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Abstract: 

 

We show that factors from value, quality, low risk and momentum styles play an 

important role in explaining the cross-section of corporate bond expected returns for the U.S. 

and Euro Investment Grade and U.S. BB-B non-Financial High Yield universes. We 

demonstrate the importance of purifying factor data by neutralizing a number of risk biases that 

are present in the factors: controlling for sectors, option-adjusted spread (OAS), duration and 

size biases significantly increases the predictive power of style factors. We propose a new 

simple approach for efficiently neutralizing the biases from multiple risk variables and 

demonstrate its superiority relative to stratified sampling and optimization as alternative control 

methods. We also measure the added value from diversifying the number of factors in each 

style. Finally, we show that the results are robust in relation to transaction costs and can be used 

to design strategies that aim at outperforming traditional benchmark indexes.     

 

 

1- Factors from value, quality, low risk and momentum styles play an important role 

in explaining the cross-section of corporate bond expected returns for the U.S. and 

Euro Investment Grade and U.S. BB-B non-Financial High Yield universes. 

 

2- The forecasting efficacy of style factors increases significantly if biases such as 

sectors, OAS, duration and size in the factor data are neutralized. Diversifying the 

number of factors in each style also significantly improves the forecasting efficacy. 

 

3- We propose a new simple approach for increasing the forecasting efficacy of style 

factors by efficiently neutralizing the biases from multiple risk variables. We 

demonstrate the superiority of this approach over stratified sampling and 

optimization.  
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Factors are characteristics that play a role in explaining the returns and risk of a group 

of securities. Hou, Xue and Zhang (2017) listed 447 factors proposed to explain the cross-

section of stock returns in the financial literature. Many of these can be grouped into styles 

since they are just different ways of looking at the same information. Value, quality, momentum 

and low risk are the styles receiving most attention probably because they are predictive of the 

cross-section of future stock returns and because, as mentioned by Harvey et al. (2016), the 

reported empirical evidence for them is more easily replicated and less likely to result from data 

snooping. The value style predicts higher returns for cheaper stocks, e.g. those with lower price-

to-earnings ratio, as found by Basu (1971). The quality style predicts higher returns for stocks 

of more profitable companies, e.g. those with higher gross-profit, as discussed by Novy-Marx 

(2013). The momentum style predicts higher returns for stocks that have been outperforming, 

e.g. those with the higher 12-month average returns subtracted from the last month returns, as 

discussed by Jagadeesh and Titman (1993). Finally, the low risk style predicts higher returns, 

at least once adjusted for risk, for stocks with lower risk, e.g. those with lower historical 

volatility, as first found by Haugen and Heins (1972).    

 

There is evidence that factors also play an important role in predicting the returns of 

fixed income securities. Haugen and Heins (1972) and later Pilotte and Sterbenz (2006) gave 

evidence that less risky U.S. short-dated treasury bonds deliver higher risk-adjusted returns than 

riskier longer-dated bonds.  

 

Evidence that style factors also explain the cross-section of corporate bond expected 

returns at issue level is still limited to a relatively small number of papers written mainly by 

practitioners. That is surprising when the size of the corporate bond market is taken into account. 

According to the OECD, the total outstanding amount of corporate bonds issued by non-

financial companies globally in 2018 was USD 12.95 trillion. There are a few probable reasons 

for this, which relate to differences between corporate bond markets and equity markets. First, 

at any point in time and for each company, there may be many bond issues of different 

maturities and with different specifications, and hence with different risk. Second, the risk of 

each bond changes as time passes because the time-to-maturity decreases. Third, unlike most 

equities, corporate bonds trade in fragmented and opaque over-the-counter (OTC) markets. Lee 

and Wang (2018) report a survey finding that 81% of investment grade bonds are traded by 

voice and Nagel (2016) report that only 5% of trading in corporate bonds takes place in all-to-

all limit order books. Fourth, corporate bonds offer relatively poor liquidity because many are 

not easy to trade since a lot of investors buy and hold them until maturity. Fifth, the nature of 

debt: unlike stocks, where investors may expect to earn outsized returns from companies that 

see their market capitalization growing significantly over time, the returns earned by bond 

investors lending to those same companies is not going to be as significantly impacted by the 

growing equity capitalization. A company growing in market capitalization may simply take 

advantage of this to grow its debt by issuing more bonds without any visible impact on the 

returns earned by current bond holders. In first approximation, bond investors earn the yields 

of the bonds they buy.  

 

The difficulty in collecting pricing data for bonds explains why databases detailing the 

history of prices for corporate bond markets were not available until recently. Currently, at least 

two datasets are available from investment banks with long traditions in bond trading: one from 

Bank of America Merrill Lynch (BofAML) and another from Barclays. These datasets are free 

of survivorship bias: whenever a company defaults, the returns of its bonds are based on their 

final traded price, reflecting the market’s expected recovery rate. The excess returns from each 
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corporate bond versus duration-matched Treasuries are provided. Market value, time to 

maturity, credit rating and credit spread are also provided. 

