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Abstract

This paper explores a data-driven approach to timing the corporate bond market using

real-time macro-financial information. We implement a forecast combination method, which

is conceptually linked to simple ensemble learning in machine learning, to predict excess

bond returns and dynamically adjust market exposure. The resulting managed portfolio

delivers significant improvements in risk-adjusted returns, Sharpe ratios, and investor utility,

outperforming leading factor models both in- and out-of-sample. The strategy is particularly

effective during periods of macroeconomic instability, demonstrating its adaptive power. Our

findings contribute to the growing literature on AI-assisted investment strategies by showing

how transparent, real-time prediction frameworks can enhance portfolio decisions in fixed-

income markets without relying on black-box algorithms.
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1 Introduction

A fundamental question in modern finance literature is to understand why assets earn vastly

different average returns in the cross section. In equity markets, the capital asset pricing model

(CAPM) of Sharpe (1964), Lintner (1965), and Black (1972) with the value-weighted stock mar-

ket factor is the cornerstone of the literature on understanding the determinants of the pricing

kernel for stocks. An important implication of this model is that the market portfolio of invested

wealth is mean-variance efficient, and thus is sufficient to summarize the entire investment oppor-

tunity set. Nevertheless, this assumption has been challenged by many studies. To surpass the

market portfolio, the growing literature proposes strategies for managing investment portfolios

either in the cross-sectional dimension, i.e., anomaly factor portfolios (see Fama & French, 2015;

Hou et al., 2020, for example), or in the time-series dimension (Farmer et al., 2023; Hollstein &

Prokopczuk, 2023; Jiang et al., 2024; Moreira & Muir, 2017; Rapach et al., 2016, among others).

Managed strategy, on the other hand, is relatively underexplored for the corporate bond

market. Dickerson, Mueller, & Robotti (2023) document that the market factor significantly

predicts the cross-sectional variations in excess returns of corporate bonds.1 From an investment

perspective, they show that several newly proposed bond factors fail to outperform the value-

weighted bond market factor. In other words, incorporating these factors into an investor’s

portfolio yields marginal improvements beyond what is achieved by simply holding the bond

market portfolio. Therefore, the corporate bond market portfolio alone is important and has

nontrivial pricing ability for corporate bonds (van Binsbergen et al., 2023; Dickerson, Mueller, &

Robotti, 2023). Meanwhile, the performance of the largest possible bond market portfolio is also

attractive compared to sophisticated machine learning-based strategies (Dickerson et al., 2024)

and after controlling for the transaction cost (Ivashchenko & Kosowski, 2024). Given the pivotal

role played by the bond market portfolio, we focus our attention on enhancing such portfolio

through a time-series managed strategy, i.e., timing the corporate bond market.2

As an asset allocation strategy, market timing is designed to dynamically change a portfolio’s

exposure to the aggregate market based on the prevailing market conditions inferred from con-
1 Indeed, the market factor (portfolio) is commonly adopted in linear factor models to explain cross-sectional

variations in returns of other asset classes, such as the average factor of Bakshi et al. (2019) in commodity futures
markets, the dollar factor of Lustig et al. (2011) for currency markets, the market factor of Liu et al. (2022) in
the cryptocurrency market, and the level factor of Karakaya (2014) for equity option markets.

2 Recent literature has proposed several cross-sectionally managed investment strategies for corporate bond
markets, including Bali et al. (2021), Cao et al. (2023), Chen & Choi (2024), Chung et al. (2019), Elkamhi et al.
(2024), Kelly et al. (2023), among others. In this paper, we focus on the time-series managed portfolios only.
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ditioning information, i.e., to invest more in good times and vice versa. The existing literature

in equity markets shows that the aggregate market returns are predictable over time (see Camp-

bell, 1987; Fama & French, 1988; Lettau & Ludvigson, 2001; Neely et al., 2014; Rapach et al.,

2010, for example), thereby offering investors the opportunity to engage in market timing. To

proxy the conditioning information set, a common choice is the predictor variable, such as return

predictors studied by Welch & Goyal (2008) that are widely used to forecast time variations in

aggregate market returns. Building on this idea, recent work by Hollstein & Prokopczuk (2023)

shows that managing the stock market portfolio with information from market excess return

forecasts enhances the investment opportunity set of an investor who trades in static factor in-

vesting.3 More importantly, in the corporate bond market, existing studies also demonstrate the

strong predictability of corporate bond returns (see Keim & Stambaugh, 1986; Fama & French,

1989; Hong et al., 2012; Greenwood & Hanson, 2013; Lin et al., 2014, 2018; He et al., 2022; Feng

et al., 2025; Kelly et al., 2023, for example). It is therefore natural to relate such predictability

to time-series management of bond market portfolio.

Our paper extends the idea of managing the market portfolio via time-series predictability to

corporate bond markets. Following Hollstein & Prokopczuk (2023), we construct the managed

bond market portfolio with conditioning information and evaluate its performance relative to

cross-sectional asset pricing models as well as in an out-of-sample setting. By exploiting the

time-series managed portfolio, this paper aims to advance our understanding of the conditional

asset pricing in corporate bond markets, which has great implications for both practitioners and

researchers. For example, managing the bond market portfolio could lead to sizable investment

gains for investors and firms with a commercial interest. Besides, in the subsequent analysis,

we show that the performance of managed portfolios is not spanned by well-known bond pricing

factors, thus posing a new challenge for cross-sectional pricing models in corporate bond markets.

More strikingly, our approach offers a transparent, ensemble-based alternative to black-box

machine learning, and demonstrates how real-time data-driven signals can support adaptive

investment strategies.

In the empirical exercises, we first show that excess returns of the corporate bond market

portfolio are highly predictable using 15 well-known macroeconomic and financial predictor
3 Another direction to enhance portfolios in the time-series dimension is to manage their volatility. For in-

stance, Moreira & Muir (2017) challenge the conventional risk-return trade-off and demonstrate that an investor
can benefit from volatility timing by decreasing her exposure to risk factors when their volatility is elevated. Bar-
roso & Santa-Clara (2015) and Daniel & Moskowitz (2016) also extend volatility-timing strategies to momentum
portfolios. However, the performance of such managed portfolios is challenged by Cederburg et al. (2020) and
Barroso & Detzel (2021) in terms of the investability.
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variables. Results of univariate predictive regressions indicate that two-thirds of predictors

have strong in-sample predictive ability for the bond market excess returns. However, similar

to the findings in equity markets, only 4 individual predictors deliver consistent out-of-sample

forecasting gains relative to the benchmark model based on the historical average forecast. One

possible reason for the vanished out-of-sample performance is the model uncertainty or structural

instability embedded in a single model (Rapach et al., 2010). Given the structural instability risk

in an unstable environment (e.g., institutional changes and policy shocks), individual variables

may provide accurate signals in certain periods but uninformative even false signals during

others. Therefore, a single predictive model is less likely to accurately approximate the highly

uncertain and complex data-generating process for expected corporate bond market returns.

To establish the out-of-sample predictability, we follow Rapach et al. (2010) and apply the

forecast combination method to aggregate the out-of-sample bond market excess return forecasts

derived from the information in individual predictors. Over the out-of-sample period from

February 1991 to December 2022, we find that the forecast combination significantly improves

the degree of predictive accuracy in statistical criteria. From an asset allocation perspective, such

a combination approach also delivers considerable economic gains as measured by the certainty

equivalent returns (CER) of 1.27% per year. These results underscore the benefits of forecast

combination to enhance the predictability of corporate bond market portfolios.

Building on the evidence of time-series predictability, we implement a market timing strat-

egy in the spirit of Hollstein & Prokopczuk (2023). Specifically, we dynamically alter the expo-

sure to the bond market portfolio based on the return combination forecasts. The combination

forecast-managed corporate bond market portfolio generates an annualized average excess return

of 4.93% with a t-statistic of 2.48. This indicates that macroeconomic and financial variables

contain useful information about the future market states for timing, thereby leading to a prof-

itable managed portfolio. Next, we investigate whether the returns of managed market portfolios

are spanned by existing corporate bond pricing factors. That is, to what extent timing the bond

market can enhance the investment opportunity set of an investor who trades static pricing

factors. By regressing managed portfolio returns on a set of factor models, we find that the

combination forecast-managed bond market portfolio generates positive risk-adjusted returns

ranging from 2.94% to 6.37%, which are all statistically significant at the 5% level. Mean-

while, our main findings are robust after controlling for the impact of transaction costs, using

combination forecasts with time-varying weights, and imposing leverage constraints.
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Moreover, we analyze the enhancement of existing factor models after incorporating the

managed market portfolio. Following the approach of Cederburg et al. (2020), we compare the

performance of optimal combination portfolios constructed using the factor model space either

with or without the managed market portfolio. As the real-time implementation is noteworthy,

we calculate the optimal investment weights in the combination portfolio based on information

available to investors when they are required to construct trading strategies. Our results indicate

significant improvements from augmenting factor models with the managed portfolio. In par-

ticular, the optimal combination strategies with managed market portfolio outperform original

factor models by producing significantly increased out-of-sample Sharpe ratios (up to 0.35% per

year) and economically large utility gains (up to 5.28% per year). Overall, our findings highlight

the economic impact of adding time-series managed portfolio to the investment opportunity set.

What is the potential mechanism behind the superior performance of managed market port-

folios? The time-varying macroeconomic risk channel suggests that risk premiums are compen-

sations for investors who bear recession-related risks. Previous studies have shown that changes

in economic fundamentals are the driving forces behind the time variations in expected bond

returns (Fama & French, 1989; Lin et al., 2018; Bianchi et al., 2021). Motivated by this, we

illustrate that the expected corporate bond market returns have a strong countercyclical pat-

tern, and can reflect time-varying fundamental risks. This evidence confirms the strong link

between expected bond market returns and macroeconomic risk, which is the key driver of bond

return predictability. In addition, predictors of Welch & Goyal (2008) used in our analysis are

often treated as state variables in characterizing the investment opportunity set and can predict

economic activities in the long term (Boons, 2016; Maio & Santa-Clara, 2017; Petkova, 2006).

This offers insight into why these predictors have predictability for bond market returns.

Building upon these analyses, we investigate an important implication of the market timing

to better understand its economic source. In particular, we perform a two-regime analysis to

evaluate the performance of managed portfolios under different economic conditions. Our re-

sults show that the managed portfolio achieves better performance when economic conditions

are rapidly changing. For example, conditional on large absolute changes in industrial produc-

tion, the managed portfolio delivers an annualized average return of 7.16% (t-statistic = 2.01)

and statistically significant alphas ranging from 4.46% to 8.21%. In contrast, the average return

of the portfolio is only 2.52% per year when conditional on small absolute changes in industrial

production, and nearly all risk-adjusted returns are statistically insignificant. We obtain quali-
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tatively similar results when using different proxies to represent changes in economic and market

states. Based on these, we conclude that the superior performance of the managed portfolio is

attributed to the ability of predictor variables to capture more rapidly changing economic and

market states, i.e., during periods when the timing strategy is more relevant.

Lastly, we perform additional robustness checks in the following ways. First, we confirm that

our baseline results remain valid when adopting three alternative proxies for the corporate bond

market portfolio. Second, we split the full sample into crisis and normal periods and show that

the superior performance of the corporate bond market timing strategy is not driven by extreme

weights and returns concentrated in crisis times. Finally, we consider different return forecast

combination methods and estimation schemes and verify that our results are not sensitive to

specific research designs.

Related Literature – Our paper is related to the literature on the times-series predictability

of returns for corporate bonds. Despite extensive research on stock return predictability (see

Ang & Bekaert, 2007; Atanasov et al., 2020; Bali, 2008; Campbell & Thompson, 2008; Cochrane,

2008; Huang et al., 2015; Rapach et al., 2010; Rapach & Zhou, 2013; Welch & Goyal, 2008, among

others), there are only a few studies on the predictability of corporate bond returns. Early work

by Keim & Stambaugh (1986) analyzes the common variation in expected returns on bonds

and provides strong evidence that they are time-varying. Fama & French (1989) document that

corporate bond returns are predictable by forecasting variables, such as the dividend yield and

the default spread, both in- and out-of-sample. More recently, Hong et al. (2012) investigate

the predictability of corporate bond market returns and find a strong nonlinear structure in the

serial dependence for bond returns. Greenwood & Hanson (2013) find that the credit quality of

corporate debt issuers can predict corporate bond returns. Lin et al. (2014) introduce additional

forecasting variables and employ the combination forecast method for predicting the credit

spread component of corporate bond returns. Lin et al. (2018) propose an iterated combination

approach with a large set of predictors for predicting returns of bonds with different ratings

and maturities. Moreover, Bali et al. (2022), Feng et al. (2025), He et al. (2022), Kelly et al.

(2023) apply machine learning methods to model and predict corporate bond returns. Our paper

aligns with this prevailing trend by investigating the time-series predictability of corporate bond

market portfolios, but with a unique focus on the implication of predictability for investors’

portfolio management strategies.

Our work also builds on the literature on efficient timing strategy with conditioning informa-
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tion. Earlier representative contributions include Fleming et al. (2001) and Fleming et al. (2003),

which assess the economic value of volatility timing, and Marquering & Verbeek (2004), which

evaluates the performance of trading strategies based on timing in returns and volatility. Recent

works by Barroso & Santa-Clara (2015), Cederburg et al. (2020), Daniel & Moskowitz (2016),

DeMiguel et al. (2024), and Moreira & Muir (2017) investigate the timing ability of volatility in

various asset pricing factors. Arnott et al. (2023), Ehsani & Linnainmaa (2022), and Gupta &

Kelly (2019) study the performance and implication of factor momentum strategies. Haddad et

al. (2020) show that risk factors are robustly predictable and the optimal factor timing portfolio

affects inference about the stochastic discount factor. To engage in market timing, Jiang et

al. (2024) use economic narratives and machine learning methods to manage the equity market

portfolios and Maurer et al. (2023) analyze the importance of market timing in foreign exchange

markets utilizing information about the conditional Sharpe ratio. Contrary to these studies but

aligning with Haddad et al. (2020), our research employs the conditioning information contained

in a set of macroeconomic and financial variables to achieve efficient market timing. Early works

have highlighted the importance of conditioning information in portfolio optimization: Ferson

& Siegel (2001), Ferson & Siegel (2009), Ferson et al. (2019), and Peñaranda (2016). This mo-

tivates our choice to use lagged conditioning variables to infer the time-varying optimal weights

for market portfolio optimization in real time. Our work is mostly related to the recent paper by

Hollstein & Prokopczuk (2023), which manage the equity market portfolio utilizing time-series

predictors. We differ from their work by focusing on the quickly developing but underexplored

corporate bond markets and further investigating the economic mechanism underlying the per-

formance of market timing. Noticeably, our paper is the first to analyze the market timing

strategy with conditioning variables and quantify its economic benefits for real-time investors

using corporate bond market data.

Finally, our study contributes to the rapidly growing literature on factor investing in the

corporate bond market (see Bali et al., 2022, 2024; van Binsbergen et al., 2023; Dick-Nielsen et al.,

2023; Dickerson, Robotti, & Rossetti, 2023; Dickerson & Nozawa, 2024; Kelly et al., 2023; Nozawa

et al., 2024, among others). Recent studies (e.g., Dick-Nielsen et al., 2023; Dickerson, Mueller, &

Robotti, 2023) raise concerns about several factors identified in the corporate bond markets. van

Binsbergen et al. (2023) and Dickerson, Mueller, & Robotti (2023) show that several proposed

bond risk factors can be spanned by the stock and bond market portfolios. Dickerson et al. (2024)

find that the sophisticated machine learning-based trading strategies generate unattractive bond
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CAPM alphas after accounting for transaction costs. Thus, the realistic outperformance of

active bond trading strategies relative to the bond market factor is questionable. Similarly,

by applying the principle of market microstructure invariance, Ivashchenko & Kosowski (2024)

highlight that the investment performance of the largest possible bond market portfolios is

robust to transaction costs. Motivated by these, we center our attention on the corporate bond

market portfolio, which has nontrivial explanatory power for corporate bonds. By leveraging the

time-series predictability related to factor investing, we contribute to the literature by offering

an enhancement approach for the bond CAPM, and show that managed bond market portfolios

add economic value for investors in cross-sectional factor strategies.

The rest of this paper is organized as follows. Section 2 describes the data and descriptive

statistics. In Sections 3 and 4, we analyze the predictability of corporate bond market returns and

present the main results for the market timing strategy based on the time-series predictability,

respectively. Section 5 discusses the possible economic rationale for the performance of bond

market timing. Section 6 provides robustness checks. Finally, Section 7 concludes.

2 Data

2.1 Predictors

In order to capture changes in macroeconomic and financial conditions and describe the condi-

tioning information set of investors, we consider a set of predictors studied by Welch & Goyal

(2008). These economic predictors are widely used in the equity and bond the return predictabil-

ity literature (see Bali, 2008; Boudoukh et al., 2007; Campbell, 1987; Campbell & Shiller, 1988;

Cochrane, 1991; Fama & French, 1988, 1989; Lettau & Ludvigson, 2001; Lin et al., 2018; Rapach

& Zhou, 2013, among others). There are 15 macroeconomic and financial predictors in total,

including log dividend-price ratio (DP), log dividend yield (DY), log earnings-price ratio (EP),

log dividend-payout ratio (DE), stock return variance (SVAR), book-to-market ratio (BM), net

equity expansion (NTIS), Treasury bill rate (TBL), long-term yield (LTY), long-term return

(LTR), term spread (TMS), default yield spread (DFY), default return spread (DFR), infla-

tion (INFL), and investment-to-capital ratio (IK). Detailed descriptions of these predictors are

reported in Appendix A. We collect the data on Welch & Goyal (2008) predictors from Amit

Goyal’s website.4 For macroeconomic variables, we use the vintage data available for real-time
4 See https://sites.google.com/view/agoyal145. We thank Amit Goyal for making the data available.
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investors at each point in time from the Archival Federal Reserve Bank of St. Louis FRED

(ALFRED) database. The main sample period starts from January 1986 to December 2022.

