5.91 134 2701 839
Difference in Rating -0.27 -0.05 051 2.31 0.10 —-0.34 030 044 304 087 -0.26 010 0.19 1.83 0.56
utility eains Short-term 0.20 0.40 128 267  1.06 0.29 0.73 139 417 132 0.36 043 062 214 051
Y8 Long-term -0.03 0.55 1.14 1.33 1.16 -0.49 0.83 0.38 222 0.56 -0.47 0.25 0.31 1.14 0.19
Panel (B) Mean Combination Using GZ Variables
Monthly (%) Quarterly (%) Yearly (%)
Portfolio AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All AAA/AA A BBB  Junk All
Difference in Rating 2.46 3.05 3.87 4.24 441 10.52 1624 21.78 14.16 18.38 —-4.07 271 790 1945 9.73
out-of-sample R2 Short-term -2.96 0.44 3.87 3.14 4.10 -7.24 6.05 1141 1474 1474 -33.00 -11.72 091 17.74  4.88
P Long-term 1.80 317 813 310 390 9.18 1722 3441 1145 19.65 —4.43 12.38 32.00 21.70 14.07
Difference in Rating 0.23 -020 033 228 057 0.27 0.51 016 277  1.07 0.48 0.05 0.10 1.98 0.47
utility gains Short-term 0.45 024 066 281 0.58 0.52 0.38 1.03 355 070 0.39 016 041 2.55 0.20
& Long-term -1.49 -0.10 147 168  0.28 -1.36 035 044 251 0.16 -0.66 086 071 151 0.52
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Table 12. Policy uncertainty, macroeconomic activity, and return predictability. This table reports in- and out-of-sample Rés and utility gains using policy uncertainty
and macroeconomic condition. The economic uncertainty index (EPU) is from (Baker et al. 2016), and macroeconomic variables include industrial production growth
(IPG), nonfarm payroll (PAY), inflation (CPI), and unemployment rate (UNEM) from the Federal Reserve. MP denotes the multiple predictive regression using EPU,
IPG, PAY, CPI, and UNEM jointly. Combination forecast 1 is the mean combination using EPU, IPG, PAY, CPI, and UNEM, while combination forecast 2 is mean
combination using all predictors. We use the method of (Clark and West 2007) to test the significance of Rés, and follow (Hodrick 1992) to adjust for standard errors
when the forecast horizon is beyond one month. The signs ?, b and € denote the significance at 1%, 5%, and 10% levels, respectively.

Monthly In-Sample R? Monthly Out — Of — Sample RzO s Monthly Utility Gains

Predictor AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All

EPU 1.36 3.33 3.27 5.45 4.24 2452 4562 4432 6.782 6.052 0.41 2.68 2.71 423 2.01
IPG 0.05 1.78 1.36 3.37 1.78 -1.29 2.12 1.52 455b 2.29¢ —-0.78 -0.48 -1.08 0.04 -1.03

PAY 1.48 4.05 4.69 6.33 4.92 —-0.55 5272 6.76 2 8.362 7.062 -0.38 0.64 0.20 1.76 0.17

Rating CPI 1.59 1.68 2.82 2.68 2.93 0.85" 2.33b 3.762 3302 4.00° 1.29 248 3.07 2.60 2.04
portfolio UNEM 0.58 2.76 3.73 4.60 3.56 -1.81 2792 4372 5512 3972 -2.38 0.04 —-0.88 2.90 -1.44
MP 2.08 4.24 6.52 10.31 6.69 -0.01 1502 4402 8.56 2 4542 -1.81 0.28 0.24 3.83 -0.22

TBL + TMS + EBP + MP 1.60 4.66 6.73 10.81 7.38 -1.94 1462 4572 10392 6512 —2.48 -0.21 1.57 3.77 0.47

Combination 1 1.46° 534b  570P 7552 6752 0.29 2.14 2.14 2.98 1.64

Combination 2 1.75° 3.85°¢  441® 5612  510° 0.65 2.36 241 2.64 2.11

Quarterly In-Sample R? Quarterly Out — Of — Sample Rf) s Quarterly Utility Gains

Predictor AAA/AA A BBB Junk All AAA/AA A BBB Junk All AAA/AA A BBB Junk All

EPU 1.54 7.01 9.62 14.10 10.61 1172 7412 12362 16542 13.242 0.39 2.35 2.33 3.55 141
IPG 0.09 3.30 3.16 5.19 3.64 -1.88 4.12b 4.01b 6.752 5.36P -0.59 —-0.05 —-0.62 0.03 —-0.85