 

Leote de Carvalho et al. (2014) were the first to rely on the BofAML database to provide 

compelling empirical evidence at bond issue level of the efficacy of low-risk factors in 

forecasting the cross-sectional of corporate bond risk-adjusted returns. They gave empirical 

evidence that corporate bonds with lower duration-times-spread (DTS) not only have an ex-

post lower beta relative to the market capitalization-weighted benchmark index but also deliver 

higher risk-adjusted returns. Their results were observed independently for corporate bonds 

denominated in USD, EUR, GBP and JPY, in a study that also considered many other segments 

of fixed income. 

 

Exploring factors based on fundamental data is more difficult because it requires linking 

the pricing data of the individual bonds of a given issuer company to the fundamental 

characteristics of the company in a robust manner. The fact that a particular bond keeps its name 

through maturity even when its issuer company changes name, e.g. because of merger or 

acquisition, adds to the difficulty of creating such link, in particular since relying on CUSIP 

and tickers is not sufficient to produce good coverage and a reliable history. In spite of this, 

some recent papers have already looked at the efficacy of factors that use fundamental data in 

explaining the cross-section of expected corporate bonds returns.  

 

Israel et al. (2018) found that carry (option-adjusted spread (OAS)), defensive (lower 

leverage and higher profitability and lower duration), momentum (credit momentum and equity 

momentum of the bond issuer) and value factor styles (high spread relative to default risk) 

explain a significant portion of the cross-section of U.S. corporate bond expected returns, 

aggregating investment grade (IG) and high yield (HY) in one single universe. They kept only 

senior debt and only one bond per issuer, ignoring the issuer curve. They relied on BofAML 

and linked it to the Computsat fundamental company database. In order to assess the efficacy 

of factors, they borrowed ideas from equity factor research, e.g. Fama and French (1993), by 

relying on the significance of the average returns of monthly rebalanced zero-cost portfolios, 

long corporate bonds in the highest quintile of a given characteristic and short corporate bonds 

in the lowest quintile of the same characteristic. If a factor is predictive of the cross-sectional 

returns then the performance generated by the long-short portfolio should be positive and 

significant. They constructed the long-short portfolios using double sorts, on DTS first, to 

control for market exposure, and on the candidate factor. Finally, they showed that their results 

were robust to transaction costs and can be used to create investable portfolios. 

 

Houweling and Zundert (2017) also investigated how style factors explain the cross-

section of corporate bonds expected returns. Like Israel et al. (2018), they considered an 

approach based on zero-cost long-short portfolios, but they used deciles instead of quintiles. 

Unlike Israel et al. (2018), they did not control for market exposure, they used Barclays instead 

of BofAML, they kept all constituents of the Barclays indices, and they investigated U.S. IG 

and U.S. HY separately. They considered size (total market value of all bonds issue by a 

company), value (percentage difference between the actual credit spread and the fitted fair 

credit spread calculated from a cross-sectional regression on rating dummies, time to maturity, 

and the three-month spread change for each bond), low risk (shorter-dated and higher rated) 

and momentum (past-six-month return calculated with one-month implementation lag based on 

excess return versus duration-matched Treasuries). Their analysis did not include factors that 

require fundamental company data. For IG, they found that long-short portfolios formed using 

low risk and value factors delivered positive and statistically significant performances. They 
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did not find momentum and size effects in IG. For HY, performance of value and momentum 

was positive and highly significant and for low risk was positive and significant. Finally, like 

Israel et al. (2018), they also concluded their results were robust to transaction costs and could 

be used to create investable portfolios. 

 

In this paper we add to the literature in a number of ways. First, we consider separately 

the three largest universes in the BofAML database, U.S. IG, Euro IG and U.S. B-BB non-

Financial HY. Performing the analysis on three separate universes allows us to test for the 

robustness of the results while limiting data snooping. We also diversify significantly more than 

previous studies in terms of the number of factors used in each style. We consider 33 factors 

across the four styles - value, quality, low risk and momentum - with a number of those 

constructed with fundamental data from the Worldscope database and analyst forecasts of 

fundamental data from the IBES database. Factor diversification was defended in a recent 

equity factor study by Leote de Carvalho et al. (2017) as a means to reduce the risk of data 

snooping. We believe this is even more important in credit markets since the history of the bond 

price datasets is shorter than for equities. 

Second, we pay significantly more attention to the neutralization of unwanted risk 

exposures than Houweling and Zundert (2017) and Israel et al. (2018). In particular, we 

neutralize sector biases in factor data by de-meaning the factor data, a process common in equity 

factor studies that comprises subtracting the sector mean of the factor in the cross-section of a 

sector from all the bonds in that sector. It is puzzling to us that previous studies did not control 

for sector exposures. Value, quality and low risk factor data often comes with sector biases 

because of structural differences in sectors. But companies in different sectors have different 

exposures to macroeconomic shocks which impact returns independently of this factor data. 

Thus, neutralizing sectors should increase the efficacy of style factors since these cannot be 

expected to predict shocks to macro variables. This argument was put forward and illustrated 

by Leote de Carvalho et al. (2018) in their equity factor research. We also neutralize both 

duration and OAS as a means of reducing market exposure, showing that controlling for DTS 

is less efficient. Finally, we control for size exposures. Neutralizing size has been standard in 

equity factor research since the work of Fama and French (1993), who proposed neutralizing 

size exposures in their value factor. 