We present summary statistics of the predictors in Panel A of Table 1. As indicated by the

autocorrelation coefficients, many predictor variables (e.g., DP, DY, EP, DE, BM, NTIS, TBL,

LTY, TMS, DFY, and IK) are highly persistent, suggesting a potential clustering effect in return

forecasts made by these predictors. On the other hand, autocorrelations of other variables such

as SVAR, LTR, and DFR are low. In addition, part of the variables (e.g., DE, SVAR, DFY) have

high skewness and thus may create asymmetric weights in the managed bond market portfolio.

DE, SVAR, DFY, DFR, and INFL have relatively high kurtosis exceeding 10, suggesting that

they might imply extreme weights in the managed market portfolio when used alone.

2.2 Factor strategies

The corporate bond market portfolio (MKTB) is constructed by using corporate bond returns in

excess of the one-month risk-free rate of return (Dickerson, Mueller, & Robotti, 2023). Dickerson,

Julliard, & Mueller (2023) argue that the Intercontinental Exchange (ICE) corporate bond data

is more suitable than the Trade Reporting and Compliance (TRACE) transaction-based data

for academic research in terms of the data quality and sampling methods. Kelly et al. (2023)

also note that the ICE data serves as the gold standard for empirical studies on corporate

bond markets and should be the main data source for the corporate bond research.5 Therefore,

following Dickerson, Julliard, & Mueller (2023), our paper adopts the corporate bond factors

constructed using the ICE data set.6 For the empirical analysis, we consider 9 non-market

corporate bond factor strategies, including the bond carry factor (CRY), the bond default risk

factor (DEF), the bond duration factor (DUR), the bond long-term reversal factor (LTR), the

bond momentum factor (MOMB), the bond earnings announcement drift factor (PEADB), the

bond short-term reversal factor (STR), the bond term structure risk factor (TERM), and the

bond value factor (VAL). For the corporate bond market portfolio and other tradable factors,
5 See Andreani et al. (2024) and Kelly & Pruitt (2022) for detailed comparison between the ICE and TRACE

data.
6 To construct the corporate bond data set for empirical analysis, Dickerson, Julliard, & Mueller (2023) first

rely on the constituents of the corporate bond data set from the Bank of America Merrill Lynch High Yield and
Investment Grade indices obtained from the Intercontinental Exchange (ICE). This part of the sample covers the
period from January 1997 to September 2021. In addition, for the remained sample period from January 1986 to
December 1996, they utilize the Lehman Brothers Fixed Income Database (LHM). Then they merge it with the
Mergent Fixed Income Securities Database (FISD) to obtain other required bond characteristics. See Dickerson,
Julliard, & Mueller (2023) for detailed descriptions.

8



we collect data from the Open Source Bond Asset Pricing.7 As summarized in Panel B of Table

1, the corporate bond market portfolio has an economically large return of 0.32% per month,

which is statistically significant at the 1% level. This points to an attractive investment by

simply holding the market strategy. Among other bond risk factors, CRY, DUR, LTR, PEADB,

TERM, and VAL are able to generate significant average returns.

Given the link between corporate bond and equity markets, we further consider 8 equity

risk factors, including the equity market factor (MKTS), the size factor (SMB), the equity

value factor (HML), the equity momentum factor (MOMS), the intermediary capital risk factor

(HKM), the liquidity factor (LIQ), the profitability factor (RMW), and the investment factor

(CMA). We collect the MKTS, SMB, HML, MOMS, RMW, and CMA from Kenneth R. French’s

data library. Data on HKM is retrieved from Zhiguo He’s website. Finally, LIQ is obtained from

Lubos Pastor’s website.8 In Appendix B, we provide detailed descriptions of all risk factors.

Summary statistics for equity risk factors are provided in Panel C of Table 1.

3 Corporate bond market predictability

3.1 Methodology

We use a standard predictive regression model for forecasting the corporate bond market port-

folio, which can be expressed as follows:

rt+1 = αi + βixi,t + εt+1, (1)

where rt+1 is the excess return of the corporate bond market portfolio at time t+ 1, xi,t is the

predictor i at time t whose predictive power is of interest, and εt+1 is an error term with zero

mean and unit variance. For the ease of economic interpretation, we standardize each predictor

variable so that the βi can be interpreted as the effect of a one standard deviation increase in

predictor i on the next-month corporate bond market excess returns. We calculate the in-sample

R2, the Newey & West (1986) (NW) t-statistics and the Hodrick (1992) (Hodrick) t-statistics

with their bootstrapped p values for slope estimates β.

To generate out-of-sample forecasts of the corporate bond market portfolio for each predictor,
7 See https://openbondassetpricing.com/. We acknowledge Alex Dickerson, Philippe Mueller, Cesare Robotti,

and Christian Julliard for making this data public.
8 The Kenneth R. French’s data library: http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.

The Zhiguo He’s website: https://voices.uchicago.edu/zhiguohe/data-and-empirical-patterns/intermediary-
capital-ratio-and-risk-factor/. The Lubos Pastor’s website: https://faculty.chicagobooth.edu/lubos-pastor/data.
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we use a recursive estimation window with an initial length of 60 monthly observations. We first

split the full sample into in-sample and out-of-sample periods and then obtain the corporate

bond market excess return forecasts with each predictor as follows:

r̂i,t+1|t = α̂i + β̂ixi,t, (2)

where α̂i and β̂i are the estimated intercept and slope coefficients, respectively, from the predic-

tive regression (1). Specifically, at time t, we use the predictor available up to time t − 1 and

the corporate bond market returns observed until time t to estimate these coefficients. In terms

of the next return forecast, while holding the starting point fixed, we expand our estimation

window by incorporating the new information available at month t+1 and calculate the return

forecast using the updated predictive regression. This process ensures that all forecasts are gen-

erated in real time, i.e., only the information available at the time that forecasts are produced is

used to generate the out-of-sample return forecasts. We repeat this procedure for every month

until the sample is exhausted in December 2022.

Since individual predictors may contain specific information about the current state of the

economy as well as substantial noise, we follow Hollstein & Prokopczuk (2023) and Rapach et

al. (2010) to utilize information across individual forecasts via the forecast combination. The

mean combination forecast is the equal-weighted average of the individual forecasts that uses

the information of all predictors:

COMBt+1|t =
1

N
r̂1,t+1|t +

1

N
r̂2,t+1|t + · · ·+ 1

N
r̂N,t+1|t. (3)

To evaluate the out-of-sample forecasting performance, we use the out-of-sample R2 statistic

of Campbell & Thompson (2008):

R2
OOS = 1− MSPEFore

MSPEBench
= 1−

∑T−1
t=m

(
rt→t+1 − r̂Foret→t+1|t

)2

∑T−1
t=m

(
rt→t+1 − r̂Bencht→t+1|t

)2 , (4)

where r̂Foret→t+1|t is either an individual forecast based on the univariate predictive regression

model or a combination forecast, r̂Bencht→t+1|t is the historical average benchmark calculated as

1
t−1

∑t−1
ψ=1 rψ→ψ+1, t is the time that the forecast is made, T is the number of observations in

the sample, and m denotes the start of the out-of-sample forecast evaluation period. A positive

(negative) R2
OOS indicates that the r̂Foret→t+1|t forecasts outperform (underperform) the historical

average forecasts in terms of the mean squared prediction error (MSPE) metric. We evaluate
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the statistical significance of both in- and out-of-sample R2 by using the bootstrap approach of

Welch & Goyal (2008).

In addition, we apply the MSPE-adjusted statistic of Clark & West (2007) (CW) to compare

forecasts made by nested liner models. The null hypothesis of the CW test is that the MSPE of

the benchmark model is less than or equal to the MSPE of the competing predictive regression,

i.e., r̂Bencht→t+1|t encompass r̂Foret→t+1|t. The MSPE-adjusted statistic is defined as follows:

ft→t+1 =
(
rt→t+1 − r̂Bencht→t+1

)2
−

[(
rt→t+1 − r̂Foret→t+1|t

)2
−
(
r̂Bencht→t+1|t − r̂Foret→t+1|t

)2
]
. (5)

We next regress ft→t+1 on a constant and calculate the t-statistic of the constant. We use the

standard normal distribution to obtain the one-sided (upper-tail) p-value of the null hypothesis.

Following Campbell & Thompson (2008) and Lin et al. (2018), we also evaluate the economic

significance of corporate bond return forecasts. Specifically, we calculate the economic utility

gains, or the certainty equivalent returns, for a mean-variance utility investor who allocates her

wealth by either using the predicted market returns obtained from the out-of-sample forecast

or ignoring such predictability. At time t, the investor who predicts the corporate bond returns

will allocate her wealth to risky bond with the ex ante optimal weight w∗
t = (1/γ)(r̂t+1|t/σ̂

2
t+1|t),

where γ is the coefficient of relative risk aversion that is set equal to five, and σ̂2
t+1|t is the estimate

of the variance of bond market returns. We proxy the variance forecast by using the historical

bond market return data available at time t. Following Lin et al. (2018) and Thornton & Valente

(2012), we restrict the optimal weight between zero (the short-sale constraint) and five. The

economic utility gain of the investor is given by CER = µ̂p − (γ/2)σ̂2
p, where µ̂p and σ̂2

p are the

mean and variance, respectively, of returns of portfolio formed using either an individual bond

return forecast based on the univariate predictive regression model or a combination forecast over

the out-of-sample period. To measure the economic significance between the portfolio choices, we

calculate the ∆CER = CERmodel − CERbench, where CERmodel and CERbench are the certainty

equivalent returns implied by the forecast model and the benchmark model, respectively. Here

we use the historical average forecast as the benchmark model.

3.2 Predictability analysis

To understand the role of each variable in return prediction, we first run predictive regressions

of future returns for the corporate bond market against individual predictors. As shown in

Panel A of Table 2, 10 out of 15 predictors (DP, DY, DE, SVAR, BM, LTR, TMS, DFY, INFL,
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and IK) have statistically significant predictive power for market excess returns at the 5% level

as indicated by both the NW and Hodrick t-statistics. The economic magnitude of the slope

estimates is also sizable, ranging from -0.292% to 0.396%. For example, a one-standard-deviation

increase in DP, DE, and DFY results in a 0.336%, 0.396%, and 0.388% increase in the subsequent

return on the corporate bond market, respectively. A one-standard-deviation increase in INFL

and IK also indicates a decrease in the market returns of -0.199% and -0.292%, respectively.

In Table 1, we observe that the average corporate bond market portfolio return is 0.32% per

month. Therefore, our results indicate that these predictors play an important role in predicting

the average market portfolio returns. In addition, the in-sample R2 statistics produced by

10 aforementioned predictors are economically large, ranging from 1.359% (INFL) to 5.343%

(DE), and statistically significant at the 5% level as evaluated by the bootstrap approach of

Welch & Goyal (2008). These sizable R2 values also indicate that traditional predictors contain

a significant amount of information about the time variation of the corporate bond market

returns.

The previous in-sample forecasting tests focus on the statistical significance of the predictive

coefficients by employing the entire historical sample. However, the variables that perform well

in-sample do not automatically have good out-of-sample predictive performance. As argued by

Welch & Goyal (2008), although many well-documented predictors are able to predict stock

returns in-sample, they fail to consistently beat the simple historical average forecast in the

out-of-sample prediction. We thus follow Lin et al. (2018), Welch & Goyal (2008), Rapach et al.

(2010), and many others to conduct the out-of-sample tests from the perspective of an investor

who forecasts corporate bond market returns based on the past and current available information

only. Such tests also avoid the over-fitting problem and look-ahead bias, and thus contribute to

testing the reliability and stability of the predictive power of return predictors.

We next generate the out-of-sample return forecasts recursively. The initial in-sample es-

timation period is from January 1986 to January 1991 containing 5 years of observations, and

the out-of-sample evaluation period starts in February 1991 and ends in December 2022, with

a total of 383 observations. Figure 1 plots the time series of corporate bond market return

forecasts based on the 15 individual predictive regression models along with the mean combi-

nation forecast and historical average over the out-of-sample period. Similar to findings in the

equity markets (e.g., Rapach et al., 2010), the return forecasts generated by individual predictive

regression models are highly volatile and sometimes imply implausibly negative values for the
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expected corporate bond market returns. To be specific, the individual forecasts tend to con-

tain more noise and thus produce many false signals for return prediction. On the other hand,

the mean combination forecast and historical average are more stable than the individual fore-

casts over time and show more plausible fluctuations. Compared to the historical average, the

mean combination forecast exhibits better adaptive ability to changes in market and economic

conditions, highlighting its ability to yield sizable statistical and economic benefits.

According to the sixth and seventh columns of Table 2, we find that only 4 out of 15 predic-

tors consistently outperform the historical average forecast as evaluated by both the bootstrap

approach of Welch & Goyal (2008) and the MSPE-adjusted statistics. Specifically, individual

predictive models with DE, LTR, TMS, and DFY generate positive R2
OOS , ranging from 1.337%

to 3.711%. These R2
OOS values are statistically significant at the 1% level (bootstrapped p-value

= 0.00). Moving to the CW tests, these four models also generate positive MSPE-adjusted

statistics with values from 1.961 to 2.465, indicating that they yield significantly lower MSPE

than the historical average forecast at the 5% level. Turning to the results for the mean com-

bination forecast in Panel B of Table 2, we find that the combination forecast generates an

economically large R2
OOS of 1.641% with a MSPE-adjusted statistic of 3.153, which are both

statistically significant at the 1% level. Therefore, it produces a lower mean prediction error

than the historical average benchmark. Consistent with findings in equity markets (Rapach et

al., 2010; Stock & Watson, 1998), our results imply that the mean combination method delivers

significant out-of-sample forecasts of the corporate bond market return.

Why the out-of-sample performance of individual predictors is largely inconsistent with the

in-sample results? Rapach et al. (2010) and Welch & Goyal (2008) emphasize the impact of

structural instability in the relationships between the corporate bond market returns and in-

dividual macroeconomic and financial variables. In Figure 2, we plot the correlations between

corporate bond market excess returns and individual predictors based on 5-year rolling windows.

The correlations fluctuate substantially over the full sample period. For example, the correla-

tion between INFL and corporate bond market returns is either negative or insignificant before

the 2008 Global Financial Crisis, while it turns to be positive during the post-crisis period.

Furthermore, the correlations between predictors and the market change from being significant

during certain periods to being insignificant in others (see, e.g., BM, LTR, TMS, and DFR sub-

plots). This implies a strong feature of structural instability within these relationships. Overall,

consistent with the evidence from the literature on equity risk premium prediction (Paye &
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Timmermann, 2006; Rapach & Wohar, 2006; Rapach et al., 2010), structural instabilities in

individual predictive regression models partially account for the success of forecast combination

in predicting returns of the corporate bond market portfolio.

Figure 3 illustrates the squared forecast bias and the forecast variance over the out-of-sample

period for the 15 individual predictive regression models, the historical average, and the mean

combination forecasts. Strikingly, compared to all individual predictive regression model fore-

casts, the mean combination forecast has the lowest level of variance and its forecast bias is

lower than 11 out of 15 individual models. In addition, the variance of the mean combination

forecast is moderately above that of the historical average forecast, while it generates a forecast

bias that is noticeably lower than the historical average. This evidence is consistent with the

out-of-sample analysis in which the mean combination forecast is able to generate more accurate

return prediction with lower MSPE relative to the historical average. Rapach et al. (2010) first

attributes this improvement to the ability of the combining method to reduce the noise in the in-

dividual model forecasts (i.e., lower variance). Also, it reflects the fact that the combing method

incorporates information from a set of macroeconomic and financial variables in addition to the

historical average method (i.e., smaller bias).

In the last column of Table 2, we report the economic utility gains (in annualized percentage

return) for a mean-variance investor to assess the economic value of the predictability from an

asset allocation perspective. Among all individual predictive models, half of them are able to

deliver positive CER gains, ranging from 0.064% to 1.767%, over the out-of-sample period. The

utility gain associated with the mean combination forecast is also economically large at 1.267%,

which is higher than 14 of the 15 individual predictive regression models. In other words,

the investor is willing to pay an annual portfolio management fee of 1.267% to switch from

the historical average forecast to the mean combination forecast. These results align with the

significant statistical performance and suggest that predicting corporate bond market returns

has substantial economic gains for risk-averse investors.

Taken together, our findings point to the predictability of individual predictors and highlight

the role of the combination forecast in providing more accurate and economically meaningful

return forecasts. This provides direct motivation for us to examine the value of conditioning

information in timing the corporate bond market.
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4 Market Timing

4.1 Strategy

The economic intuition of market timing is to increase exposure to the corporate bond market

portfolio in good times while decreasing exposure during bad times. Therefore, the timing

weights in the managed corporate bond market portfolio should be proportional to the market

return forecasts. Following Hollstein & Prokopczuk (2023), we apply the adjusted combination

forecasts as the weights in the corporate bond market portfolio.

First, we conditionally demean the return forecasts by using the information available up to

time t. This process helps to make the managed portfolio to be largely orthogonal to the market

portfolio on average. It also alleviates the concern that the average exposure of the managed

portfolio to the corporate bond market is the main driver of its returns (Hollstein & Prokopczuk,

2023). In real time, investors can obtain their desirable market exposure by combining the timing

strategy with the plain corporate bond market portfolio. Second, we scale the weights in the

managed market portfolio to match its conditional standard deviation with that of the corporate

bond market portfolio, using only the information available at time t. This adjustment ensures

that the performance of the managed market portfolio is comparable to that of other strategies.

Overall, the time-series average of investment in the managed market portfolio implied by the

timing strategy is approximately zero.