PAY 2.99 7.46 9.53 10.47 9.23 —0.46 8.932 14252 13272 13512 —-0.37 1.02 0.62 1.28 0.21

Rating CPI 3.11 3.15 497 4.73 4.67 1.44° 3.772 6.722 4522 6.032 1.32 2.64 2.86 1.85 1.82
portfolio UNEM 1.25 5.62 7.73 8.66 6.90 -3.37 6.052 9.532 10712  8.032 -2.06 0.75 0.11 2.80 -1.20
MP 4.89 9.49 16.05 21.28 15.59 -5.98 -3.52 8.162 14432 5982 -1.70 0.07 0.92 3.10 —-0.68
TBL + TMS + EBP + MP 5.77 13.02 18.69 23.69 18.82 —4.02 2612 8.612 11.822  9.00? -3.36 0.29 0.31 1.28 -1.18

Combination 1 2282 9.56P 13.022 14.472 13.532 0.12 2.26 2.24 243 143

Combination 2 3122 6.56 10112 9.792 10.222 0.28 2.35 248 2.15 1.77

Yearly In-Sample R? Yearly Out — Of — Sample Rés Yearly Utility Gains

Predictor AAA/AA A BBB Junk All  AAA/AA A BBB Junk All  AAA/AA A BBB Junk All

EPU 2.33 12.70 18.73 20.87 17.08 2922 11522 19.70® 15242 17.022 0.56 1.90 1.77 2.90 1.08
IPG 2.82 11.68 15.01 14.30 12.61 -2.60 18.182 20.70* 12972 18.60° —-0.52 -0.23 -0.75 0.47 -0.83

PAY 10.76 19.00 27.15 23.90 23.18 1.632 25512 39.06® 27702 34.31°% -0.11 0.95 0.79 1.31 0.35

Rating CPI 4.02 2.89 5.34 4.63 4.72 1552 0.37¢ 4562 0.27 ¢ 2342 0.62 1.01 1.14 0.83 0.95
portfolio UNEM 3.53 11.36 15.76 13.66 12.86 -11.43 11922 17232 14782 13932 -1.99 0.34 0.18 2.29 —-0.89
MP 12.33 26.07 39.49 47.60 37.60 —-25.75 -1.43  20.22@ 2435% 13932 -1.18 —-0.34 0.12 2.35 -0.69
TBL + TMS + EBP + MP 17.25 33.02 45.50 52.65 43.13 -22.97 -1234 347 2.632 -9.89 -3.58 -2.12 -1.94 —-0.66 —4.19

Combination 1 6.892 21282 28.032 20.17® 2540° —-0.06 1.45 1.53 1.96 0.88

Combination 2 9.572 19.372 27.61* 22432 2619° 0.17 1.41 1.68 2.04 1.06




J. Risk Financial Manag. 2020, 13, 20 31 of 34

6. Conclusions

In this paper, we examine the predictive power of the GZ credit spread indexes relative to
conventional default spread and term structure variables. We find that the GZ credit spread variables
have much more predictive power than traditional credit spread measures. The GZ variables
outperform conventional credit spread and term structure variables in terms of R? values and economic
significance. The results show that the GZ variables contain richer information for future asset returns
than the usual predictors of corporate bonds.

Corporate bond premium forecasts by the GZ credit spread and term structure variables are
closely linked to business cycles. The superiority of the GZ predictor is mainly due to its ability to
forecast future economic activity. There is evidence that the credit spread component of bonds is
predictable, not just the entire excess return. The results show that the GZ credit spread variables
capture time-varying bond risk premiums. The GZ credit spread constructed from speculative-grade
bond data has higher forecasting power than that formed by investment-grade bond data. Moreover,
the predictive power of the GZ variables is robust to controlling for the effects of macroeconomic and
policy uncertainty variables.