 

Third, we propose a new and simple approach to increase the efficacy of factors in 

predicting the cross-section of corporate bond returns by allowing for the efficient control of 

multiple risk variables such as duration, OAS and size. We call it the local scoring approach 

because it is based on calculating factor scores in a small sub-universe of bonds that have similar 

exposures to the control variables. This approach can be seen as an improvement over stratified 

sampling. While in stratified sampling the sub-universes are hard-defined and each includes a 

pre-defined number of bonds and bounds for the control variables, in the local scoring approach 

the sub-universe is bond specific and defined by making sure the bonds accepted in its peer 

sub-universe do not deviate too far from the values of the control variables. We demonstrate 

the increased efficacy of this approach relative to both stratified sampling and to the use of 

optimization for controlling exposures to risk variables. The use of the local scoring approach 

also makes it easy to include the entire issuer curve.  

 

This paper is organized as follows. We start with a discussion of data, which is one of 

the key challenges for credit factor investing. In particular, we discuss the question of linking 

fundamental data with bond price and bond characteristics. This is followed by a proposal and 

motivation of the choice of the factors we find pertinent for predicting the cross-section of 

corporate bond returns. We then describe the methodology used in our research, starting with 
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the filters that are applied to the database to remove bonds that cannot be compared with the 

majority of bonds available because of their different seniority or liquidity. We describe how 

to standardize factor data into scores that are comparable across factors, and how to purify 

factors, i.e. how to neutralize unwanted risk biases that may exist in the factor data, such as 

sectors, OAS, duration and size biases. We propose three approaches for neutralizing OAS, 

duration and size biases: i) stratified sampling, ii) a new simple approach we call local scoring 

that can be seen as an improvement over stratified sampling, and iii) optimization. We also 

discuss why it is important to control for such risk biases and why failing to do so may lead to 

disappointing results. The last section is a discussion of results. We compare the three 

approaches used to neutralize risk variables and find that the local scoring method is superior 

to the other two. We thus use this approach in the reminder of the paper. We find that relying 

on a diversifying set of factors adds significant value over using only a few selected factors. 

We also find that, on average, factors from the four factor styles play an important role in 

explaining the cross-section of corporate bonds expected returns with value and momentum 

factors exhibiting higher efficacy. Finally, we provide an example of how to transform factor 

scores into long-only portfolios that are capable of outperforming traditional benchmark 

indexes even when taking into account the typical high transaction costs for trading corporate 

bonds.  

 

DATA 

All specific data for bonds such as prices, duration, maturity, OAS and ratings were 

taken from the BofAML database. As in other studies, the returns of bonds were considered in 

excess of the government bond returns of similar duration taken directly from the BofAML 

database, reflecting only the credit component of each corporate bond and not their interest-rate 

component. The BofAML database offers extensive coverage of a complete range of individual 

bond issues across all liquid bond markets and is widely used by fixed income asset managers 

for benchmarking purposes and the calculation of portfolios’ net asset values.  

We used indices from ICE BofAML and relied on their history of index constituents. 

Factor performances were measured for three largest credit universes with bonds of comparable 

seniority: Merrill Lynch U.S. Investment Grade index (C0A0), Merrill Lynch Euro Investment 

Grade index (ER00) and Merrill Lynch U.S. BB-B non-financial High Yield index (H4NF). 

For U.S. High Yield, we excluded bonds from financial companies, since most of them are 

subordinate debt, and bonds rated CCC or lower, since the issuers are too close to default and 

thus their risk is highly idiosyncratic and dependent on recovery rates. For this reason, we used 

the Merrill Lynch index H4NF instead of H0A0. Due to the small number of issuers and issues 

in the Euro HY universe, we did not include it in our analysis. 

For the IG universes we used data starting in January 2000 whereas for the HY universe 

we chose January 2003 as the starting point due to the small number of issues and issuers in 

this universe prior to that date. We used monthly data and for all three universes the data runs 

through December 2017. 

Fundamental data for the company issuers was taken from Worldscope database and 

analysts’ forecasts of fundamental data was taken from the IBES database. Both databases were 

linked to the BofAML database to ensure the link of each bond to its obligor through time, 

which required carefully taking into account the impact of mergers and acquisitions throughout 

history. This was of key importance to ensure the correct assessment of the relevance of factors 

based on fundamental company data behind a given bond. A proprietary methodology for 

linking the different databases was used for this purpose. It required cross-referencing 
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information also in Bloomberg, FactSet and, in a number of cases, going back to the prospectus 

of the corporate bond. Size data was also taken from the Worldscope database. We used the 

sum of all interest bearing and capitalized lease obligations of an issuer, i.e. the sum of long 

and short-term debt.  

CREDIT FACTORS 

We classified the factors into four different factor styles: value, quality, low risk and 

momentum. Such factors are known to explain a significant portion of the cross-section of stock 

expected returns. Since the fundamental value of bonds and equities both depend on the value 

of the underlying assets of the firm (e.g. Merton (1974)) it makes sense to expect such factor 

styles to explain some of the cross-section of corporate bond expected returns, too. However, 

because there are important differences between stock and bond prices we chose factors that, at 

least in our view, are more likely to be pertinent for corporate bonds.  

One important difference between stocks and bonds is that while equity investors may 

earn significantly large returns from investing in stocks of companies that successfully grow 

their businesses, this kind of upside is generally not possible in the corporate bond market where 

many such companies will just increase the size of debt by issuing more bonds. As a first 

approximation, bond investors earn the yield of the bond for as long as the underlying company 

does not default. It is thus intuitive that corporate bond investors should focus on avoiding 

companies that may default. For this reason, we often use the size of the company’s debt in the 

factor definitions. 