We define the timing weight in the managed corporate bond market portfolio as follows:

wCOMB
t = δt

COMBt+1|t −
1

Ht

t∑
j=1

COMBj+1|j

 , (6)

where δt is chosen to exactly match the conditional standard deviation of the timing strategy

with that of the corporate bond market portfolio, Ht is the total number of observations available

at time t.9

Figure 4 plots the time series of the weights in the managed corporate bond market portfolio

implied by the timing strategy. As can be seen from the figure, the weight is time-varying

and fluctuates substantially around episodes of recessions. Specifically, we observe a decreasing

pattern of the timing weight before and during the recessions, while it tends to rise dramatically
9 We conditionally demean the timing weight at each point in time recursively, and use the first 10 return

forecasts to calculate the first demeaned combination forecast. The results based on alternative windows (e.g.,
60 and 120 months) to help start the demeaning are qualitatively the same and available from the author upon
request.
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at the beginning of expansion periods. This feature underscores the ability of the combination

forecast, which incorporates conditioning information extracted from various macroeconomic and

financial variables, to signal changes in the investment and consumption opportunity set. Our

findings in the corporate bond market are consistent with those in the equity market (Hollstein

& Prokopczuk, 2023) and indicate the role of macroeconomic information in predicting business

cycles (Gómez-Cram, 2022).

4.2 Performance of the timing strategy

To examine the performance of the timing strategy, in Figure 5, we compare the cumulative

returns of a plain corporate bond market strategy (financed with the one-month risk-free assets)

to a strategy augmented with the combination forecast-managed market portfolio. Specifically,

we combine the plain corporate bond market portfolio with a conditionally demeaned investment

in which the weights are implied by the out-of-sample market return combination forecasts

(Figure 4). By doing so, two strategies invest approximately 100% in the corporate bond market

portfolio on average over time. We assume that both strategies start with an initial investment of

one unit dollar in December 1991. The figure shows that the strategy enhanced by the managed

corporate bond market portfolio performs substantially well according to the cumulative wealth.

In particular, a plain corporate bond market strategy with an initial wealth of 1$ generates 3.15$

at the end of 2022, whereas the combination forecast-managed market portfolio strategy yields a

final cumulative wealth of 12.55$. Furthermore, the superior performance of the managed market

portfolio strategy was more noticeable after the Dot-com recession in 2001. We also observe

that this strategy outperforms the buy-and-hold strategy substantially in the early phases of

expansions, highlighting the role of combination forecasts in capturing favourable changes in

market conditions.

In Panel A of Table 3, we report the results for the combination forecast-managed corporate

bond market portfolio. Although the managed portfolio is largely orthogonal to the corporate

bond market with approximately zero average exposure, it still generates an economically large

mean excess return of 4.932% per year, which is statistically significant at the 5% confidence

level. Hence, our results indicate that the predictability of the corporate bond market translates

to significant economic gains for investors who utilize the timing strategy with information from

market return combination forecasts.

Seeking to ascertain whether the profitability of the timing strategy can be explained by
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existing corporate bond risk factors, we regress returns of the combination forecast-managed

corporate bond market portfolio on that of other risk factors:

MKTBManaged
t = αt + β′Ft + εt, (7)

where MKTBManaged
t = wCOMB

t−1 · MKTBt is the return of the timing strategy in month t,

MKTBt is the excess return of the corporate bond market portfolio, and Ft is a vector of risk

factors. The variable of interest is αt, which indicates whether the exposure to risk factors can

explain the average returns of the managed portfolio implied by the timing strategy. A statis-

tically significant alpha means that incorporating a managed corporate bond market portfolio

into an investment opportunity set is beneficial to investors. This also indicates that an investor

can build a tangency portfolio implied by a model expanded by the managed market portfolio

with a higher Sharpe ratio than the original model (Barillas et al., 2020).

We consider a large set of factor models to evaluate the risk-adjusted performance:

1. The bond capital asset pricing model (CAPMB) of Dickerson, Mueller, & Robotti (2023),

including the MKTB.

2. A one-factor model with the PEADB of Nozawa et al. (2024).

3. A two-factor model (BOND2) with the MKTB and PEADB factors.

4. A two-factor model with two market factors (MKT2), including the MKTB and the excess

equity market returns (MKTS).

5. The intermediary asset pricing model (HKM) of He et al. (2017), including the MKTS and

a traded financial intermediary factor.

6. A two-factor model with the default and term structure factors (FF2) of Fama & French

(1993).

7. A five-factor model (BOND5) in the spirit of Bali et al. (2021), including the MKTB,

PEADB, LTR, MOMB, and STR factors.

8. A five-factor model (IPR5) in the spirit of Israela et al. (2018), featuring the CRY, DUR,

MOMB, VAL, and MOMS factors.

9. A five-factor model (STOCK5) with five equity risk factors, including the MKTS, SMB,

HML, MOMS, and LIQ factors, following Fama & French (1993), Carhart (1997), and

Pástor & Stambaugh (2003).

10. The Fama & French (1993) five-factor model for corporate bonds (FF5), including the

DEF, TERM, MKTS, SMB, and HML factors.
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11. A six-factor model (BS) with equity and corporate bond risk factors, including MKTB,

MKTS, SMB, HML, MOMS, and LIQ factors.

12. A six-factor model (STOCK6) with six equity risk factors, including MKTS, SMB, HML,

MOMS, RMW, CMA factors, following Fama & French (2015) and Carhart (1997).

13. A seven-factor model (BS7) constructed by adding the MKTB to the STOCK6.

14. A ten-factor model (BS10), combining the BOND5 with the FF5.

The performance of the timing strategy in a cross-sectional setting is summarized in Panel

B of Table 3. We first investigate the explanatory power of the CAPMB on the return for the

managed corporate bond market portfolio. As indicated by the loading on the corporate bond

market factor, the combination forecast-managed portfolio has a significant positive market

exposure of 0.513 (t-statistic = 2.44). Nevertheless, the risk-adjusted return of the managed

portfolio after controlling for the CAPMB is economically sizable about 2.942% per year and

statistically significant at the 5% level with a Newey & West (1986) t-statistic of 2.22. The

single-factor CAPMB plays an important role in understanding expected corporate bond returns

as it has nontrivial pricing ability and is not dominated by low dimensional factor models

in the literature (Dickerson, Mueller, & Robotti, 2023). Thus, our evidence directly suggests

that the managed market portfolio improves investors’ investment opportunity set beyond that

characterized by the CAPMB.

Next, we evaluate the performance of the managed corporate bond market portfolio after

controlling for other factor models. Across various candidate models, none of them are able to

explain the average returns of the managed portfolio as indicated by sizable annualized alphas

ranging from 2.988% to 6.370%, which are all statistically significant at the 5% level. For exam-

ple, although the managed portfolio loads significantly negatively on the PEADB, it strikingly

generates an economically large abnormal return of 6.370% per year with a t-statistic of 2.80.

Taken together, our results not only highlight the distinct role of time-series predictability in

enhancing investment performance, but also motivate us to further incorporate the managed

market portfolio into the optimal portfolio choice problem.

4.3 Performance of enhanced strategies

Given the strong performance of the managed corporate bond market portfolio, in this sub-

section, we evaluate the outcomes of enhanced strategies. That is, we compare the optimal

portfolios of the space spanned by factors of pricing models alone with the optimal combina-
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tion portfolios in which the model space is augmented by the managed corporate bond market

portfolio. Following Cederburg et al. (2020), we consider a mean-variance investor who allo-

cates wealth between excess returns of original Nf factor strategies f t = [f1,t, . . . , fNf ,t] and the

managed corporate bond market strategy fM,t. The investor’s optimal weight allocated to the

managed market factor and original factors in the vector form is given by s = [x∗M , x∗1, . . . , x
∗
Nf

]′,

which is the solution of the following maximization problem:

max
s

U(s) = s′µ̂− γ

2
s′Σ̂s, (8)

where µ̂ = [f̄M,t, f̄1,t, . . . , f̄Nf ,t] denotes a vector of average excess returns, γ is the investor’s

risk aversion parameter, and Σ̂ is a (Nf + 1)× (Nf + 1) variance-covariance matrix. This setup

implicitly assumes that investors have access to the risk-free asset. Accordingly, the vector of

optimal portfolio weight is specified as:

s =
1

γ
Σ̂−1µ̂. (9)

Here the weights in the (Nf + 1) risky assets depend on the investor’s risk aversion. Similar to

Cederburg et al. (2020), we consider a risk aversion parameter of γ = 5 and impose a leverage

constraint by which the sum of the risky assets’ absolute weights in the optimal strategy is

smaller than or equal to five.10 In addition, we also consider a tangency portfolio with a vector

of optimal relative weights in the (Nf + 1) risky assets given by:

sr =
Σ̂−1µ̂

1′Σ̂−1µ̂
, (10)

where 1 is a (Nf +1)× 1 vector of ones. Here the relative allocations across the risky assets are

independent of the investor’s risk preferences.

In Panel A of Table 4, we present the full-sample results. Combining the managed corporate

bond market portfolio with the CAPMB increases the in-sample Sharpe ratio of the optimal

portfolio by 0.116 (from 0.648 for the static bond market portfolio to 0.764 for the optimal one).

Also, this optimal portfolio has an optimal relative weight allocated to the managed market

portfolio of 41.2%. Relative to the other factor models, incorporating the managed market

portfolio into the investment opportunity set consistently improves the in-sample Sharpe ratio

of the optimal portfolio, with the difference in Sharpe ratios ranging from 0.069 (BS7) to 0.283

(PEADB).
10 The results for a risk aversion level of three are qualitatively similar and are available from the author upon

request.
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However, the investment outcomes suggested by the in-sample portfolio choice tests are not

implementable in real time. Cederburg et al. (2020) find that when investors form trading strate-

gies conditional only on past information, the observed performance of the volatility-managed

portfolio significantly differs from the ex post results. One possible reason is the estimation risk

in the real-time portfolio choice exercises since the optimal weights may fluctuate dramatically

over time, resulting in the poor out-of-sample performance of the optimal portfolio (Black &

Litterman, 1992; Cederburg et al., 2020; DeMiguel et al., 2009; Jagannathan & Ma, 2003). Given

this concern, we examine the performance of optimal portfolios in an out-of-sample setting to

assess the implication of timing strategy for real-time mean-variance investors. That is, we es-

timate the optimal investment weights in the out-of-sample combination portfolio by using the

data available up to time t. To do so, we follow Cederburg et al. (2020) and use an expanding-

window approach. We start with a sample of T monthly return observations for a given factor

model and the managed market portfolio. We consider an initial estimation period (K) of 120

months and evaluate the real-time performance over the out-of-sample period of T −K months.

At each point in time, we calculate the relevant portfolio parameters and weights in the optimal

combination strategy in the next month, using information from this past window. This design

entirely alleviates the concern of look-ahead bias and is implementable for real-time investors

who rely on past data in portfolio construction.

To assess the performance of optimal combination strategies in real-time, we examine whether

these enhanced strategies improve investment outcomes relative to portfolios without the man-

aged market factor. Our first evaluation metric is the the Sharpe ratio difference defined as

follows:

∆SROOS =
µ̂i
σ̂i

− µ̂j
σ̂j

, (11)

where µ̂i and σ̂i denote the mean and standard deviation, respectively, of excess returns for

the strategy with allocations to the managed corporate bond market portfolio, original factor

portfolio, and the risk-free asset (the optimal combination strategy) over the out-of-sample

evaluation period. Similarly, µ̂j and σ̂j denote the mean and standard deviation, respectively, of

excess returns for the strategy with allocations to the original factor portfolio and the risk-free

asset. To test whether the Sharpe ratio difference is statistically significant, we use the Jobson

& Korkie (1981) test with a null hypothesis H0 : ∆SR = 0.

Second, we follow Fleming et al. (2001) and estimate the relative utility gain (Utility, ∆) of

the optimal combination strategy relative to strategies without the managed market portfolio
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for investors with constant relative risk aversion of γ = 5. In particular, we compute the value

of ∆ that satisfies

T−K−1∑
t=K

(ROC,t+1 −∆)− γ

2(1 + γ)
(ROC,t+1 −∆)2 =

T−K−1∑
t=K

Rt+1 −
γ

2(1 + γ)
R2
t+1, (12)

where ROC,t+1 and Rt+1 represent the returns for the optimal combination and original factor

strategies, respectively. This equation implies that holding an original factor strategy achieves

the same utility gain as holding the optimal combination strategy after accounting for a fraction

of wealth invested ∆. Following Fleming et al. (2001), we interpret the Utility as the annualized

maximum performance fee that an investor would be willing to pay to switch from the original

factor strategy to the optimal combination strategy.

Panels B and C of Table 4 show results from out-of-sample tests for 14 factor strategies. We

find that all managed market portfolio-enhanced strategies outperform original factor models

by delivering positive and significant increases in the annualized Sharpe ratio, ranging from

0.053% to 0.348%. For instance, the annualized Sharpe ratio of the enhanced MKT2 strategy

increases by 0.256 (from 0.295 for the original factor model to 0.551) with a p-value of 0.004. The

managed market portfolio also takes a considerable position in the enhanced strategy with an

average optimal weight of 67.5%. Moreover, adding the managed portfolio into the investment

opportunity set provides pronounced utility gains for investors. Across all enhanced factor

strategies, the relative utility gains are positive and economically large, with annualized Utility

ranging from 0.664% to 5.282%. That is, the investor is willing to pay an annual performance

fee of up to 5.282% to switch from a plain factor strategy to an enhanced one. Next, we

obtain consistent results by using the tangency portfolio approach in which the relative optimal

weights are independent of investors’ risk preferences. We find that the differences in the Sharpe

ratio are positive and statistically significant for all combination strategies. In addition, these

enhanced strategies are favourable to investors as they generate positive utility gains, although

their magnitude is relatively smaller than that under the Cederburg et al. (2020)’s approach.11

Without using portfolio optimization methods, we also consider the naive 1/N approach for

the factor models and enhanced strategies. We summarize the results in Panel C of Table 4. We

notice that 12 out of 14 enhanced strategies are able to generate positive Sharpe ratio differences.

The failure of remaining enhanced strategies could be attributed to the over- or under-weight of
11 Note that two out-of-sample strategies yield the same relative weights on factors and the managed market

portfolio in the optimal combination strategy for a mean-variance investor, whereas the absolute weight assigned
by the Cederburg et al. (2020)’s approach is influenced by the level of investors’ risk preferences.
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the managed market portfolio. For example, the optimal portfolio choice assigns 15.6% weight

to the managed portfolio for the enhanced CAPMB, whereas the 1/N approach allocates a much

larger weight of 50% on that. Therefore, even if the managed portfolio alone is economically

important, optimally conducting the portfolio choice exercise adds more value to the investment

outcomes of investors in real time.

To conclude, our findings point to significant improvements in using the managed corporate

bond market portfolio in an out-of-sample setting. This further illustrates that timing the

corporate bond market with combination return forecast is not confined to in-sample success,

but has great implications for real-time investors in optimal portfolio choices.

4.4 Timing by single predictors

Having established the performance of the combination forecast-managed corporate bond market

portfolio, we next investigate the timing ability of each macroeconomic and financial predictor.

By doing so, we calculate the weight in the bond market portfolio by using either the past real-

izations or the return forecasts made by each predictor. Similar to our main empirical analysis,

we conditionally demean the timing weights and scale the conditional standard deviation in

the managed portfolio to be equal to that of the corporate bond market portfolio. Finally, a

single factor-managed portfolio is constructed as MKTBPredictor
t = wPredictort−1 ·MKTBt, where

wPredictort−1 is the weight corresponding to each predictor.

Table 5 shows the average returns and alphas for managed bond market portfolios con-

structed by using prior realizations of predictors as the weights. Timing portfolios managed

by TBL, LTY, LTR, TMS, INFL, and IK yield statistically significant average returns, ranging

from 2.389% to 4.687% per annum in absolute terms.12 Moreover, in terms of risk-adjusted

returns, five predictors (BM, LTR, TMS, INFL, and IK) generate alphas that are statistically

significant relative to half of the candidate factor models. Furthermore, Table 6 reports the

results for predictor forecast-managed market portfolios. We find that most conditioning pre-

dictors’ forecasts used alone cannot generate economically meaningful managed portfolios with

statistically significant average returns. In particular, five out of 15 predictors (DP, DY, BM,

LTR, and IK) yield average returns of the managed portfolio that are significantly different from

zero. For example, BM and IK-managed portfolios have annualized average returns of 4.548%

and 5.154%, respectively, which are highly significant at the 1% level. However, only three
12 There are negative returns for managed market portfolios since some predictors negatively forecast the

corporate bond market portfolio.
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variables (BM, LTR, and IK) generate significant alphas after accounting for at least half of the

candidate factor models. Generally, these pieces of evidence from the performance of individual

predictor-managed portfolios are consistent with those from the time-series predictability (see

Section 3.2). That is, individual variables may contain substantial noise in predictability and

thus perform poorly in adding value for timing the corporate bond market. The combination

forecast, on the other hand, possesses the ability to aggregate information contained in many

different predictors, translating to noticeable economic gains earned in real-time market tim-

ing. Interestingly, among all predictors, interest rates and financial ratios tend to contain more

information in managing the corporate bond market.

4.5 Turnover and transaction costs

Our preceding analysis establishes the economically significant gains for investors who utilize

combination return forecasts to manage the corporate bond market portfolio. However, dynamic

trading strategies involve time-varying weights, thus are associated with transaction costs for

the turnover of the holdings. In this subsection, we appraise the impact of transaction cost on

the performance of the managed bond market portfolio.

To do so, we first compute the turnover rate (TO) of the timing strategy as the time-series

average of all re-balanced trades incurred as follows:

TO =
1

T − 1

T−1∑
t=1

(∣∣wCOMB
t+1 − wCOMB

t

∣∣) , (13)

where wCOMB
t is the timing weight in month t. In addition, we calculate the net return of the

timing strategy as follows:

MKTB
Managed
t+1 = MKTBManaged

t+1 − TC
∣∣w̃COMB

t − w̃COMB
t−1

∣∣ , (14)

where MKTB
Managed
t+1 is the net return of the timing strategy in month t+1, and MKTBManaged

t+1

represents returns to the managed portfolio with an estimated timing weight w̃COMB
t in month

t. We calculate the break-even proportional transaction cost (in bps) which leads to zero net

return. We also set the proportional trading cost (TC) to 1, 5, 10, and 15 basis points (bps),

respectively, to assess the performance of managed portfolio after accounting for the transaction

costs.