Our analysis provides useful information for both financial researchers and practitioners. First,
our findings have important implications for theoretical modelling and asset pricing research.
The evidence uncovered in this paper suggests that the term structure model of defaultable bonds
should account for the phenomenon of return predictability. Using the expected return generated from
the predictive model, one can assess whether the bond investors receive sufficient compensation for
the risk they bear, and determine whether corporate bonds are priced properly. Second, our results
provide valuable information for investors to time the corporate bond market and to enhance their
portfolio performance. From the perspectives of risk management and financing, studying bond risk
premiums is essential for understanding firms’ interest rate exposures, as well as corporate financing
choices. An efficient return forecast model provides a benchmark for evaluating investment manager
performance and essential information for investors to perform optimal asset allocations. Our findings
thus not only advance academic research on asset pricing but also enhance practical investment and
portfolio management.
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Appendix A. Construction of GZ Spreads

This appendix describes the estimation procedure and the data used for constructing GZ credit
spread variables, which include actual spreads (AGZ), predicted spreads without option adjustment
(PGZ1), predicted spreads with option adjustment (PGZ2), and excess bond premium (EBP).

Consider a corporate bond g issued by firm i at time t. The valuation of this bond is given by

Pulg) = Y C()D(t), (A1)

s=1

where C(s) is the promised cash flow payment at time s, and D(t) = e"Yit! is the discount function at t.

To calculate the price of an equivalent risk-free security with identical cash flow and maturity, Pf; ],
we discount the cash flow using continuously compounded zero-coupon Treasury rates obtained from
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the Treasury yield curve estimated by (Gurkaynak et al. 2007). The resulting price P{t [q] is then used to

calculate the equivalent yield of the bond with no default risk, denoted by y£ [9]. The individual credit
spread is calculated as

Sulql = vilal - vila), (A2)

where y;;[g] is the promised yield of corporate bond g embedded in D(t). This calculation of credit

spreads is free of the bias that would occur when the spreads are computed by matching the corporate

bond yield with the yield of a Treasury security (often through interpolation) of the same maturity.
The GZ credit spread is calculated as

AGZi= Y Y Suld (A3)
i q

with N; equal to the number of bond/firm observations in month ¢, which by construction, is an
arithmetic average of the credit spreads of outstanding bonds in that month.

(Gilchrist and Zakrajsek 2012) further decompose the credit spread AGZ; into the expected and
unexpected components. This requires first relating the log of credit spread on bond g of firm i at time
t to a firm-specific measure of expected default DFT;; based on (Merton 1974) distance to default, and a
vector of bond-specific characteristics (Z;¢[g]):

InSylq] = BDFTy + ' Zitlq] + €itlq], (A4)

where ¢;[q] represents a pricing error with mean zero and standard deviation 6[g]. This relation is
estimated by least squares regression where standard errors are double clustered in firm and time and
therefore are robust to both cross-sectional dependence and serial correlation.

Assuming normally distributed errors, the predicted level of the spread for bond g of firm i at
time ¢ is given by

Sula) = exp|BDFTi+7'Zuld) + 5 ool (45)

where [ﬁ y ]/ denotes the OLS estimates of the corresponding parameters. By averaging cross bonds at
time ¢, we can obtain the predicted component of GZ spread (PGZ) as

PGZ; = I\i]t Zi Zq Sulql- (A6)

In (A5), DFT}; is measured by the distance to default calculated under the (Merton 1974) framework.
The variables Z;;[q] include duration, amount outstanding, coupon rate, age of the bond, and an
indicator if the bond has a call provision. To control for any systematic (time-invariant) differences in
expected recovery rates across industries, we also include three-digit NAICS in the regression to control
the industry fixed effect. The regression also includes the S&P credit rating fixed effect to capture
the “soft information” for the firm’s financial health, which is complementary to the option-theoretic
measure of default risk. We denote the GZ spread predicted by the above variables as PGZ1. The excess
bond premium in month ¢ is then defined as

EBP; = AGZ; — PGZ1;. (A7)

Our data sample for calculating GZ spread includes a large number of callable bonds. To control
for the effects of the call option, Treasury term structure and interest rate volatility on the spreads of
callable bonds, besides the above variables, we also include the call provision, the level, slope and
curvature of the Treasury yield curve, and the realized monthly volatility of the daily ten-year Treasury
yield in Z;[q]. We denote the GZ spread predicted by incorporating these additional variables as PGZ2.
We estimate the GZ variables using the data sample described in Section 4.
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