Unlike the studies of Houweling and Zundert (2017) and Israel et al. (2018), we prefer 

to use more factors for each style even if they are capturing the same effect. Leote de Carvalho 

et al. (2017) showed that using more factors than less for each style, even when they are 

relatively similar, reduces the risk of data snooping and increases the overall efficacy of equity 

factor models. We believe the same should apply to the corporate bond market.   

The value style is about investing in cheap securities. We considered two types of value 

factors. The first favors bonds with a larger OAS relative to a fair value OAS obtained from a 

cross-sectional regression at a given date of the log (OAS) against the time to maturity of each 

bond, and the distance to default (D2D) of each company. D2D is estimated in the manner 

proposed by Chuan and Wang (2012) as the number of standard deviations the asset value is 

away from default. Bonds with an OAS larger than fair value OAS are more attractive as their 

OAS is expected to close the gap. The second type of value factor aims at identifying value 

traps, i.e. companies that may appear to be cheap based on traditional value measures such as 

book-to-price, cash-flow yield, earnings yield or sales yield, but are in fact cheap because they 

are closer to default. Avoiding the companies with the larger values of these ratios will likely 

exclude such companies. While for equity investors this may sound counter intuitive, remember 

that bond investors do not capture an upside: they just earn the yield for as long as there is no 

default. Thus, between two bonds with the same spread and duration, we prefer the bond of the 

company with a higher price being paid by equity investors for its book value, earnings or cash-

flow because equity investors are pricing a lower probability of default by showing confidence 

in the future of the company.  

For the quality style we also consider two types of indicators. The first measures the 

ability of a company to cover its debt with generated income. We prefer companies that generate 

higher cash-flow, free cash-flow, gross profit and EBITDA relative to the size of their debt. 

Similarly we prefer companies with higher EBITDA relative to their interest expenses. We also 

prefer bonds from companies with lower accruals (calculated by subtracting either operating 
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cash-flow or free cash-flow from net income) relative to assets. A second type of quality 

indicator avoids aggressive businesses. We avoid companies that are increasing either their 

expenditure or debt relative to their assets, or that have higher amounts of financing cash 

relative to their debt, or that are increasing their assets at the fastest pace. Factors based on cash-

flow were not used for financial companies as a large component of their businesses is generated 

by interest payments not taken into account in the cash-flow.  

 The low risk style is about earning higher risk-adjusted returns from lower risk 

companies. We use two types of risk measures. The first is related to the bond market. We 

prefer bonds of companies with lower leverage and with higher distance to default as defined 

by Duan and Wang (2012). The second is related to the risk of the company in the equity market. 

We prefer bonds from companies with lower beta and lower historical volatility of stock returns.  

 

For the momentum style, we use two types of momentum. The first is based on the 

performance of the company in the equity markets. Much like for stocks, we prefer bonds from 

companies that outperform their peers in the equity markets in the medium term (six to 12-

month horizon). But in the short term, we prefer bonds from companies that just 

underperformed, as it is the case for equities. Jensen information ratio is the average of the 

residuals of a regression of stock excess returns against market capitalization index excess 

Exhibit 1: list of credit factors classified into styles 

Factor 

style 
Description Factor 

Prefer 

high/low 

factor 

values 

Value 

Prefer cheaper firms Spread relative to distance to default high 

Avoid value traps 

Book to price low 

Cash-flow to price low 

Reported earnings to price low 

IBES earnings forecast to price low 

Sales to price low 

Quality 

Prefer firms capable 

of covering debt 

with generated 

income 

Cash-flow to debt high 

Free cash-flow to debt high 

Gross profit to debt high 

EBITDA to debt high 

EBITDA to interest expenses high 

Accruals (Op) to total assets low 

Accruals (Fr) to total assets low 

Avoid aggressive 

issuers 

Capital expenditures relative to total assets low 

Change of debt relative to total assets low 

Financing cash to debt low 

Annual percentage change in total assets low 

Low risk 

Prefer less indebted 

firms 

Leverage low 

Distance to default high 

Prefer less risky 

firms 

Stock beta (historical 3-year weekly returns) low 

Stock volatility  (historical 3-year weekly returns) low 

Momentum 

Prefer firms with 

stronger medium-

term equity 

momentum and 

weaker short-term 

equity momentum 

12 months – 1 month momentum high 

12 months – 1 month alpha high 

12 months – 1 month information ratio high 

12 months – 1 month Jensen information ratio high 

6 months – 1 month momentum high 

Momentum relative to the 52 weeks high high 

1 month reversal momentum low 

Prefer firms with 

stronger 

fundamental 

momentum 

6 months momentum in earnings revision high 

12 months momentum in earnings revision high 

Annual change in standardized IBES long term earnings growth forecast high 

Annual change in standardized earnings high 

Annual change in standardized free cash-flow high 
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returns divided by the volatility of those same residuals. The second type is fundamental 

momentum. We prefer bonds from companies with stronger earnings revisions momentum, a 

stronger annual change in long-term earnings growth forecasts standardized by the annual 

volatility of those same forecasts, a stronger annual change in earnings per share standardized 

by the volatility of the annual changes in earnings per share, and an annual change in free cash-

flow standardized by the volatility of the annual changes in free cash-flow.  