In Panel A of Table 7, the turnover rate of the managed corporate bond market portfolio

is modest at 0.347. An estimate of break-even transaction costs indicates that the extra cost
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per trade that would be required to wipe out average returns for the managed market portfolio

equals 119 bps. Furthermore, after accounting for the proportional transaction costs, investment

in the managed bond market portfolio is still attractive to investors. For example, as illustrated

in Panel B, after subtracting four different levels of transaction cost, the average returns of the

managed portfolio range from 4.308% to 4.890% per year, all of which are significant at the 5%

level. On a risk-adjusted basis, the alphas relative to 14 factor strategy portfolios are all positive

and economically large, confirming that transaction costs subsume a relatively small proportion

of the performance of managed portfolios. Finally, we evaluate the utility gains of enhanced

strategies after considering the transaction costs. Results suggest that investors are still better

off by taking an investment strategy to incorporate the managed bond market into original factor

strategies. For example, with a conservative transaction cost of 15 bps, all enhanced strategies

generate positive utility gains ranging from 0.284% to 3.595%, except for the BS7.

Overall, the performance of the combination forecast-managed corporate bond market port-

folio is robust after considering the impact of transaction cost and adds economic value for

investors. As the corporate bond databases (e.g., ICE and TRACE), market portfolio data, and

return predictors are readily available for investors, they can easily implement the market timing

strategy based on the combination return forecasts. As noted by Lin et al. (2018), the corporate

bond market is dominated by institutional investors who are more sophisticated and have more

resources to implement the investment strategy with higher efficiency and lower costs. For retail

investors, there are many exchange-traded funds (ETFs) that effectively track the corporate

bond market indexes with low trading costs.13 Therefore, strategies based on timing the cor-

porate bond market are accessible to investors and have great implications for their investment

outcomes.

4.6 Combining forecasts with time-varying weights

We next consider an alternative way to determine the weights in the corporate bond market

portfolio. Following Rapach et al. (2010), we use the discount mean square prediction error
13 For example, the SPDR Portfolio Corporate Bond ETF (SPBO) has a total asset value of about 1.4 billion

dollars and tracks the Bloomberg Corporate Bond Index with an expense ratio of 3 bps. The iShares Broad USD
Investment Grade Corporate Bond ETF (USIG), which tracks the Merrill Lynch Aggregate Bond Market index,
has a total asset value of around 10 billion dollars and an expense ratio of 4 bps. Although the corporate bond
market is relatively illiquid, the bond index trackers usually adopt a sampling strategy to effectively track the
market portfolio while maintaining a lower level of transaction costs (Dick-Nielsen & Rossi, 2019). It is worth
noting that the correlations between the market portfolio used in the main analysis and these two market indexes
are all above 96%. In the robustness checks, we show that the managed portfolios based on these alternative
proxies of market portfolios perform consistently well.
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(DMSPE) combining method of Stock & Watson (2004), in which the timing weights of individ-

ual forecasts formed at time t are determined by the historical forecasting performance of that

predictor over the out-of-sample evaluation period. In other words, this method assigns a higher

weight to predictors with greater historical performance. In particular, the timing weights are

expressed as follows:

wi,t = ϕ−1
i,t /

N∑
p=1

ϕ−1
p,t , where ϕi,t =

t−1∑
q=m

θt−1−q (rq+1 − r̂i,q+1)
2 . (15)

Here θ is a discount factor, which is set equal to 0.9. When θ is smaller than 1, the DMSPE

approach places higher weight on the recent forecast accuracy of individual forecasts.14

Table 8 reports the results of applying the DMSPE combining method. As shown in Panel

A, the time-series evaluation tests produce an out-of-sample R2 of 2.043%, which is statistically

significant at the 1% level (p-value = 0.00). The out-of-sample predictability also generates an

annualized economic utility gain of 1.984% for a mean-variance investor. Moving to the DMSPE

combination forecast-managed market portfolio (Panel B), we find that all factor alphas are

economically large ranging from 3.041% to 5.731% and statistically significant at the 10% level

or better. In Panel C of Table 8, we summarize results for the performance of enhanced strategies.

Noticeably, adding the DMSPE combination forecast-managed market portfolio to original factor

strategies generates positive Sharpe ratio gains in all cases. From the perspective of real-time

combination, such improvements are also consistent with the in-sample evidence. For example,

based on the Cederburg et al. (2020)’s approach (Panel C.2), the Sharpe ratio differences for

enhanced strategies range from 0.112 (p-value = 0.027) to 0.331 (p-value = 0.000), all significant

at the 5% level. Meanwhile, the relative utility gains are also positive and economically large,

ranging from 1.254 to 6.330. Similar results are obtained when we turn to the optimal tangency

portfolios. To sum up, our results further corroborate the role of managed corporate bond

market portfolio in providing more favourable investment opportunities for investors.

4.7 Imposing leverage constraints

Previous analysis shows that the timing weights vary substantially over time and link to business

cycles (see Figure 4). In this subsection, we examine whether the performance of managed bond

market portfolios is driven by extreme timing weights allocated to the corporate bond market

portfolio by imposing leverage constraints. In particular, we restrict the wCOMB
t to the intervals

14 We obtain quantitatively similar results of setting θ = 1, a scenario with no discounting.
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of [−4, 4], [−3, 3], [−2, 2], [−1, 1], and [0, 1]. The last case corresponds to a timing strategy with

a short-sale constraint and zero excess leverage. Table 9 provides results for the performance of

managed market portfolio with leverage constraints. Overall, the statistical significance of the

factor alphas remains unchanged by imposing a leverage constraint on portfolio positions. All

risk-adjusted returns are still positive and statistically significant, implying that the extreme

timing weight implied by the combination forecast is not the driving force behind our main

results. This evidence suggests the potential for investors to scale the total investment by a

constant proportion. It will also help to achieve a more desirable level of leverage taken without

largely influencing the performance of a resulting portfolio.

5 Understanding the performance of market timing

In this section, we explore whether the forecasts of bond market returns are consistent with

explanations based on the time-varying macroeconomic risk. We then examine an important

implication of market timing to better understand the economic source of managed market

portfolio performance.

5.1 Linking return predictability to variations in business conditions

We start our analysis by investigating the relation between our forecasts of excess bond market

returns and changes in business conditions. Fama & French (1989) first show that expected

corporate bond returns are associated with variations in economic conditions. A recent study of

Lin et al. (2018) confirms Fama & French (1989)’s in-sample findings and suggests that the time-

varying macroeconomic risk is the main force driving the bond return predictability. In Panel A

of Figure 6, we plot the forecast of bond market returns obtained from the mean-combination

method against the annual growth of industrial production index. It is clear that the expected

bond market returns exhibit a strong countercyclical pattern. Specifically, the contemporaneous

correlation between them is -38.5% (p-value = 0.00). Moreover, Panel B reveals a positive

and statistically significant correlation of 37.6% (p-value = 0.00) between realized and expected

bond market returns. A high contemporaneous correlation indicates the ability of combination

forecasts to infer bond market returns. During economic recessions, both realized and predictive

model-implied expected returns become more volatile, and the correlations between them tend

to surge, indicating that both realized and expected returns can reflect time-varying economic

fundamental risks. Overall, our findings echo previous studies and suggest that the forecasts of
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corporate bond market returns are associated with variations in business conditions, implying

the role of time-varying macroeconomic risk in driving return predictability.

5.2 Bond market timing and changes in economic and market states

The analysis above shows that macroeconomic and financial predictor variables contain im-

portant information for predicting corporate bond market returns, which are closely linked to

variations in business conditions. In this subsection, we examine how the performance of bond

market timing relates to changes in economic and market states to understand more about the

economic implications of market timing.

The economic intuition of bond market timing is to dynamically manage the market portfolio

exposure during good or bad times. Therefore, the timing strategy should perform more well in

an environment in which the timing stands a better chance of capturing changes in economic and

market states. To test this prediction, we consider a set of conditioning variables that proxy for

the state of the economy and financial markets. To capture changes in economic conditions, we

use five variables, including the industrial production growth, the Chicago Fed National Activity

Index (CFNAI), the dividend-to-price ratio, the credit spread (calculated as the yield difference

between Moody’s seasoned Baa corporate bonds and 10-year constant-maturity Treasury bonds),

and the real interest rate (calculated as the difference between the US 3-month T-bill rate and

expected inflation that is the 3-month moving average of changes in the US consumer price

index). In addition, we also consider five uncertainty indicators to represent the market states.

These variables are the macroeconomic and real uncertainty indexes of Jurado et al. (2015), the

financial uncertainty index of Ludvigson et al. (2021), the economic uncertainty index of Bekaert

et al. (2022), and the volatility index (VIX).15 In the spirit of Maurer et al. (2023), we apply the

two-regime analysis and test the performance of combination forecast-managed market portfolio

in periods of large versus small absolute changes in these conditioning variables. Specifically, we

split the sample data into two subgroups with equal numbers of months, which correspond to

times of large (above median) and small (below median) absolute changes in the conditioning

variables.

Table 10 summarizes the performance of managed bond market portfolios while conditioning

on large versus small changes in state variables. In Panel A, we find that the combination
15 The data for the macroeconomic conditioning variables and the VIX are collected from the FRED. Uncer-

tainty data are downloaded from the website of Sydney C. Ludvigson: https://www.sydneyludvigson.com/ and
Nancy R. Xu: https://www.nancyxu.net/
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forecast-managed portfolio performs consistently better in subsamples of large absolute changes

in five conditioning variables that proxy economic conditions. For example, in times of large

absolute changes in industrial production, the average return of managed bond market portfolio

is 7.161% per year and statistically significant at the 5% level. After adjusting for a set of

factor models, the alphas are still statistically significant and economically large, ranging from

4.463% to 8.212%. In contrast, when changes in industrial production are small, the alphas of

managed portfolios are statistically insignificant in most cases. Moving to Panel B of Table 10,

we obtain similar results that the timing strategy performs more successfully when changes in

macroeconomic uncertainty, financial uncertainty, real uncertainty, economic uncertainty, and

the VIX are large. For instance, conditional on large changes in economic uncertainty, the

managed portfolio generates an annualized average return of 7.78% (t-statistic = 2.03). The

risk-adjusted returns are also statistically significant after controlling for other factor models.

As a comparison, almost all risk-adjusted returns of the managed portfolio conditional on small

changes in economic uncertainty are statistically insignificant. Since absolute changes in these

conditioning variables represent the time variation in the market environment, our findings

support the testable implication that market timing is more beneficial when economic states are

more volatile. Thus, we can attribute the outstanding performance of managed bond market

portfolios to the ability of predictor variables to infer quickly changing market environments,

helping the timing strategy to better capture time-varying risk premiums.

In summary, our empirical results suggest that changes in business conditions closely link

to time variations in expected corporate bond market returns. As predictors used by Welch &

Goyal (2008) perform well in tracking movements in economic fundamentals (Boons, 2016), this

explains why these predictor variables are able to predict bond market returns. More strikingly,

we show that managed bond market portfolios deliver more value in an environment in which

the timing is more relevant, i.e., when economic and market conditions are rapidly changing

over time.

6 Additional robustness checks

In this section, we perform several robustness tests to further show that our baseline results are

not due to specific research design or sample selection.
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6.1 Alternative corporate bond market proxies

Our first robustness check examines the performance of market timing by adopting three al-

ternative proxies for the corporate bond market portfolio. First, the bond market portfolio is

proxied by the Bloomberg US Corporate Bond Index covering the sample period from January

1986 to December 2022. Second, we consider returns of the Merrill Lynch Aggregate Bond

Market index in excess of the one-month risk-free rate of return to represent the MKTB. The

sample period starts from January 1986 to December 2022. Third, we use the corporate bond

market factor constructed by using the TRACE database from the Wharton Research Data

Services (WRDS) bond database. The sample period is from September 2002 to September

2022.16 We replicate Table 3 and summarize the results for using alternative market portfolio

proxies in Panel A of Table 11. Consistent with the baseline results, different timing strategies

with alternative corporate bond market proxies still deliver value to investors. For example, a

managed portfolio based on the Bloomberg US Corporate Bond Index generates a positive and

statistically significant average return of 4.509% per year (t-statistic = 2.69). The alphas relative

to factor model strategies are also economically meaningful, ranging from 2.399% to 5.963%. In

summary, these alternative changes in using market proxies do not impact the performance of

managed portfolios and reinforce the predictability of corporate bond market.

6.2 Excluding specific periods

As observed in Figure 4 and 5, the timing weights and the returns of managed portfolio tend

to be higher in the later phases of recessions, such as the 2008 global financial crisis and the

COVID-19 pandemic periods. This is consistent with the economic intuition of market timing

that invests more in good times and provides protection during bad times given the conditioning

information. Therefore, we exclude these crisis periods during which the managed corporate

bond market portfolio performs noticeably well and examine whether our results are driven by

salient times. In particular, we first exclude January 2008 to June 2009, a period corresponding

to the 2008 global financial crisis. Next, we further exclude the COVID-19 pandemic period

from January 2020 to April 2020. The results are summarized in Panel B of Table 11. Although

the magnitude of returns in crisis period is larger than that in non-crisis period, neither the

average returns nor the alphas of the managed market portfolio are statistically significant in
16 The Bloomberg US Corporate Bond Index is collected from the Bloomberg. The Merrill Lynch Aggregate

Bond Market index is obtained from the Federal Reserve Economic Data (FRED). The TRACE (WRDS)-based
corporate bond market factor is obtained from https://openbondassetpricing.com/.
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most cases. In contrast, managed bond market portfolios generate positive and statistically

significant returns in non-crisis period, suggesting that our baseline results are not driven by

extreme weights and returns concentrated in crisis times.

6.3 Alternative combination forecasts

Next, we follow Rapach et al. (2010) and consider alternative averaging schemes, including

the median and trimmed-mean combination, to obtain the return forecasts. In particular, the

median combination forecast is the median value of r̂1,t+1|t, where i = 1 · · ·N . The trimmed-

mean combination forecast eliminates individual return forecasts with the highest and lowest

values and then takes a simple average of remaining forecasts. The results when using alternative

combination forecasts are presented in Panels C.1 to C.4 of Table 11. Similar to the results in Lin

et al. (2018), we notice that the median combination forecast-managed market portfolio seems

to have the worst performance, suggesting that the return forecasts across individual predictors

are asymmetric. In addition, all trimmed-mean combination forecast-managed portfolios show

superior performance in generating more sizable portfolio returns. This evidence indicates that

the predictability of bond market return is not restricted to a small group of predictors with

extreme return forecasts.

In addition, we also consider a binary timing strategy, which invests either 100% in the

bond market portfolio when the conditioning variable exceeds its conditional mean or 0% in

all other periods. In other words, we only take long positions in the bond market portfolio if

the combination return forecast exceeds its conditional average. This strategy can be easily

implemented by investors given the fact that it has relatively low transaction costs and does

not involve leverage and short-sale trading. Panel C.5 of Table 11 shows that when using the

binary timing strategy, the average and risk-adjusted returns for the managed market portfolio

are smaller than those in the main specification. Although restricting leverage and short selling

makes the performance less pronounced, the alphas relative to all factor models are positive and

statistically significant.

6.4 Alternative estimation scheme

In our final robustness check, instead of using a 5-year recursive estimation approach, we consider

alternative estimation schemes to produce market return forecasts. We present the results in

Panel D of Table 11. First, we consider a relatively longer recursive estimation window of
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120 months. We find that results shown in Panel C.1 continue to exhibit a significant and

robust performance of the combination forecast-managed portfolio as all alphas relative to cross-

sectional factor models are highly significant at the 5% level. Finally, in Panel C.2, when we

employ a rolling window estimation scheme of a fixed length of 5 years, the results for the

managed market portfolio are more pronounced. In particular, the average return of the resulting

portfolio is 6.223% per year, which is highly significant with a t-statistic of 5.41. Meanwhile,

the annualized risk-adjusted returns of the timing portfolio range from 5.924% to 6.937%, which

are statistically significant at the 1% level. Since return forecasts generated by a rolling window

scheme are more likely to reflect the instant movements in the relation between predictors and

the bond market, it is not surprising that such an estimation method leads to better performance

of the managed portfolio.

In summary, a battery of robustness checks suggests that the relation between time-series

predictability and the market timing in corporate bond markets holds for alternative method-

ological design and data choices.

7 Conclusion

In this paper, we study timing strategies for the corporate bond market portfolio and examine

whether they have potential benefits for real-time investors. Based on the standardized predic-

tive regression model framework, we show that the corporate bond market portfolio is highly

predictable, aligning with the predictability of stock returns. We employ the forecast combining

method with 15 macroeconomic and financial predictor variables, and find convincing evidence

of the in-sample and out-of-sample predictability of bond market returns over time. By lever-

aging the return predictability, we implement a timing strategy by dynamically adjusting the

exposure to the bond market portfolio, i.e., to increase exposure in good times while reducing

exposure during bad times. Thus, the investment position in the market portfolio is proportional

to the excess return forecasts. We document that the resulting managed market portfolios with

information from combination return forecasts offer significant risk-adjusted returns relative to

a large set of existing factor models. In addition, optimal combination strategies of the managed

market portfolio and original factor models exhibit strong in-sample performance, as indicated

by improved in-sample Sharpe ratios ranging from 0.07 to 0.283. More importantly, results of the

out-of-sample combination strategies show that the managed bond market portfolio can produce

significantly improved annualized Sharpe ratios (up to 0.35%) and utility gains (up to 5.28%)
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for mean-variance investors in a real-time investment setting. Therefore, timing the corporate

bond market is not confined to merely an in-sample success.