METHODOLOGY 

To test the efficacy of the credit factors in Exhibit 1 in predicting the cross-section of 

corporate bonds returns, we relied on monthly rebalanced long-short portfolio strategies where 

the portfolios are long the bonds with higher expected returns and short the bonds with lower 

expected returns. Positive and significant average returns for such portfolio strategies indicate 

that the factors do appear to have predictive power for the cross-section of returns. In the first 

step we shall not include transaction costs as we are simply interested in assessing the efficacy 

of the factors in forecasting returns. It is only at the end that we construct a more realistic long-

only strategy with turnover constraints and assess the impact of realistic transaction costs to 

investigate whether the results can be exploited from a practical point of view.    

Universe 

We first define the universe of bonds in which the strategy can invest. For that, we start 

with all bonds in the respective Merrill Lynch index at a given date and remove all non-senior 

debt because these bonds are not comparable to senior bonds. Then we remove low face value 

bonds for liquidity reasons and bonds with too long a time to maturity because there are too 

few of them. We also remove bonds from issuers for which we do not have information about 

the total size of their debt because many of the factors in Exhibit 1 use debt in their definition. 

Finally, we remove bonds that we consider to be outliers. We do so by comparing each bond to 

its issuer credit curve: if the OAS is too far from the curve then we remove the bond as this is 

likely due to liquidity issues, e.g. stale price of the bond, or a problem with the link between 

the bond and its issuer which may be wrong.  

The filtered universe for U.S. Investment Grade is composed of about 1,000 bonds from 

350 issuers at the start of the period and about 3,000 bonds from 700 issuers at the end of 2017. 

For Euro Investment Grade there are about 250 bonds from 150 issuers at the start of the period 

and about 1,000 bonds from 350 issuers at the end. The U.S. BB-B non-Financial High Yield 

universe includes about 200 bonds from 100 issuers at the start and 600 bonds from 300 issuers 

at the end.   

Factor scores 

For each corporate bond we calculate a cross-sectional score using a z-score 

transformation of a given factor 𝑓: 

𝑧𝑖 =
𝑓𝑖−〈𝑓𝑖〉

𝜎𝑓
                                                                                                                    (1) 

where, at a given date, the score 𝑧𝑖 is calculated from the cross-sectional values, 𝑓𝑖, their mean, 

〈𝑓𝑖〉, and their cross-sectional standard deviation 𝜎𝑓. The scores are standardized so that we can 

combine them when constructing multi-factor linear combinations. The scores are calculated 

so that bonds with higher scores have higher expected returns. 
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Neutralization of sector biases  

Bonds in the same sector are more likely to be impacted similarly by shocks from 

macroeconomic variables that are not related to the factors we are considering here. Controlling 

for sectors reduces the noise generated by those risk variables and leads to more robust testing 

of the efficacy of the credit style factors in Exhibit 1. Thus, we neutralize sector biases in factor 

data by de-meaning the factor data. This is done by subtracting the sector mean of the factor in 

the cross-section of a sector from all the bonds in that sector. 

Neutralization of OAS, duration and size biases  

It is possible that the long-short portfolios constructed from factors exhibit strong OAS 

and duration biases. These are well-known risk variables that also impact corporate bond returns. 

Thus, it is important to neutralize exposures to OAS and duration if we wish to assess the 

efficacy of the style factors beyond any duration or OAS biases they may create. That is why 

we also control explicitly for OAS and duration. Ben Dor et al. (2007) found that controlling 

for duration times spread (DTS) should be sufficient to control for market exposure from a risk 

point of view. We compare the efficacy of controlling just for DTS or controlling for both OAS 

and duration. We find that the latter is superior as a form of controlling for the impact of these 

risk variables. Finally, we also control for the size, which is a variable that could impact 

liquidity and thus returns.   

We considered three approaches that allow for the control of multiple variable biases. 

The first two are relatively simple: stratified sampling and local scoring. In these, the scores 

are calculated for sub-samples of the investment universe created in such way that only bonds 

with similar values of the control variables are kept in each sub-universe. By construction, the 

scores will necessarily show relatively small biases to the control variables. The latter, local 

scoring, is a new approach we propose as a generalization of stratified sampling to: i) render it 

more efficient in neutralizing the biases to the control variables; and ii) allow for the control of 

a larger number of variables. For both these two approaches, the weights of bonds in the long-

short portfolio are simply proportional to the scores. The proportionality constant is the same 

for all bonds and through time. The third approach is based on using optimization to neutralize 

biases by brute force. Here, the scores are calculated across the entire investment universe 

(global scores) and will keep biases to the control variables found in the factors. It is the 

optimizer that imposes the neutralization of the biases to the control variables in the step of 

portfolio construction. We compare the three approaches.  

Stratified sampling consists of partitioning the universe to form sub-universes using 

the variables to control and then applying the scoring methodology to each sub-universe 

independently. When there is only one variable to control, the approach often goes under the 

name of double sorts, where the universe is first ranked by the variable to control and partitioned 

into sub-universes and then ranked and scored by the factor in question. Biases such as OAS, 

duration or size can be controlled individually using this double sort approach. When more than 

one variable are controlled, the universe is ranked by all variables and then segmented into sub-

universes by defining break points for each variable. Unfortunately, as the number of variables 

to control increases, the size of the sub-universes decreases and can quickly become too small 

for statistical analysis. The scores are calculated from equation (1) and applied to each sub-

universe. We set the weight of each bond in the long-short portfolio equal to the bond score. 

Local scoring is an alternative approach we propose as an improvement over stratified 

sampling. In this approach, a different peer sub-universe is defined for each individual bond by 

keeping only bonds with values of the control variables sufficiently close to those of the bond 
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in question. This can be done by calculating the distance of a given bond to all other bonds in 

the universe and retaining in the peer sub-universe only other bonds for which the distance is 

sufficiently small. For the control variables 𝑣1, 𝑣2, … we can define the distance of a bond to 

other bonds by: 

𝑑 (𝑏, 𝑏′) =
|𝑣1

𝑏−𝑣1
𝑏′

|

𝑣1
𝑏 +

|𝑣2
𝑏−𝑣2

𝑏′
|

𝑣2
𝑏  + …          (2) 

Then, for each bond 𝑏 we select a pre-defined number or percentage of bonds in its 

vicinity, i.e. with the shortest distances. We can subsequently apply the calculation of the score 

following equation (1) to all bonds selected for the peer sub-universe and retain the score of the 

bond in question. The process is repeated for all bonds in the universe in order to calculate a 

score for each bond. This approach can be used to control for OAS, duration and size 

simultaneously. As with stratified sampling, we set the weight of each bond in the long-short 

portfolio to equal the bond score. 

Global scores and optimization can be used as an alternative approach to calculate the 

scores and construct the long-short portfolio while controlling for biases. Here, the scores are 

calculated from equation (1) applied to the entire investment universe. The scores are allowed 

to keep their OAS, duration and size biases. Then, the optimization program is asked to create 

the long-short portfolio by maximizing the product of each bond weight in the portfolio with 

its respective factor score 𝑧𝑖:  

𝑤𝑖 = argmax(∑ 𝑤𝑖𝑧𝑖𝑖 )          (3) 

under constraints ‖𝑤𝑖‖2
2 = 1. It can be shown that the solution to this optimization problem is 

a long-short portfolio where the weight of each bond is proportional to its score. OAS, duration 

and size can be controlled by adding additional constraints explicitly, namely: 

∑𝑤𝑖𝑂𝐴𝑆𝑖 = 0          (4) 

∑𝑤𝑖𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑖 = 0          (5) 

∑𝑤𝑖𝑆𝑖𝑧𝑒𝑖 = 0          (6) 

A long-only portfolio can also be constructed from this optimization program by 

changing the portfolio constraints. In the exercise we run at the end of next section, we use 

scores calculated from the local scoring approach in the optimization and impose the following 

criteria: a long-only constraint; that the portfolio is fully invested; that the portfolio’s weighted 

OAS, duration and size is within 5% difference of the OAS, the duration and the size of the 

equally-weighted investable universe, respectively; that the weight of any bond issue must be 

lower or equal to 1% and the weight of any issuer lower or equal to 3%; and finally, we include 

an aversion to turnover aimed at keeping annual turnover in the range of 70% to 100% one way, 

taking into account the natural turnover of each index which is not negligible. 

RESULTS 

We shall now discuss the results from historical simulations carried out for the three 

corporate bond universes: U.S. Investment Grade, Euro Investment Grade and U.S. BB-B non-

Financial High Yield. The first objective is to assess the efficacy of the credit factors in Exhibit 

1 in forecasting the cross-section of bonds returns in each of these universes by applying the 

different long-short portfolio strategies described in the methodology section. We first compare 



12 
 

the three approaches proposed in order to choose the one best adapted for the exercise. All 

information ratios presented in tables are based on the average annual alpha generated from the 

long-short portfolio strategies divided by the annualized volatility of the residual of the 

regression used to calculate the alpha. In this regression, we use the monthly returns generated 

in historical simulations by the portfolio strategies against the returns of the equally weighted 

universe. The returns used for each corporate bond to generate the results are all in excess of 

duration-matched Treasuries. 

Stratified sampling versus local scoring 

We started by comparing stratified sampling with the local scoring approach. Each of 

the approaches is run individually for each factor. For stratified sampling, we partitioned each 

variable into quintiles, forming 25 sub-portfolios of different OAS and duration levels. For the 

local scoring, we keep the nearest 2.5% of the total number of bonds that lie in the vicinity of 

each bond when applying the approach to the U.S. IG universe, and 5% for Euro IG and for 

U.S. BB-B non-Financial HY universe.  

In Exhibit 2, we show the average of the information ratio estimated for the 33 factors 

in Exhibit 1. We also show the average of the absolute beta of the long-short factor portfolios 

over time and over the 33 factors. We control for OAS and duration only, and not size, because 

the stratified sampling partitions would be too small to accommodate the three variables.  