To understand the economic mechanism driving the performance of the corporate bond

market timing strategy, we first show that the time variations in expected corporate bond market

returns are strongly associated with changes in business conditions. This is consistent with the

time-varying macroeconomic risk channel driving the bond return predictability. Since the

conditioning information set of macroeconomic and financial predictors is informative about

variations in business conditions, the superior performance of the market timing strategy is a

manifestation of such time-series predictability. Next, we perform a two-regime analysis and

find that the market timing strategy offers more value during periods of rapid economic and

market change. This implication further demonstrates a close link between market timing and

time variation in economic conditions.

Taken all together, this paper highlights the important role of using conditioning information

in managing the corporate bond market portfolio. Our results also add to the growing literature

on AI-assisted investment strategies by showing how data-driven portfolio timing methods can

improve financial decision-making in fixed-income markets without relying on black-box machine

learning algorithms. Going forward, it might be fruitful to further explore the effect of timing

strategy for other risk factors in corporate bond markets, and the implication of managed factors

in corporate bond pricing studies.
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Figure 1: Out-of-sample corporate bond market return forecasts
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Notes: This figure plots the time series of the monthly out-of-sample corporate bond market return forecasts.
SP corresponds to results from individual predictive regression models using 15 single predictors of the form:
rt+1 = αi + βixi,t + εt+1, where rt+1 is the excess returns of the corporate bond market portfolio at time t+ 1,
and xi,t is the predictor i at time t whose predictive power is of interest. COMB is the mean combination
forecast, which is the equally weighted average of the one-month-ahead return forecasts derived from individual
predictors. HA denotes the historical average. The shaded areas correspond to the NBER recession periods. The
out-of-sample period is from February 1991 to December 2022.
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Figure 2: Correlations between corporate bond market returns and individual pre-
dictors
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Notes: This figure plots the time-varying correlations between corporate bond market returns and individual
predictors based on 5-year rolling windows. The solid lines represent the correlations estimated at the end date
of the 5-year period. The dashed lines indicate the 95% confidence intervals. The shaded areas correspond to
the NBER recession periods. The sample period is from January 1986 to December 2022.
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Figure 3: Forecast variance and squared forecast bias
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Notes: This figure plots the forecast variance (the vertical axis) against the squared forecast bias (the horizontal
axis) of the out-of-sample corporate bond market return forecasts. The COMB corresponds to the mean com-
bination forecast, which is the equally weighted average of the one-month-ahead return forecasts derived from
individual predictors. The HA indicates the historical average forecast. The other points correspond to return
forecasts based on predictive regression models using individual predictors. The out-of-sample period is from
February 1991 to December 2022.
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Figure 4: Timing weights in the managed corporate bond market portfolio
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Notes: This figure plots the time series of the weights in the managed corporate bond market portfolio implied
by the timing strategy. The weights in the managed portfolio are proportional to the corporate bond market
return forecasts derived from the mean forecast combination. We conditionally demean the return forecasts
and scale the weights in the managed market portfolio to match its conditional standard deviation with that
of the corporate bond market portfolio using information available at time t. Thus, the time-series average of
investment in the managed market portfolio implied by the timing strategy is approximately zero. The shaded
areas correspond to the NBER recession periods. The sample period is from December 1991 to December 2022.
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Figure 5: Cumulative returns of corporate bond market timing strategy
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Notes: This figure plots the cumulative returns of a plain corporate bond market strategy (MKTB, financed with
the one-month risk-free assets) and a strategy augmented with the combination forecast-managed market portfolio
(Managed MKTB), i.e., we combine the plain corporate bond market portfolio with a conditionally demeaned
investment in which the weights are implied by the out-of-sample market return combination forecasts. By doing
so, two strategies invest approximately 100% in the corporate bond market portfolio on average over time. We
assume that both strategies start with an initial investment of one unit dollar in December 1991. The vertical
axis is in the logarithm scale. The shaded areas correspond to the NBER recession periods. The sample period
is from December 1991 to December 2022.
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Figure 6: Expected corporate bond market returns and economic growth
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(B) Expected versus Realized Returns
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Notes: In this figure, we compare the expected corporate bond market returns with economic growth and
realized bond market returns. The expected bond market returns are obtained from the mean-combination
forecast method. Panel A plots the time-series of expected bond market returns (solid line) against the annual
growth rate of industrial production (IP) in the US (dashed line). Panel B shows the dynamics of expected bond
market returns (solid line) and realized returns (dashed line). All series are standardized with zero mean and
unit variance for ease of comparison. The shaded areas correspond to the NBER recession periods. The sample
period is from February 1991 to December 2022.
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Table 1: Summary statistics

Mean SD Skew Kurt ρ(1) Min 10th Med 90th Max

Panel A: Predictors
DP -3.88 0.30 0.21 2.30 0.99 -4.52 -4.28 -3.93 -3.42 -3.24
DY -3.87 0.30 0.19 2.32 0.99 -4.53 -4.28 -3.93 -3.41 -3.23
EP -3.08 0.35 -1.82 9.35 0.98 -4.84 -3.45 -3.05 -2.73 -2.46
DE -0.80 0.37 2.82 15.15 0.98 -1.24 -1.15 -0.88 -0.47 1.38
SVAR 0.00 0.01 8.28 83.93 0.38 0.00 0.00 0.00 0.01 0.07
BM 0.30 0.10 0.37 2.60 0.98 0.12 0.18 0.30 0.44 0.58
NTIS 0.00 0.02 -0.18 2.85 0.98 -0.06 -0.02 0.01 0.03 0.05
TBL 0.03 0.02 0.30 1.85 1.00 0.00 0.00 0.03 0.06 0.09
LTY 0.05 0.02 0.09 2.01 0.99 0.01 0.02 0.05 0.08 0.10
LTR 0.01 0.03 0.12 4.68 0.08 -0.11 -0.03 0.01 0.04 0.14
TMS 0.02 0.01 0.00 1.92 0.97 -0.01 0.00 0.02 0.04 0.05
DFY 0.01 0.00 2.99 17.04 0.96 0.01 0.01 0.01 0.01 0.03
DFR 0.00 0.02 -0.82 10.52 0.02 -0.10 -0.01 0.00 0.02 0.07
INFL 0.00 0.00 -0.61 7.52 0.50 -0.02 0.00 0.00 0.01 0.01
IK 0.14 0.01 -0.03 3.01 0.98 0.12 0.13 0.14 0.16 0.17

Panel B: Corporate bond risk factors
Mean t-stat SD Skew Kurt ρ(1) Min 10th Med 90th Max

MKTB 0.32 3.61 1.70 -0.49 7.77 0.18 -0.09 -0.01 0.00 0.02 0.08
CRY 0.34 2.58 2.38 -0.13 13.95 0.20 -0.16 -0.02 0.00 0.02 0.14
DEF 0.03 0.39 1.68 -0.82 10.52 0.02 -0.10 -0.01 0.00 0.02 0.07
DUR 0.19 1.82 2.24 -0.67 7.44 0.01 -0.13 -0.02 0.00 0.03 0.08
LTR 0.11 2.10 1.00 0.16 11.74 0.06 -0.06 -0.01 0.00 0.01 0.06
MOMB -0.07 -0.60 2.16 -0.48 9.70 0.08 -0.11 -0.02 0.00 0.02 0.10
PEADB 0.13 6.32 0.46 1.61 17.02 0.03 -0.02 0.00 0.00 0.01 0.04
STR 0.07 0.83 1.74 1.15 11.22 0.00 -0.07 -0.02 0.00 0.02 0.13
TERM 0.36 2.51 3.00 0.16 4.70 0.07 -0.11 -0.03 0.00 0.04 0.14
VAL 0.21 2.41 1.62 -0.24 11.78 0.14 -0.10 -0.01 0.00 0.02 0.08

Panel C: Equity risk factors
Mean t-stat SD Skew Kurt ρ(1) Min 10th Med 90th Max

MKTS 0.69 3.20 4.56 -0.78 5.24 0.03 -0.23 -0.05 0.01 0.06 0.14
SMB 0.06 0.45 2.98 0.39 7.27 -0.01 -0.15 -0.03 0.00 0.03 0.18
HML 0.18 1.05 3.15 0.23 5.52 0.17 -0.14 -0.03 0.00 0.04 0.13
MOMS 0.51 2.33 4.52 -1.46 13.79 0.05 -0.34 -0.05 0.01 0.05 0.18
HKM 0.99 2.92 6.72 -0.45 5.35 0.10 -0.28 -0.07 0.02 0.09 0.31
LIQ 0.29 1.52 3.70 -0.26 4.11 0.06 -0.13 -0.04 0.00 0.05 0.12
RMW 0.38 2.96 2.52 -0.37 13.46 0.15 -0.19 -0.02 0.00 0.03 0.13
CMA 0.29 2.56 2.11 0.48 4.66 0.13 -0.07 -0.02 0.00 0.03 0.09

Notes: This table presents summary statistics for the 15 predictive variables from Welch & Goyal (2008) (Panel
A), corporate bond risk factors (Panel B), and equity risk factors (Panel C) over the sample period spanning
from January 1986 to December 2022. We report the mean, standard deviation (SD), the Newey & West (1986)
adjusted t-statistics (t-stat), skewness (Skew), kurtosis (Kurt), the first order autocorrelation coefficient (ρ(1)),
minimum (Min), 10th percentile (10th), median (Med), 90th percentile (90th), and maximum (Max) for each
variable and factor. Detailed definitions of the variables and factors are provided in Appendix A and Appendix
B, respectively.
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Table 2: Return predictability

β(%) NW t-stat Hodrick t-stat R2
IS(%) R2

OOS(%) MSPE-adjusted ∆CER

Panel A: Single predictors
DP 0.336 3.272*** 3.698*** 3.853*** -0.783 1.737** -0.064

(0.00) <0.00> <0.57> [0.04]
DY 0.344 3.268*** 3.886*** 4.045*** -0.096* 1.868** 0.192

(0.00) <0.00> <0.09> [0.03]
EP -0.212 -1.336 -1.884** 1.542** -0.723 0.414 -2.044

(0.04) <0.02> <0.48> [0.34]
DE 0.396 3.521*** 3.608*** 5.343*** 3.711*** 2.465*** -1.493

(0.00) <0.00> <0.00> [0.01]
SVAR 0.349 2.592*** 2.219** 4.169*** 2.099*** 1.122 -2.110

(0.05) <0.00> <0.00> [0.13]
BM 0.374 4.067*** 4.861*** 4.785*** -0.689 1.883** 1.767

(0.00) <0.00> <0.44> [0.03]
NTIS 0.013 0.089 0.102 0.005 -1.067 -0.518 0.957

(0.46) <0.89> <0.69> [0.70]
TBL -0.095 -1.028 -1.223 0.305 -0.668 0.347 -0.095

(0.12) <0.28> <0.29> [0.36]
LTY 0.056 0.591 0.643 0.105 -2.018 -0.752 -1.347

(0.26) <0.56> <0.93> [0.77]
LTR 0.292 2.506** 2.351*** 2.906*** 2.007*** 1.961** 0.570

(0.01) <0.00> <0.00> [0.02]
TMS 0.230 2.434** 2.559*** 1.813** 1.337*** 2.275** 1.309

(0.01) <0.01> <0.00> [0.01]
DFY 0.388 2.947*** 2.637** 5.137*** 2.411*** 2.061** -0.891

(0.01) <0.00> <0.00> [0.02]
DFR 0.041 0.264 0.231 0.058 -2.137 -0.685 -0.327

(0.41) <0.63> <0.99> [0.75]
INFL -0.199 -2.241** -1.800** 1.359** 0.351** 0.945 0.064

(0.04) <0.03> <0.04> [0.17]
IK -0.292 -3.144*** -3.738*** 2.914*** -0.152* 1.310* 0.480

(0.00) <0.00> <0.09> [0.10]

Panel B: Forecast combination
COMB – – – – 1.641*** 3.153*** 1.267

<0.00> [0.00]

Notes: This table presents the results of the return predictability analysis. In Panel A, we summarize the in-
sample estimation results for the individual predictive regression models. We report the estimated slope coefficient
(β), Newey & West (1986) adjusted t-statistics (NW t-stat), Hodrick (1992) t-statistics (Hodrick t-stat) with their
bootstrapped p values for slope estimates (in parentheses), and R2

IS statistics of univariate predictive regression
of the form: rt+1 = αi + βixi,t + εt+1, where rt+1 is the excess returns of the corporate bond market portfolio
at time t+ 1, and xi,t is the predictor i at time t whose predictive power is of interest. Next, we report the out-
of-sample prediction results, including both statistical and economic evaluations. We use the out-of-sample R2

(R2
OOS) of Campbell & Thompson (2008), the MSPE-adjusted statistic of Clark & West (2007) with the standard

normal distribution to obtain the one-sided (upper-tail) p-value of the null hypothesis (in square brackets), and
annualized certainty equivalent gains (∆CER). We evaluate the statistical significance of both in- and out-of-
sample R2 by using the bootstrap approach of Welch & Goyal (2008) and report the corresponding p-values in
angle brackets. Each predictor variable is standardized to have a standard deviation of one and a mean of zero. In
Panel B, we present the out-of-sample forecasting results for the mean combination forecast, which is the equally
weighted average of the one-month-ahead return forecasts derived from individual predictors. *, **, *** denote
statistical significance at the 10%, 5%, and 1% levels, respectively. The out-of-sample period is from February
1991 to December 2022.
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Table 3: Performance of managed corporate bond market portfolio

Panel A: The combination forecast-managed corporate bond market portfolio
Return

Average return 4.932**
(2.48)

Panel B: Cross-sectional evaluation
Alpha MKTB

CAPMB 2.942** 0.513**
(2.22) (2.44)
Alpha PEADB

PEADB 6.370*** -0.811**
(2.80) (-2.11)
Alpha MKTB PEADB

BOND2 3.858** 0.486** -0.459
(2.56) (2.33) (-1.28)
Alpha MKTB MKTS

MKT2 4.180** 0.055 0.023
(2.56) (0.94) (0.46)
Alpha MKTS HKM

HKM 2.988** 0.527** -0.012
(2.23) (2.45) (-0.51)
Alpha DEF TERM

FF2 4.084*** 0.499* 0.146
(2.64) (1.88) (1.08)
Alpha MKTB PEADB LTR MOMB STR

BOND5 3.294** 0.549*** -0.485 0.422 0.177* -0.089
(2.08) (2.71) (-1.38) (1.38) (1.89) (-0.60)
Alpha CRY DUR MOMB VAL MOMS

IPR5 3.005** 0.742*** -0.068 0.373*** -0.291 -0.021
(2.13) (4.00) (-0.73) (3.92) (-1.47) (-0.67)
Alpha MKTS SMB HML MOMS LIQ

STOCK5 4.520** 0.059 -0.033 0.031 -0.068 0.067
(2.37) (1.47) (-0.88) (0.77) (-1.43) (1.50)
Alpha DEF TERM MKTS SMB HML

FF5 3.980** 0.489* 0.141 0.016 -0.042 0.025
(2.50) (1.78) (0.98) (0.47) (-1.01) (0.58)
Alpha MKTB MKTS SMB HML MOMS LIQ

BS6 3.229** 0.503** -0.026 -0.019 0.028 -0.052 0.055
(2.19) (2.39) (-0.86) (-0.48) (0.82) (-1.32) (1.21)
Alpha MKTS SMB HML MOMS RMW CMA

STOCK6 4.314** 0.082* -0.027 -0.034 -0.070 0.009 0.119
(2.24) (1.85) (-0.68) (-0.56) (-1.51) (0.15) (1.42)
Alpha MKTB MKTS SMB HML MOMS RMW CMA

BS7 3.129** 0.518** -0.011 -0.028 -0.028 -0.054 -0.030 0.127*
(2.01) (2.47) (-0.29) (-0.75) (-0.53) (-1.38) (-0.50) (1.66)
Alpha MKTB PEADB DEF LTR MOMB STR TERM MKTS SMB HML

BS10 3.861** 1.078*** -0.344 -0.140 0.366* 0.275*** -0.127 -0.376** -0.091** -0.081** -0.053
(2.09) (3.73) (-0.89) (-0.62) (1.72) (2.94) (-0.94) (-2.17) (-2.29) (-2.02) (-1.30)

Notes: This table presents the monthly performance of the managed corporate bond market portfolio. We
calculate the annualized average returns, multifactor alphas, and factor exposures of the managed corporate
bond market portfolio. The weights in the managed portfolio are proportional to the out-of-sample corporate
bond market return forecasts derived from the mean forecast combination. We conditionally demean the return
forecasts and scale the weights in the managed market portfolio to match its conditional standard deviation
with that of the corporate bond market portfolio using information available at time t. Thus, the time-series
average of investment in the managed market portfolio implied by the timing strategy is approximately zero. The
alphas and factor exposures are obtained from estimating the regression in Equation (7). Detailed definitions of
the factor models are provided in Section 4.2. The Newey & West (1986) adjusted t-statistics are reported in
parentheses and *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. The sample
period is from December 1991 to December 2022.
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Table 4: Performance of enhanced strategies

CAPMB PEADB BOND2 MKT2 HKM FF2 BOND5 IPR5 STOCK5 FF5 BS6 STOCK6 BS7 BS10

Panel A: Full-sample Sharpe ratio
SR 0.648 1.049 1.370 0.584 0.709 0.510 1.472 0.756 0.913 0.838 1.034 1.284 1.355 1.691
SR∗ 0.764 1.331 1.470 0.793 0.820 0.750 1.546 0.878 1.087 0.995 1.127 1.402 1.424 1.789
∆SR 0.116 0.283 0.100 0.210 0.111 0.240 0.074 0.122 0.174 0.157 0.094 0.118 0.069 0.098
ω∗ 0.412 0.130 0.078 0.711 0.429 0.530 0.058 0.459 0.344 0.427 0.239 0.186 0.143 0.068

Panel B: Out-of-sample strategy – Cederburg et al. (2020)’s approach
SROOS 0.567 0.898 1.192 0.295 0.577 0.352 1.112 0.371 0.466 0.518 0.581 0.936 0.971 1.124
SR∗

OOS 0.673 1.246 1.306 0.551 0.681 0.637 1.200 0.541 0.671 0.694 0.680 1.038 1.025 1.253
∆SROOS 0.106** 0.348*** 0.114** 0.256*** 0.104** 0.285*** 0.089** 0.169** 0.206*** 0.176*** 0.099** 0.103** 0.053* 0.129**
p-value (0.021) (0.000) (0.025) (0.004) (0.021) (0.002) (0.042) (0.023) (0.003) (0.009) (0.025) (0.039) (0.080) (0.014)
Utility (%) 1.915 2.480 0.935 4.684 1.998 4.840 0.864 3.185 5.282 3.958 2.125 0.979 0.664 1.016
ω∗
OOS 0.156 0.085 0.035 0.675 0.166 0.359 0.028 0.284 0.212 0.197 0.105 0.108 0.050 0.039

Panel C: Out-of-sample strategy – Optimal tangency portfolio
SROOS 0.625 0.898 1.192 0.292 0.611 -0.004 1.089 0.345 0.506 0.378 0.583 0.952 0.990 1.009
SR∗

OOS 0.740 1.243 1.301 0.500 0.726 0.454 1.171 0.562 0.675 0.525 0.671 1.052 1.043 1.146
∆SROOS 0.114** 0.345*** 0.109** 0.208* 0.115** 0.458** 0.083* 0.217* 0.169** 0.147** 0.088* 0.101* 0.053* 0.137**
p-value (0.040) (0.000) (0.031) (0.087) (0.039) (0.037) (0.060) (0.050) (0.023) (0.013) (0.052) (0.053) (0.096) (0.012)
Utility (%) 0.496 0.492 0.190 1.973 0.496 4.338 0.199 1.833 0.561 1.210 0.371 0.099 0.131 0.291
ω∗
OOS 0.156 0.085 0.035 0.675 0.166 0.359 0.028 0.284 0.212 0.197 0.105 0.108 0.050 0.039

Panel D: The 1/N approach
SR1/N 0.648 1.049 0.962 0.583 0.655 0.509 0.763 0.616 0.809 0.722 0.893 1.030 1.129 0.856
SR∗

1/N 0.759 0.863 0.932 0.680 0.778 0.725 0.873 0.738 0.936 0.833 0.993 1.168 1.231 0.931
∆SR∗

1/N 0.111 -0.186 -0.029 0.097*** 0.123* 0.216* 0.111 0.122** 0.127** 0.111** 0.100** 0.138** 0.102* 0.075*
p-value (0.360) (0.463) (0.821) (0.009) (0.054) (0.053) (0.274) (0.026) (0.011) (0.036) (0.031) (0.014) (0.052) (0.089)
Utility (%) 0.535 1.528 0.678 -1.186 -0.273 0.870 0.563 0.359 0.099 0.247 0.091 0.089 0.082 0.219
ω∗
1/N 0.500 0.500 0.333 0.333 0.333 0.333 0.167 0.167 0.167 0.167 0.143 0.143 0.125 0.091

Notes: This table summarizes the performance of the enhanced strategies. We compare the optimal portfolios of the space spanned by factors of pricing models alone with the
optimal combination portfolios in which the model space is augmented by the managed corporate bond market portfolio. Panel A reports the full-sample gains in annualized
Sharpe ratios in the optimal combination portfolios based on fourteen factor models. SR is the annualized in-sample Sharpe ratio of the optimal combination portfolio implied
by a factor model, SR∗ is the annualized in-sample Sharpe ratio of the model expanded by the managed bond market portfolio, and ∆SR denotes the difference in Sharpe
ratios. ω∗ represents the optimal relative weights on the managed bond market portfolio in the optimal combination portfolios. Panels B and C present the results for the
out-of-sample combination strategy based on the Cederburg et al. (2020)’s approach and the optimal tangency portfolio, respectively. The optimal investment weights are
estimated by using the data available up to time t. We use the subscript OOS to denote the statistics of out-of-sample approaches. To test whether the Sharpe ratio difference
is statistically significant, we use the Jobson & Korkie (1981) test with a null hypothesis H0 : ∆SR = 0 and report the corresponding p-values in parentheses. Utility is
the relative utility gain of the optimal combination strategy relative to strategies without the managed market portfolio for investors. In Panel D, we consider a naive 1/N
approach, i.e., to weigh all considered factors and managed bond market portfolio equally, and indicate corresponding statistics by using a subscript 1/N . Detailed definitions
of the factor models are provided in Section 4.2. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. The sample period is from December
1991 to December 2022.
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Table 5: Managed by single predictors’ past realizations

Return αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

DP 0.134 1.621 -0.224 1.763 0.488 1.536 1.304 0.558 1.332 1.306 1.775* 2.485** 0.649 1.824 0.716
(0.11) (1.53) (-0.16) (1.07) (0.43) (1.46) (1.32) (0.39) (1.37) (1.05) (1.82) (2.10) (0.50) (1.52) (0.53)

DY 0.143 1.759* -0.377 1.761 0.554 1.705* 1.386 0.560 1.422 1.497 1.935** 2.745** 0.805 2.046* 0.783
(0.12) (1.73) (-0.25) (1.13) (0.48) (1.69) (1.40) (0.44) (1.47) (1.15) (1.98) (2.31) (0.59) (1.70) (0.65)

EP -2.812 -0.036 -4.173 -0.576 -1.781 -0.112 -1.290 0.806 -1.349 -2.984 -0.984 -1.048 -3.114 -1.220 0.581
(-1.42) (-0.03) (-1.36) (-0.30) (-1.17) (-0.10) (-0.83) (0.57) (-0.86) (-1.31) (-0.67) (-0.62) (-1.46) (-0.76) (0.41)

DE 1.841 0.531 2.282 0.552 1.197 0.492 1.395 -2.152 1.309 2.816 1.586 2.003 2.092 1.341 -1.748
(0.80) (0.34) (0.65) (0.19) (0.64) (0.31) (0.77) (-0.94) (0.63) (1.06) (0.95) (0.92) (0.80) (0.61) (-0.80)

SVAR 4.786 1.798 5.234 1.196 4.562 2.158 3.080 0.662 3.933 5.269 3.100 2.963 6.351 4.053 0.901
(1.41) (0.56) (1.08) (0.25) (1.08) (0.59) (0.94) (0.13) (1.22) (1.17) (0.76) (0.77) (1.13) (0.84) (0.16)

BM 0.710 2.207*** 0.408 2.419** 1.121 2.165*** 1.787** 1.420* 1.681** 1.819* 2.263*** 2.949*** 1.404 2.526*** 1.653**
(0.71) (2.80) (0.32) (2.22) (1.18) (2.76) (2.11) (1.66) (2.09) (1.76) (2.70) (3.29) (1.29) (2.78) (1.96)

NTIS 0.864 2.362 1.410 3.562 1.397 2.405 1.877 5.003* 2.239 0.770 1.564 1.720 1.353 2.304 4.435*
(0.62) (1.26) (0.67) (1.29) (0.90) (1.27) (1.24) (1.81) (1.23) (0.45) (1.01) (0.86) (0.79) (1.12) (1.70)

TBL -4.687*** -1.136 -5.550*** -0.805 -3.578** -1.224 -2.334** 0.180 -2.216** -3.913** -1.885 -1.379 -4.011** -1.503 -0.098
(-3.15) (-1.31) (-2.77) (-0.73) (-2.51) (-1.38) (-2.12) (0.18) (-2.16) (-2.51) (-1.62) (-1.42) (-2.54) (-1.44) (-0.09)

LTY -4.348*** 0.019 -6.147*** -0.433 -2.807** 0.055 -1.440 0.083 -1.117 -2.960** -0.728 0.058 -2.915** 0.070 -0.166
(-3.00) (0.03) (-2.91) (-0.59) (-2.04) (0.08) (-1.53) (0.11) (-1.38) (-1.96) (-0.72) (0.08) (-1.98) (0.09) (-0.22)

LTR 2.985** 2.127* 2.688** 1.457 3.022* 2.251* 2.212** 0.464 3.011* 3.206 2.523** 2.510* 3.112 2.464* 0.995
(1.98) (1.96) (2.43) (0.83) (1.86) (1.90) (2.26) (0.19) (1.89) (1.54) (2.04) (1.69) (1.58) (1.69) (0.51)

TMS 2.389* 2.216* 0.994 0.523 2.612** 2.459* 2.239* -0.598 2.839** 3.072** 2.443* 2.785* 3.471** 3.177** -0.461
(1.83) (1.65) (0.53) (0.33) (1.99) (1.77) (1.81) (-0.43) (2.21) (2.02) (1.77) (1.71) (2.31) (2.01) (-0.31)

DFY 1.480 -0.310 0.665 -1.935 0.994 -0.262 0.270 -4.473 0.388 2.370 0.759 1.129 1.721 0.534 -3.722
(0.84) (-0.19) (0.28) (-0.65) (0.57) (-0.16) (0.19) (-1.51) (0.23) (1.11) (0.51) (0.60) (0.83) (0.28) (-1.31)

DFR 1.238 2.970 1.468 3.890 2.578 3.427 1.928 3.496 1.388 2.767 3.286 3.498 2.522 3.303 4.937
(0.63) (0.96) (0.39) (0.75) (0.92) (1.04) (0.79) (0.73) (0.63) (0.95) (0.98) (1.02) (0.90) (0.98) (0.93)

INFL -2.931** -2.218* -1.468 -0.244 -2.952** -2.326* -2.224** 0.260 -3.001** -3.017* -2.301* -2.382* -3.026** -2.434* 0.142
(-2.35) (-1.92) (-1.20) (-0.12) (-2.28) (-1.95) (-2.07) (0.11) (-2.20) (-1.93) (-1.80) (-1.78) (-2.00) (-1.87) (0.06)

IK -3.597*** -2.378*** -4.449*** -2.913*** -3.237*** -2.472*** -2.815*** -2.399** -2.846*** -3.640*** -2.733*** -2.753*** -3.670*** -2.786** -2.674**
(-2.91) (-2.58) (-3.13) (-2.72) (-2.94) (-2.64) (-2.82) (-2.04) (-2.83) (-2.87) (-2.72) (-2.62) (-2.74) (-2.46) (-2.17)

Notes: This table presents the monthly performance of the managed corporate bond market portfolio that uses single predictors’ past realizations as conditioning variables.
We calculate the annualized average returns and multifactor alphas of the managed corporate bond market portfolio. The weights in the managed portfolio are proportional
to the out-of-sample corporate bond market return forecasts based on single predictors’ past realizations. We conditionally demean the return forecasts and scale the weights
in the managed market portfolio to match its conditional standard deviation with that of the corporate bond market portfolio using information available at time t. The
alphas are obtained from estimating the regression in Equation (7). Detailed definitions of the factor models are provided in Section 4.2. The Newey & West (1986) adjusted
t-statistics are reported in parentheses and *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. The sample period is from December 1991 to
December 2022.
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Table 6: Managed by single predictors’ return forecasts

Return αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

DP 3.691*** 0.549 4.797** 0.626 2.637** 0.621 1.772 -0.324 1.685 3.309** 1.497 1.223 2.944* 1.078 0.211
(2.63) (0.50) (2.35) (0.42) (2.01) (0.55) (1.64) (-0.25) (1.63) (2.23) (1.36) (1.08) (1.92) (0.88) (0.16)

DY 3.567** 0.757 4.461** 0.714 2.709** 0.898 1.857 -0.309 1.811* 3.577** 1.842 1.673 3.265** 1.550 0.459
(2.44) (0.65) (2.14) (0.46) (2.05) (0.75) (1.62) (-0.24) (1.65) (2.32) (1.62) (1.35) (2.07) (1.18) (0.36)

EP 2.377 1.389 2.530 1.184 2.024 1.394 1.630 1.595 1.268 1.331 1.311 0.665 1.421 0.789 1.623
(1.30) (1.12) (1.39) (0.79) (1.26) (1.11) (1.15) (1.06) (0.89) (0.79) (0.97) (0.50) (0.88) (0.62) (0.96)

DE 2.375 0.925 3.595 1.794 1.564 0.888 2.073 0.106 1.353 2.991 2.343 2.163 2.505 1.770 0.856
(0.91) (0.56) (0.96) (0.74) (0.79) (0.53) (1.04) (0.06) (0.72) (1.09) (1.20) (1.01) (0.90) (0.77) (0.45)

SVAR 2.889 -1.478 7.178 1.866 -0.280 -2.510 1.918 2.652 0.515 -1.108 -1.624 -3.077 -2.430 -4.175 -0.726
(0.70) (-0.50) (0.84) (0.28) (-0.07) (-0.83) (0.52) (0.47) (0.19) (-0.32) (-0.42) (-0.97) (-0.78) (-1.28) (-0.13)

BM 4.548*** 1.700* 5.550*** 1.769 3.493*** 1.756* 2.736** 0.907 2.695*** 4.138*** 2.346** 2.242** 3.913*** 2.212* 1.298
(3.22) (1.67) (2.96) (1.45) (2.79) (1.69) (2.55) (0.91) (2.70) (2.87) (2.13) (2.08) (2.67) (1.91) (1.23)

NTIS -0.223 2.255 0.921 4.566 0.645 2.218 1.364 5.543* 0.835 0.114 1.548 1.753 0.060 1.539 5.516
(-0.16) (1.18) (0.39) (1.47) (0.37) (1.12) (0.88) (1.80) (0.48) (0.06) (0.83) (0.82) (0.03) (0.73) (1.62)

TBL 1.608 2.237** 1.965 2.903* 1.808 2.193** 1.921* 3.038* 1.419 1.361 2.064* 1.800 1.341 1.720 3.336
(1.39) (2.10) (1.41) (1.75) (1.55) (2.02) (1.83) (1.67) (1.33) (1.06) (1.83) (1.54) (1.04) (1.42) (1.62)

LTY 1.868 1.066 3.251** 2.380 1.511 1.040 1.215 3.258 0.590 0.839 0.819 0.308 0.677 0.188 3.344
(1.41) (0.88) (2.08) (1.10) (1.14) (0.84) (1.13) (1.47) (0.51) (0.55) (0.68) (0.21) (0.46) (0.13) (1.38)

LTR 3.007* 2.466* 3.209** 2.494 3.191* 2.611 2.674* 2.296 3.323* 3.189 3.005* 2.742 3.069 2.699 2.863*
(1.80) (1.66) (2.21) (1.50) (1.70) (1.62) (1.90) (1.17) (1.83) (1.34) (1.65) (1.35) (1.37) (1.37) (1.71)

TMS 0.996 2.259* -0.861 0.567 1.592 2.387* 1.745 -0.588 1.874 1.862 2.251 2.614 2.137 2.786* -0.459
(0.70) (1.67) (-0.46) (0.40) (1.13) (1.72) (1.35) (-0.49) (1.38) (1.18) (1.60) (1.64) (1.34) (1.73) (-0.34)

DFY 1.555 0.331 3.831* 2.531 0.638 0.202 1.649 2.505 -0.623 1.051 1.340 0.418 0.925 0.310 2.568
(0.75) (0.27) (1.88) (1.26) (0.35) (0.16) (1.17) (0.93) (-0.31) (0.45) (0.90) (0.25) (0.40) (0.18) (1.14)

DFR -0.564 2.021 -0.879 2.657 0.761 2.164 0.826 3.390 -0.510 -0.103 1.930 1.444 0.687 2.015 4.325
(-0.32) (0.89) (-0.26) (0.62) (0.34) (0.89) (0.41) (0.82) (-0.27) (-0.04) (0.72) (0.56) (0.29) (0.80) (0.88)

INFL 1.738 2.033 0.358 0.526 2.245* 2.190 1.948 0.654 2.062 1.893 2.175 1.942 1.939 1.975 0.657
(1.29) (1.49) (0.24) (0.26) (1.67) (1.59) (1.46) (0.31) (1.37) (1.21) (1.39) (1.29) (1.28) (1.34) (0.34)

IK 5.154*** 3.486*** 5.889*** 3.700*** 4.491*** 3.533*** 4.027*** 3.387** 3.885*** 4.385*** 3.590*** 3.252*** 4.664*** 3.620*** 3.542**
(3.52) (2.98) (3.97) (2.66) (3.42) (2.97) (3.40) (2.23) (3.35) (3.09) (2.92) (2.63) (3.19) (2.68) (2.03)

Notes: This table presents the monthly performance of the managed corporate bond market portfolio that uses single predictors’ corporate bond market return forecasts as
conditioning variables. We calculate the annualized average returns and multifactor alphas of the managed corporate bond market portfolio. The weights in the managed
portfolio are proportional to the out-of-sample corporate bond market return forecasts based on single predictors’ return forecasts. We conditionally demean the return
forecasts and scale the weights in the managed market portfolio to match its conditional standard deviation with that of the corporate bond market portfolio using information
available at time t. The alphas are obtained from estimating the regression in Equation (7). Detailed definitions of the factor models are provided in Section 4.2. The Newey
& West (1986) adjusted t-statistics are reported in parentheses and *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. The sample period
is from December 1991 to December 2022.
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Table 7: Transaction costs

Panel A: Turnover and break-even transaction cost

Turnover Break-even
TC (bps)

Managed MKTB 0.347 119

Panel B: Performance after accounting for proportional transaction costs
TC = 0bp TC = 1bp TC = 5bps TC = 10bps TC = 15bps

Average return 4.932** 4.890** 4.724** 4.516** 4.308**
(2.48) (2.46) (2.38) (2.28) (2.18)

α Utility (%) α Utility (%) α Utility (%) α Utility (%) α Utility (%)