Exhibit 2: Information ratio and beta averaged over all factors; 

sector, OAS and duration neutral 
  U.S. IG Euro IG U.S. HY* 

IR 
Stratified sampling 1.11 0.69 0.61 

Local scoring 1.24 0.86 0.71 

|Beta| 
Stratified sampling 0.12 0.17 0.05 

Local scoring 0.06 0.07 0.04 
*U.S. BB-B non-Financial HY 

The first important remark is that the average efficacy of the credit factors in Exhibit 1 

is strong, in particular for U.S IG, as demonstrated by the information ratios. The efficacy for 

the smaller universes Euro IG and U.S. HY is comparable, stronger for Euro IG when using the 

local scoring approach. The second remark is that the information ratios obtained from the local 

scoring approach are higher everywhere. Finally, controlling for OAS and duration is seen as a 

way of controlling for market exposure. We find that the absolute value of the beta is closer to 

zero when using the local scoring approach. All this, plus the limitations of the stratified 

sampling for many variables, plays in favor of the local scoring approach. 

In Exhibit 3 we compare the efficacy of stratified sampling against the local scoring 

approach in controlling for OAS. We plot the absolute OAS of the long-short factor portfolios 

averaged over all factor portfolios generated from the 33 factors, respectively, divided by the 

universe average OAS, at each date. The results are for U.S. IG. In Exhibit 4 we calculate the 

equivalent measure for duration. As shown, the local scoring performs much better at 

controlling for OAS than stratified sampling. On several occasions the average absolute OAS 

of the long-short factor portfolios deviates by more than 5% relative to the average OAS of the 

universe. When it comes to controlling for duration both approaches do well, producing an 

absolute duration of less than 2% of the average duration of the universe. Results for the other 

two universes are not shown but were comparable.  
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Optimization versus local scoring 

We focus now on the comparison of local scoring with the optimization approach 

described in the methodology section. Because of the flexibility of both approaches we can 

control for OAS, duration and size. The results are show in Exhibit 5. 

Exhibit 5: Information ratio and beta averaged over all factors;  

sector, OAS, duration and size neutral 
  U.S. IG Euro IG U.S. HY* 

IR 
Optimization 1.09 0.76 0.70 

Local scoring 1.27 0.92 0.71 

|Beta| 
Optimization 0.11 0.09 0.06 

Local scoring 0.07 0.07 0.04 
*U.S. BB-B non-Financial HY 

We first observe that the additional control of size on top of OAS and duration increases 

the information ratios derived from the local scoring when compared to Exhibit 2, even if only 

marginally. The second observation is that the information ratios for IG are significantly higher 

when applying local scoring than when relying on optimization. Finally, we find that the control 

of the risk variables leads to an absolute beta closer to zero when relying on local scoring.  

The key difference between the use of global scores in the optimization approach and 

the use of the local scoring approach is that, by construction, the local scores are more likely 
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than global scores to represent the entire universe. Indeed, the fact that we compare each bond 

only to bonds in its close vicinity should more likely lead to a larger dispersion of bond scores 

across the entire range of the control variables. Using global scores in optimization is more 

likely to meet constraints by brute force while not necessarily representing well the entire 

investment universe. The simplicity of the local scoring approach relative to the use of an 

optimizer and the superior results obtained from it motivate its choice for the remainder of this 

paper. 

DTS versus OAS and duration neutralization 

Before going any further, it is important to clarify whether market exposures are better 

neutralized by controlling for the DTS or explicitly by controlling for OAS and duration 

simultaneously. In Exhibit 6, we show the results of the local scoring approach implemented in 

these two ways. The results show higher information ratios for the simultaneous control of OAS 

and duration than by controlling only for DTS, i.e. assuming that from a risk point of view a 

bond with high duration and low OAS is comparable to a bond with low duration and high OAS 

provided that duration times OAS is the same. We also find that, on average for the factors 

considered, the absolute beta is slightly closer to zero when controlling for the two variables 

separately. For this reason, we shall continue to control for OAS and duration separately in the 

remainder of the paper. 

Exhibit 6: Information ratio and beta averaged over all factors,  

sector neutral 
  U.S. IG Euro IG U.S. HY* 

IR 
DTS neutral 0.95 0.77 0.52 

OAS and duration neutral 1.21 0.87 0.68 

|Beta| 
DTS neutral 0.10 0.12 0.04 

OAS and duration neutral 0.08 0.09 0.04 
*U.S. BB-B non-Financial HY 

Impact of neutralization of biases 

We now focus the importance of neutralizing each individual bias. We rely on the local 

scoring approach and first neutralize one bias at a time. The sector neutralization is achieved 

through de-meaning – as explained in the methodology section – while the other variables are 

controlled by comparing each bond to those in their vicinity only when calculating the factor 

scores. In Exhibit 7, we show the average information ratios arising from applying the 

methodology to each individual factor in Exhibit 1. 

Exhibit 7: Information ratio averaged over all factors 
 U.S. IG Euro IG U.S. HY* 

No neutralization 0.63 0.54 0.35 

Sector neutral 0.69 0.56 0.37 

Duration neutral 0.70 0.53 0.35 

OAS neutral 1.04 0.75 0.66 

Size neutral 0.63 0.61 0.38 
*U.S. BB-B non-Financial HY 

The results show that the neutralization of biases either improves or adds no value. 

Controlling for OAS brings the most benefit by increasing information ratios rather 

significantly in all universes. Controlling for sectors, duration or size brings occasional benefits.  
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In Exhibit 8 we plot the absolute OAS of the long-short portfolio strategy divided by 

the universe average OAS when no variable is controlled and when OAS is controlled. Results 

are for U.S. IG. In Exhibit 9 we plot the equivalent measures for the duration, when duration is 

controlled. What we find is that the factor data introduces significant OAS and durations biases 

if neutralization is not performed. We also find that the local scoring approach, despite its 

simplicity, does remarkably well at controlling the biases of these variables, which is reassuring. 