CAPMB 2.942** 1.915 2.901** 1.809 2.740** 1.397 2.538* 0.909 2.336* 0.452
(2.22) (2.19) (2.07) (1.92) (1.77)

PEADB 6.370*** 2.480 6.331*** 2.443 6.173*** 2.301 5.975*** 2.128 5.777** 1.963
(2.80) (2.78) (2.72) (2.64) (2.56)

BOND2 3.858** 0.935 3.820** 0.907 3.670** 0.797 3.483** 0.647 3.295** 0.501
(2.56) (2.54) (2.44) (2.32) (2.20)

MKT2 4.180** 4.684 4.138** 4.549 3.969** 4.018 3.759** 3.379 3.548** 2.767
(2.56) (2.54) (2.44) (2.31) (2.19)

HKM 2.988** 1.998 2.947** 1.891 2.783** 1.473 2.578* 0.979 2.374* 0.517
(2.23) (2.20) (2.08) (1.93) (1.77)

FF2 4.084*** 4.840 4.042*** 4.710 3.874** 4.201 3.664** 3.605 3.454** 3.033
(2.64) (2.61) (2.51) (2.39) (2.26)

BOND5 3.294** 0.864 3.257** 0.841 3.106** 0.747 2.918* 0.623 2.730* 0.504
(2.08) (2.05) (1.96) (1.85) (1.73)

IPR5 3.005** 3.185 2.965** 3.073 2.806** 2.616 2.606* 2.109 2.407* 1.570
(2.13) (2.10) (1.99) (1.85) (1.71)

STOCK5 4.520** 5.282 4.476** 5.165 4.300** 4.695 4.080** 4.105 3.860** 3.595
(2.37) (2.35) (2.26) (2.15) (2.04)

FF5 3.980** 3.958 3.936** 3.889 3.761** 3.526 3.543** 2.953 3.324** 2.392
(2.50) (2.48) (2.38) (2.26) (2.13)

BS6 3.229** 2.125 3.187** 2.035 3.016** 1.716 2.802* 1.358 2.588* 0.968
(2.19) (2.16) (2.05) (1.91) (1.77)

STOCK6 4.314** 0.979 4.271** 0.929 4.100** 0.725 3.885** 0.482 3.671* 0.284
(2.24) (2.22) (2.13) (2.03) (1.92)

BS7 3.129** 0.664 3.087** 0.616 2.920* 0.414 2.710* 0.161 2.501 -0.064
(2.01) (1.99) (1.88) (1.75) (1.62)

BS10 3.861** 1.016 3.822** 0.995 3.667** 0.911 3.472* 0.808 3.278* 0.706
(2.09) (2.07) (1.99) (1.89) (1.80)

Notes: This table presents the results for the managed corporate bond market portfolio after controlling for the
impact of transaction costs. In Panel A, we compute the turnover rate of the timing strategy as the time-series
average of all re-balanced trades incurred. We also calculate the break-even proportional transaction cost (in
bps) which leads to zero net return. Panel B summarizes statistics of the managed bond market portfolio net
of transaction costs. We set proportional transaction costs to 1, 5, 10, and 15 basis points, respectively, and
calculate the resulting average returns of the combination forecast-managed bond market portfolio. The alphas
are obtained from estimating the regression in Equation (7). Utility is the real-time relative utility gain of the
optimal combination strategy relative to strategies without the managed market portfolio for investors. Detailed
definitions of the factor models are provided in Section 4.2. The Newey & West (1986) adjusted t-statistics are
reported in parentheses and *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
The sample period is from December 1991 to December 2022.
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Table 8: Alternative combining method: DMSPE

Panel A: Full-sample forecasting results

R2
OOS p-value MSPE-

adjusted p-value ∆CER

DMSPE 2.043*** <0.00> 3.668*** [0.00] 1.984

Panel B: Performance of managed portfolio
αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

DMSPE 3.566** 5.731** 4.684*** 4.135** 3.629** 4.175** 4.094** 3.041** 4.526** 4.479*** 3.983** 4.357** 3.892** 4.818***
(2.31) (2.55) (2.78) (2.36) (2.32) (2.56) (2.41) (2.06) (2.34) (2.76) (2.41) (2.20) (2.20) (2.62)

Panel C: Performance of enhanced strategies
CAPMB PEADB BOND2 MKT2 HKM FF2 BOND5 IPR5 STOCK5 FF5 BS6 STOCK6 BS7 BS10

Panel C.1: Full-sample Sharpe ratio
SR 0.583 1.060 1.337 0.543 0.652 0.467 1.436 0.681 0.845 0.749 0.951 1.262 1.310 1.631
SR∗ 0.747 1.296 1.473 0.761 0.807 0.729 1.542 0.818 1.036 0.963 1.091 1.386 1.409 1.775
∆SR 0.164 0.236 0.136 0.218 0.155 0.263 0.106 0.137 0.190 0.213 0.140 0.124 0.099 0.144
ω∗ 0.432 0.125 0.086 0.696 0.449 0.493 0.067 0.497 0.371 0.463 0.273 0.195 0.165 0.079

Panel C.2: Out-of-sample strategy – Cederburg et al. (2020)’s approach
SROOS 0.482 0.953 1.169 0.240 0.524 0.281 0.964 0.312 0.368 0.477 0.461 0.907 0.893 1.023
SR∗

OOS 0.665 1.284 1.337 0.530 0.695 0.648 1.114 0.571 0.603 0.761 0.618 1.038 1.004 1.242
∆SROOS 0.182** 0.331*** 0.167** 0.290*** 0.170** 0.366*** 0.150*** 0.259** 0.234*** 0.284*** 0.157** 0.132** 0.112** 0.219***
p-value (0.010) (0.000) (0.017) (0.001) (0.014) (0.001) (0.003) (0.011) (0.001) (0.002) (0.012) (0.019) (0.027) (0.002)
Utility (%) 3.629 2.205 1.373 4.481 3.766 5.725 1.254 4.076 5.599 6.330 3.317 1.311 1.385 1.526
ω∗
OOS 0.270 0.074 0.059 0.654 0.282 0.422 0.042 0.386 0.255 0.341 0.173 0.136 0.108 0.061

Panel C.3: Out-of-sample strategy – Optimal tangency portfolio
SROOS 0.562 0.953 1.169 0.245 0.554 -0.023 0.949 0.259 0.410 0.336 0.444 0.926 0.915 0.936
SR∗

OOS 0.758 1.284 1.337 0.440 0.759 0.232 1.090 0.597 0.597 0.566 0.601 1.056 1.026 1.165
∆SROOS 0.196** 0.331*** 0.167** 0.195 0.205** 0.255 0.140*** 0.338** 0.187** 0.229*** 0.157*** 0.131** 0.111** 0.229***
p-value (0.023) (0.000) (0.017) (0.131) (0.017) (0.335) (0.005) (0.012) (0.015) (0.006) (0.009) (0.022) (0.027) (0.002)
Utility (%) 0.769 0.435 0.275 2.100 0.811 2.315 0.273 2.012 0.661 1.569 0.592 0.116 0.241 0.452
ω∗
OOS 0.270 0.074 0.059 0.654 0.282 0.422 0.042 0.386 0.255 0.341 0.173 0.136 0.108 0.061

Notes: This table presents results for using the discount mean square prediction error (DMSPE) combining method. Panel A shows the results for the time-series evaluation tests. including
the out-of-sample R2 (R2

OOS) of Campbell & Thompson (2008), the MSPE-adjusted statistic of Clark & West (2007) with the standard normal distribution to obtain the one-sided (upper-tail)
p-value of the null hypothesis (in square brackets), and annualized certainty equivalent gains (∆CER). We evaluate the statistical significance of out-of-sample R2 by using the bootstrap
approach of Welch & Goyal (2008) and report the corresponding p-values in angle brackets. Panel B presents the annualized factor alphas of a managed bond market portfolio that uses
the DMSPE forecast combining method. The Newey & West (1986) adjusted t-statistics are reported in parentheses. In Panel C, we summarize statistics of enhanced strategies. Panel
C.1 reports the full-sample gains in annualized Sharpe ratios in the optimal combination portfolios. SR is the in-sample Sharpe ratio of the optimal combination portfolio implied by a
factor model, SR∗ is the in-sample Sharpe ratio of the model expanded by the managed bond market portfolio, and ∆SR denotes the difference in Sharpe ratios. ω∗ represents the optimal
relative weights on the managed bond market portfolio in the optimal combination portfolios. Panels C.2 and C.3 present the results for the out-of-sample combination strategy based on
the Cederburg et al. (2020)’s approach and the optimal tangency portfolio, respectively. The optimal investment weights are estimated by using the data available up to time t. We use the
subscript OOS to denote the statistics of out-of-sample approaches. To test whether the Sharpe ratio difference is statistically significant, we use the Jobson & Korkie (1981) test with a
null hypothesis H0 : ∆SR = 0 and report the corresponding p-values in parentheses. Utility is the relative utility gain of the optimal combination strategy relative to strategies without the
managed market portfolio for investors. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 9: Imposing leverage constraints

Constraints = [−4, 4] Constraints = [−3, 3] Constraints = [−2, 2] Constraints = [−1, 1] Constraints = [0, 1]

Returns 4.820** 4.508** 3.879*** 2.719*** 3.114***
(2.46) (2.52) (2.71) (2.78) (3.69)

αCAPMB 2.854** 2.646** 2.288** 1.646** 1.250**
(2.19) (2.18) (2.19) (2.07) (2.46)

αPEADB 6.327*** 6.100*** 5.403*** 3.929*** 4.253***
(2.82) (2.91) (3.13) (3.33) (3.87)

αBOND2 3.861*** 3.793*** 3.460*** 2.651*** 1.863***
(2.59) (2.64) (2.68) (2.68) (2.93)

αMKT2 4.034** 3.732** 3.205*** 2.273*** 2.412***
(2.52) (2.56) (2.67) (2.64) (3.45)

αHKM 2.881** 2.656** 2.279** 1.640** 1.269**
(2.18) (2.15) (2.15) (2.02) (2.46)

αFF2 3.939*** 3.653*** 3.130*** 2.203*** 2.024***
(2.62) (2.67) (2.78) (2.79) (3.39)

αBOND5 3.292** 3.234** 3.011** 2.303** 1.567**
(2.09) (2.14) (2.21) (2.23) (2.42)

αIPR5 2.954** 2.721** 2.310** 1.510** 1.765***
(2.12) (2.15) (2.18) (2.02) (3.32)

αSTOCK5 4.342** 4.008** 3.344** 2.346** 2.562***
(2.32) (2.32) (2.38) (2.35) (3.15)

αFF5 3.760** 3.424** 2.850** 2.063*** 1.685***
(2.47) (2.47) (2.51) (2.59) (2.80)

αBS6 3.082** 2.829** 2.348** 1.675* 1.334**
(2.12) (2.06) (2.01) (1.91) (2.40)

αSTOCK6 4.160** 3.864** 3.183** 2.280** 2.442***
(2.19) (2.17) (2.20) (2.19) (2.99)

αBS7 3.002* 2.781* 2.268* 1.660* 1.336**
(1.95) (1.90) (1.81) (1.74) (2.29)

αBS10 3.799** 3.695** 3.348** 2.635** 1.790**
(2.10) (2.16) (2.26) (2.48) (2.42)

Notes: This table presents the average returns and annualized factor alphas of the combination forecast-managed
market portfolio when imposing leverage constraints. The weights in the managed portfolio are proportional to
the out-of-sample corporate bond market return forecasts derived from the mean forecast combination. We
conditionally demean the return forecasts and scale the weights in the managed market portfolio to match its
conditional standard deviation with that of the corporate bond market portfolio using information available at
time t. We restrict the wCOMB

t in Equation (6) to the intervals of [-4,4], [-3,3], [-2,2], [-1,1], [0,1]. The last case
corresponds to a timing strategy with a short-sale constraint and zero excess leverage. The alphas are obtained
from estimating the regression in Equation (7). Detailed definitions of the factor models are provided in Section
4.2. The Newey & West (1986) adjusted t-statistics are reported in parentheses and *, **, *** denote statistical
significance at the 10%, 5%, and 1% levels, respectively. The sample period is from December 1991 to December
2022.
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Table 10: Economic conditions, market states, and the managed portfolio

Panel A: Economic conditions
Return αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

Panel A.1: Industrial production
Large |∆| 7.161** 5.231** 8.212** 5.897** 6.570** 5.253** 6.204** 5.305** 4.463* 6.553** 6.191** 5.218** 6.307** 5.088** 5.970**

(2.01) (2.06) (2.22) (2.34) (2.06) (2.06) (2.21) (2.18) (1.84) (2.04) (2.21) (2.05) (1.97) (1.99) (2.29)
Small |∆| 2.515** 0.454 4.278*** 1.515 1.554 0.512 1.771 1.051 1.430 2.234 1.550 0.998 2.150 1.003 1.475

(1.97) (0.30) (2.70) (0.79) (1.12) (0.33) (1.26) (0.61) (1.12) (1.47) (1.08) (0.64) (1.37) (0.61) (0.74)

Panel A.2: CFNAI
Large |∆| 5.241** 3.633** 6.821** 4.613** 4.655** 3.661** 4.503** 4.620** 4.460** 4.911* 4.347** 3.815* 4.905* 4.113** 4.786**

(2.01) (2.07) (2.29) (2.38) (2.12) (2.06) (2.19) (2.28) (2.37) (1.95) (2.09) (1.91) (1.89) (1.96) (2.12)
Small |∆| 4.634** 2.266 5.943** 3.132 3.717* 2.328 3.676* 2.021 1.582 4.137** 3.612* 2.653 3.763* 2.200 2.956

(2.05) (1.16) (2.52) (1.55) (1.81) (1.19) (1.75) (1.10) (0.91) (1.96) (1.70) (1.39) (1.86) (1.16) (1.45)

Panel A.3: DP ratio
Large |∆| 7.684** 5.931** 9.520*** 7.098*** 7.051*** 5.959** 7.110*** 6.607** 5.524** 6.808** 6.888** 5.762** 6.605** 5.700** 6.772**

(2.49) (2.53) (2.76) (2.69) (2.63) (2.54) (2.62) (2.34) (2.48) (2.49) (2.54) (2.44) (2.46) (2.39) (2.31)
Small |∆| 2.337 0.099 3.518** 0.910 1.450 0.152 1.218 0.303 0.528 2.216 1.171 0.662 2.053 0.573 1.194

(1.61) (0.09) (2.21) (0.88) (1.11) (0.13) (1.11) (0.30) (0.42) (1.36) (1.00) (0.53) (1.19) (0.42) (0.89)

Panel A.4: Credit spread
Large |∆| 6.793* 5.227* 8.690** 6.417** 6.294* 5.261* 5.847** 5.950** 4.768* 6.728* 5.892** 5.648** 6.146* 5.158* 6.562**

(1.83) (1.92) (2.17) (2.33) (1.84) (1.92) (2.01) (2.29) (1.80) (1.95) (2.01) (2.03) (1.78) (1.84) (2.37)
Small |∆| 3.120** 0.683 4.220*** 1.456 2.077 0.735 2.362 0.831 1.293 2.280 2.063 0.760 2.520 1.129 1.310

(2.24) (0.44) (2.70) (0.83) (1.41) (0.47) (1.61) (0.45) (0.93) (1.56) (1.38) (0.49) (1.63) (0.68) (0.70)

Panel A.5: Real interest rate
Large |∆| 5.195*** 3.682** 6.755*** 4.645** 4.172** 3.788** 4.662** 4.253** 2.523* 4.388** 4.635** 3.860** 4.500** 4.069** 4.853**

(2.62) (2.21) (2.86) (2.31) (2.34) (2.21) (2.52) (2.06) (1.67) (2.25) (2.39) (2.13) (2.26) (2.16) (2.23)
Small |∆| 4.692* 2.255 6.024** 3.136* 4.187* 2.257 3.546* 2.415 3.442* 4.637* 3.386* 2.655 4.143 2.245 2.995

(1.75) (1.26) (2.15) (1.79) (1.77) (1.26) (1.78) (1.43) (1.75) (1.81) (1.71) (1.43) (1.58) (1.13) (1.46)

(Continued next page.)
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Panel B: Market states
Return αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

Panel B.1: Macroeconomic uncertainty
Large |∆| 8.990** 6.742** 10.165*** 7.502*** 8.145** 6.792** 8.120*** 6.860*** 6.258** 7.921** 8.055*** 6.560** 7.945** 6.652** 7.537***

(2.43) (2.53) (2.61) (2.78) (2.55) (2.53) (2.73) (2.73) (2.49) (2.33) (2.68) (2.39) (2.38) (2.39) (2.84)
Small |∆| 0.895 -0.802 2.490* 0.163 0.280 -0.756 0.072 -0.244 -0.245 1.078 -0.051 -0.133 0.659 -0.408 0.213

(0.80) (-0.62) (1.85) (0.10) (0.23) (-0.59) (0.06) (-0.15) (-0.20) (0.83) (-0.04) (-0.10) (0.50) (-0.32) (0.11)

Panel B.2: Financial uncertainty
Large |∆| 7.779** 5.835** 9.404** 6.871** 7.353** 5.835** 6.842** 6.408** 6.101** 7.572** 6.776** 6.006** 7.084** 5.615* 7.342***

(2.02) (2.06) (2.32) (2.49) (2.12) (2.05) (2.27) (2.51) (2.25) (2.15) (2.28) (2.13) (1.97) (1.92) (2.60)
Small |∆| 2.276 0.238 3.595** 1.104 1.146 0.293 1.535 0.540 0.082 1.539 1.337 0.540 1.771 0.862 0.703

(1.58) (0.15) (2.18) (0.57) (0.70) (0.18) (0.92) (0.26) (0.06) (0.88) (0.76) (0.33) (0.98) (0.50) (0.35)

Panel B.3: Real uncertainty
Large |∆| 8.623** 6.282** 9.922** 7.134*** 7.741** 6.336** 7.364*** 7.145*** 6.214** 7.875** 7.237** 6.398** 7.609** 6.188** 7.587***

(2.31) (2.50) (2.53) (2.85) (2.43) (2.50) (2.62) (2.98) (2.55) (2.36) (2.57) (2.50) (2.30) (2.42) (2.93)
Small |∆| 1.415 -0.201 2.937** 0.739 0.833 -0.157 0.969 -0.390 -0.036 1.242 0.867 0.152 1.025 0.094 0.268

(1.20) (-0.13) (2.10) (0.41) (0.68) (-0.10) (0.73) (-0.21) (-0.03) (0.89) (0.61) (0.10) (0.69) (0.06) (0.14)

Panel B.4: Economic uncertainty
Large |∆| 7.776** 5.104* 9.304** 6.126** 7.164** 5.109* 6.719** 5.463** 5.437** 7.142** 6.771** 5.109* 6.956** 5.029* 6.067**

(2.03) (1.94) (2.28) (2.24) (2.10) (1.93) (2.22) (2.06) (2.07) (2.07) (2.22) (1.93) (1.99) (1.81) (2.11)
Small |∆| 2.193** 0.910 3.571*** 1.771 1.272 0.973 1.590 1.312 0.624 1.836 1.294 1.350 1.683 1.274 1.795

(1.97) (0.75) (2.80) (1.24) (1.01) (0.79) (1.33) (0.94) (0.52) (1.34) (1.02) (1.06) (1.24) (1.03) (1.13)

Panel B.5: VIX
Large |∆| 5.239** 4.123** 6.767** 5.043** 4.930** 4.128** 4.492** 4.773** 4.337** 4.800** 4.427** 3.985* 4.406* 3.813* 5.222**

(1.99) (2.06) (2.25) (2.32) (2.09) (2.05) (2.08) (2.18) (2.25) (1.98) (2.02) (1.95) (1.75) (1.72) (2.22)
Small |∆| 4.622** 1.716 5.976*** 2.630 3.401* 1.791 3.668* 1.800 1.591 4.218* 3.505* 2.402 4.223* 2.435 2.434

(2.05) (0.99) (2.59) (1.50) (1.72) (1.03) (1.90) (1.05) (0.94) (1.95) (1.80) (1.38) (1.95) (1.37) (1.28)

Notes: This table presents the average returns and factor alphas of managed bond market portfolios while conditioning on large (above median) versus small (below median)
absolute changes (|∆|) in state variables. To capture changes in economic conditions, we consider five variables, including the industrial production growth, the Chicago Fed
National Activity Index (CFNAI), the dividend-to-price ratio, the credit spread (calculated as the yield difference between Moody’s seasoned Baa corporate bonds and 10-year
constant-maturity Treasury bonds), and the real interest rate (calculated as the difference between the US 3-month T-bill rate and expected inflation that is the 3-month
moving average of changes in the US consumer price index), and summarize the results in Panel A. In Panel B, we consider five uncertainty indicators to represent the market
states. These variables are the macroeconomic and real uncertainty indexes of Jurado et al. (2015), the financial uncertainty index of Ludvigson et al. (2021), the economic
uncertainty index of Bekaert et al. (2022), and the volatility index (VIX). The Newey & West (1986) adjusted t-statistics are reported in parentheses and *, **, *** denote
statistical significance at the 10%, 5%, and 1% levels, respectively. The sample period is from December 1991 to December 2022.
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Table 11: Additional robustness checks

Panel A: Alternative corporate bond market proxies
Raw αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

Panel A.1: The Bloomberg US Corporate Bond Index (sample period: 1986:01 – 2022:12)
Average Return 4.507*** 3.680*** 5.963*** 4.618*** 3.611** 3.571*** 2.588** 3.763** 2.696** 3.964** 2.399* 3.893*** 3.498** 3.757*** 4.453***

(2.69) (2.80) (2.73) (3.06) (2.55) (2.82) (2.08) (2.55) (2.13) (2.48) (1.95) (2.88) (2.19) (2.73) (2.97)
Panel A.2: The Merrill Lynch Aggregate Bond Market index (sample period: 1986:01 – 2022:12)

Average Return 3.540** 2.101* 4.919*** 3.273** 3.037** 2.090* 2.606** 2.824** 2.100* 2.997** 2.375** 2.022* 3.358** 2.506** 3.159**
(2.31) (1.76) (3.14) (2.40) (2.22) (1.74) (2.18) (2.02) (1.88) (2.11) (1.97) (1.67) (2.40) (2.02) (2.03)

Panel A.3: MKTB constructing with the TRACE-based WRDS data (sample period: 2002:09 – 2022:09)
Average Return 1.274* 1.817*** 1.125 2.025** 1.777** 1.832** 1.597** 1.372** 0.988** 1.785** 2.073*** 1.971*** 1.613** 1.777*** 1.362**

(1.90) (2.64) (1.61) (2.50) (2.27) (2.57) (2.46) (2.24) (1.99) (2.44) (3.07) (2.83) (2.26) (2.59) (2.20)

Panel B: Excluding specific periods
Raw αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

Panel B.1: Excluding the 2008 global financial crisis
Crisis period 7.371 6.769 9.511 7.868 9.334 6.088 9.210 12.751 11.871 7.987 9.841 5.524 7.013 6.002 13.642

(0.46) (0.56) (0.61) (0.72) (0.64) (0.50) (0.63) (1.31) (1.47) (0.65) (0.69) (0.53) (0.53) (0.51) (1.42)
Non-crisis period 5.327*** 3.201** 6.801*** 4.033** 4.556*** 3.326** 4.211*** 3.474** 3.013** 4.885*** 4.112** 3.513** 4.999*** 3.745** 3.978**

(2.90) (2.17) (3.18) (2.28) (2.85) (2.24) (2.65) (1.97) (2.16) (2.72) (2.50) (2.23) (2.80) (2.30) (2.10)
Panel B.2: Excluding the 2008 global financial crisis and the pandemic period

Crisis period 9.428 8.623 11.786 9.851 11.879 8.007 12.672 14.416 12.375* 10.722 13.645 8.129 9.949 8.472 16.593*
(0.70) (0.85) (0.88) (1.06) (0.92) (0.77) (0.98) (1.57) (1.79) (0.95) (1.04) (0.85) (0.83) (0.81) (1.76)

Non-crisis period 5.151*** 3.016** 6.614*** 3.849** 4.284*** 3.139** 3.895** 3.283* 2.857** 4.584** 3.726** 3.245** 4.720*** 3.502** 3.645*
(2.83) (2.04) (3.17) (2.20) (2.70) (2.09) (2.54) (1.91) (2.07) (2.53) (2.31) (2.05) (2.60) (2.10) (1.93)

(Continued next page.)
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Panel C: Alternative combination forecasts
Raw αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

Panel C.1: The median combination forecast
Average Return 3.260** 2.263* 4.805** 3.690** 2.704** 2.240* 2.900** 3.341* 2.272* 3.000* 2.767** 2.402* 2.589 2.047 3.724*

(2.11) (1.94) (2.52) (2.27) (2.07) (1.87) (2.24) (1.93) (1.75) (1.84) (2.03) (1.71) (1.58) (1.42) (1.78)
Panel C.2: The trimmed-mean combination forecast (top&bottom 1 forecast)

Average Return 4.584** 2.967** 5.982*** 3.981*** 3.940*** 3.008** 3.940*** 3.466** 2.876** 4.261** 3.874*** 3.221** 4.137** 3.171** 4.022**
(2.54) (2.38) (2.93) (2.69) (2.61) (2.37) (2.77) (2.16) (2.13) (2.39) (2.66) (2.27) (2.28) (2.12) (2.19)

Panel C.3: The trimmed-mean combination forecast (top&bottom 2 forecasts)
Average Return 4.606*** 3.187** 5.980*** 4.250*** 4.030*** 3.222** 4.054*** 3.786** 3.006** 4.213** 4.001*** 3.302** 4.091** 3.240** 4.325**

(2.67) (2.56) (3.14) (2.86) (2.76) (2.54) (2.93) (2.32) (2.26) (2.47) (2.83) (2.36) (2.38) (2.20) (2.29)
Panel C.4: The trimmed-mean combination forecast (top&bottom 3 forecasts)

Average Return 4.657*** 3.366*** 5.951*** 4.386*** 4.095*** 3.389*** 4.162*** 3.994** 3.149** 4.231** 4.130*** 3.409** 4.098** 3.330** 4.530**
(2.79) (2.72) (3.16) (2.94) (2.88) (2.68) (3.04) (2.47) (2.43) (2.52) (2.90) (2.43) (2.39) (2.23) (2.37)

Panel C.5: The binary timing strategy with the mean combination forecast
Average Return 3.658*** 1.098* 5.137*** 1.841** 2.768*** 1.140* 2.084*** 1.525** 1.714*** 2.894*** 1.722** 1.192* 2.861*** 1.321* 1.961***

(3.72) (1.83) (3.97) (2.56) (3.14) (1.84) (3.16) (2.11) (2.90) (2.87) (2.53) (1.86) (2.78) (1.91) (2.58)

Panel D: Alternative estimation scheme
Raw αCAPMB αPEADB αBOND2 αMKT2 αHKM αFF2 αBOND5 αIPR5 αSTOCK5 αFF5 αBS6 αSTOCK6 αBS7 αBS10

Panel D.1: Initial window length = 120 months
Average Return 5.438** 3.399** 6.942*** 4.237** 4.837** 3.485** 4.487*** 3.947** 3.536** 5.095** 4.454** 3.648** 5.126** 3.888** 4.513**

(2.48) (2.26) (2.75) (2.45) (2.54) (2.29) (2.63) (2.24) (2.35) (2.44) (2.51) (2.24) (2.43) (2.28) (2.24)
Panel D.2: Rolling window estimation

Average Return 6.223*** 5.959*** 6.789*** 6.504*** 6.318*** 6.076*** 5.924*** 6.104*** 6.282*** 6.908*** 6.181*** 6.662*** 6.937*** 6.724*** 6.698***
(5.41) (4.32) (4.81) (3.59) (5.13) (4.37) (4.75) (3.04) (4.59) (5.22) (4.74) (4.48) (5.08) (4.35) (3.34)

Notes: This table summarizes results from a battery of additional robustness tests. We calculate the annualized average returns and multifactor alphas of the managed
corporate bond market portfolio. The weights in the managed portfolio are proportional to the out-of-sample corporate bond market return forecasts derived from the mean
forecast combination. We conditionally demean the return forecasts and scale the weights in the managed market portfolio to match its conditional standard deviation
with that of the corporate bond market portfolio using information available at time t. The alphas are obtained from estimating the regression in Equation (7). Detailed
definitions of the factor models are provided in Section 4.2. In Panel A, we consider three alternative proxies for the corporate bond market portfolio, including the Bloomberg
US Corporate Bond Index (sample period: January 1986 to December 2022), the Merrill Lynch Aggregate Bond Market index (sample period: January 1986 to December
2022), and the corporate bond market factor constructed by using the TRACE database from the Wharton Research Data Services (WRDS) bond database (sample period:
September 2002 to September 2022). In Panel B, we exclude specific crisis periods during which the managed corporate bond market portfolio performs noticeably well. We
first exclude January 2008 to June 2009, a period corresponding to the 2008 global financial crisis. Next, we further exclude the COVID-19 pandemic period from January 2020
to April 2020. Panel C presents statistics for the managed bond market portfolio when using alternative simple averaging schemes, including the median and trimmed-mean
combination, to obtain the return forecasts (Panels C.1 to C.4). In Panel C.5, we consider a binary timing strategy, which invests either 100% in the bond market portfolio
when the conditioning variable exceeds its conditional mean or 0% in all other periods. In Panel D, we consider alternative estimation schemes to produce market return
forecasts instead of using a 5-year recursive estimation approach. To do so, we use a relatively longer recursive estimation window of 120 months (Panel D.1) and a rolling
window estimation scheme of a fixed length of 5 years (Panel D.2). The Newey & West (1986) adjusted t-statistics are reported in parentheses and *, **, *** denote statistical
significance at the 10%, 5%, and 1% levels, respectively.
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Appendix A Definitions of predictors

1. Dividend-price ratio (log), DP: the difference between the logarithm of a 12-month moving

average sum of dividends paid by the S&P 500 firms and the logarithm of stock price level

(S&P 500 index).

2. Dividend yield (log), DY: the difference between the logarithm of the 12-month moving

average sum of dividends and the logarithm of lagged stock price level (S&P 500 index).

3. Earnings-price ratio (log), EP: the logarithm of the ratio of the 12-month moving average

sum of earnings on the S&P 500 index divided by the stock prices (S&P 500 index).

4. Dividend-payout ratio (log), DE: the difference between the logarithm of dividends and

the logarithm of earnings.

5. Stock return variance, SVAR: the sum of squared daily excess returns on the S&P 500

index during the past month.

6. Book-to-market ratio, BM: the ratio of book value to market value for the Dow Jones

Industrial Average index (DJIA).

7. Net equity expansion, NTIS: the ratio of the 12-month moving sum of net issues by New

York Stock Exchange (NYSE)-listed firms divided by the total end-of-year market capi-

talization of NYSE stocks.

8. Treasury bill rate, TBL: the interest rate on the three-month Treasury bill of the secondary

market.

9. Long-term yield, LTY: the yield on the long-term government bond.

10. Long-term return, LTR: the long-term rate of government bond returns.

11. Term spread, TMS: the difference between the yield on long-term government bond and

the Treasury bill rate.

12. Default yield spread, DFY: the difference between the BAA- and AAA-rated corporate

bond yields.

13. Default return spread, DFR: the difference between the long-term corporate bond returns

and the long-term government bond returns.

14. Inflation, INFL: the growth rate in the Consumer Price Index from the Bureau of Labor

Statistics. At each point in time, we calculate the most recent growth rate by using data

observable in real time. This vintage data is collected from the ALFRED database.

15. Investment-to-capital ratio, IK: the investment-to-capital ratio of aggregate (private non-

residential fixed) investment to aggregate capital for the entire economy. At each point in
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time, we calculate the most recent estimate of the ratio by using data observable in real

time. This vintage data is collected from the ALFRED database.

Appendix B Definitions of bond and equity factors

Appendix B.1 Corporate bond factors

1. Corporate bond market factor, MKTB (Dickerson, Mueller, & Robotti, 2023): average

return of all corporate bond in excess of the one-month risk-free rate of return.

2. Bond carry factor, CRY (Israela et al., 2018; Kelly et al., 2023): independently sort bonds

into 5×5 portfolios according to their ratings and bond credit spreads. CRY is the average

return difference between the the high-carry portfolios and the low-carry portfolios across

all rating quintile portfolios.

3. Bond default risk factor, DEF (Fama & French, 1993): the return difference between

the market portfolio of long-term corporate bond returns (the composite portfolio on the

corporate bond module of Ibbotson Associates) and the long-term government bond.

4. Bond duration factor, DUR (Israela et al., 2018; Kelly et al., 2023): independently sort

bonds into 5 × 5 portfolios according to their ratings and bond duration. DUR is the

average return difference between the the high-duration portfolios and the low-duration

portfolios across all rating quintile portfolios.

5. Bond long-term reversal factor, LTR (Bali et al., 2021): dependently sort sorts bond into

3 × 3 × 3 portfolios according to their ratings, maturity and the cumulative returns in

the previous 48 to 13 months. LTR is the average return difference between the low-long-

term-reversal portfolios and the high-long-term-reversal portfolios across 9 rating-maturity

terciles.

6. Bond momentum factor, MOMB (Jostova et al., 2013): independently sort bonds into

5×5 portfolios according to their ratings and the cumulative returns in the previous 12 to

2 months. MOMB is the average return difference between the the high-bond-momentum

portfolios and the low-bond-momentum portfolios across all rating quintile portfolios.

7. Bond earnings announcement drift factor, PEADB (Nozawa et al., 2024):

8. Bond short-term reversal factor, STR (Bali et al., 2021): independently sort bonds into

5× 5 portfolios according to their ratings and returns in prior month. STR is the average

return difference between the the short-term-loser portfolios and the short-term-winner

portfolios across all rating quintile portfolios.
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9. Bond term structure risk factor, TERM (Fama & French, 1993): the difference between the

monthly long-term government bond return (from Ibbotson Associates) and the one-month

Treasury-Bill rate of return.

10. Bond value factor, VAL (Israela et al., 2018; Houweling & Van Zundert, 2017): indepen-

dently sort bonds into 2 × 3 portfolios according to their size and value. By using the

cross-sectional regression of bond credit spreads on their ratings, maturity and the three-

month change in credit spread, the value characteristic is computed as the percentage

difference between the actual and fitted credit spread. VAL is the average return differ-

ence between the the high-value portfolios and the low-value portfolios across two size

portfolios.

Appendix B.2 Equity factors

1. Equity market factor, MKTS (Fama & French, 1992, 2015): the value-weighted returns of

all firms listed on the NYSE, AMEX, or NASDAQ in excess of the one-month risk-free

rate of return.

2. Size factor, SMB (Fama & French, 1992, 2015): the difference in returns between small

and large capitalization stocks.

3. Equity value factor, HML (Fama & French, 1992, 2015): the difference in returns between

high and low book-to-market stocks.

4. Equity momentum factor, MOMS (Carhart, 1997): the difference in returns between win-

ner and loser stocks.

5. Intermediary capital risk factor, HKM (He et al., 2017): the value-weighted investment

returns for a portfolio of the New York Fed primary dealers’ publicly-traded holding com-

panies.

6. Liquidity factor, LIQ (Pástor & Stambaugh, 2003): the value-weighted returns for the

long-short portfolio from sorting on historical liquidity betas.

7. Profitability factor, RMW (Fama & French, 2015): the difference in returns between high

and low profitability (measured by the ratio of adjusted revenue to the book equity) stocks.

8. Investment factor, CMA (Fama & French, 2015): the difference in returns between stocks

with low change in total assets and stocks with high change in total assets.
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