Results for the other two universes were comparable.  

Exhibit 10: Information ratio averaged over all factors 
 U.S. IG Euro IG U.S. HY* 

No Neutralization 0.63 0.54 0.35 

Sector neutral 0.69 0.56 0.37 

Sector, OAS neutral 1.10 0.81 0.70 

Sector, OAS, size neutral 1.14 0.88 0.75 

Sector, OAS, duration neutral 1.21 0.87 0.68 

Sector, OAS, duration, size neutral 1.27 0.92 0.71 
*U.S. BB-B non-Financial HY 

We now look at the incremental value of neutralizing each risk variable. In Exhibit 10, 

we show the average information ratio of all factors as we increase the number of control 

variables. More often than not, the information ratios increase as we go down the table. If we 

compare the last row with the first one in Exhibit 10, we find the information ratios almost 
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doubling in value. This is evidence that the neutralization of the biases significantly increases 

the average efficacy of the factors in Exhibit 1 in predicting the cross-section of bond returns. 

Multi factor portfolio  

So far, we have focused on the average efficacy of the factors in Exhibit 1. An important 

question is what the joint efficacy would be if we were to combine the factors to create a multi-

factor model? Here, the long-short portfolio is constructed from the average of the factor scores 

calculated for each bond using the local scoring approach applied to each individual factor.  

When calculating scores for a given bond, we first equally weight the factor scores 𝑧𝑖 from each 

factor in each factor style to produce a combined style score, and then we equally weight these 

aggregate style scores to form the final multi-factor score. We also consider the approach 

without neutralizing control variables and compare it to the approach where all risk variables 

are controlled. The results are show in Exhibit 11. 

Exhibit 11: Information ratio 
  U.S. IG Euro IG U.S. HY* 

No neutralization 
Average over the 33 factors 0.63 0.54 0.35 

Multi-factor (family weighted) 1.18 1.13 0.68 

Sector, OAS, duration and size neutral 
Average over the 33 factors 1.27 0.92 0.71 

Multi-factor (family weighted) 2.35 2.17 1.85 
*U.S. BB-B non-Financial HY 

The efficacy of the multi-factor model is rather high. It is remarkable that an exercise 

that was carried out by importing ideas from the equity markets, adapting them to the corporate 

markets using intuitive arguments, and imposing a sensible neutralization of risk variables leads 

to such significant results.  

Factor styles 

So far, we have looked at the average of efficacy from the 33 factors in Exhibit 1 and 

their efficacy when combined into a multi-factor model. One question not yet addressed is how 

the different factor styles contribute to the strong efficacy of the multi-factor model. In Exhibit 

12, we show the information ratios obtained by equally weighting each factor in each style 

while using the local scoring approach. The results show that all factor styles have predictive 

power with momentum being the strongest followed by value. Quality and low risk also show 

significant predictive power but smaller than for momentum and value. That means that all 

factor styles contribute positively to the robustness of a multi-factor model. 

Exhibit 12: Information ratio: 

sector, OAS, duration and size neutral 
 U.S. IG Euro IG U.S. HY* 

Value 2.11 1.77 1.48 

Quality 1.33 0.96 0.96 

Low Risk 1.74 1.34 0.99 

Momentum 2.37 2.14 1.57 

All 2.35 2.17 1.85 
*U.S. BB-B non-Financial HY 

From empirical evidence to practice 

After concluding that the factors in Exhibit 1 would have predicted the cross-section of 

corporate bond returns in the three universes investigated, the question now is how these factors 

could have been used to create realistic investment strategies that outperform benchmark 

indexes even when taking into account transaction costs. To answer this question, we run a 

simple exercise where constrained long-only fully invested portfolios are constructed every 
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month using the local scoring to form a multi-factor score as described in the previous section 

and an optimizer to construct the long-only portfolio and manage constraints as described in 

the methodology section. 

In Exhibit 13, we show the results from those simulations, gross and net of transaction 

costs. The transaction costs for trading each bond (bid-ask spread) are given by 0.05 × OAS × 

duration, with OAS floored at 0.2% and capped at 6%. For a 2-year duration and OAS equal to 

0.5%, the cost of one transaction is 0.05%. For a duration of 10 years and OAS equal to or 

larger than 6%, the cost of one transaction is 3%. 

Exhibit 13: performance and risk of long-only portfolio strategies built from factor scores 
 U.S. IG Euro IG U.S. HY* 

Portfolio Benchmark Portfolio Benchmark Portfolio Benchmark 

GROSS       

Annualized excess return over cash 6.01% 4.12% 3.50% 2.97% 7.73% 6.37% 

Sharpe Ratio 1.06 0.77 1.10 0.88 0.98 0.80 

Alpha 1.88%  0.86%  1.59%  

Information ratio 1.03  0.80  0.93  

NET       

Annualized excess return over cash 5.52% 3.95% 3.24% 2.85% 6.71% 5.79% 

Sharpe Ratio 0.97 0.74 1.02 0.85 0.86 0.73 

Alpha 1.56%  0.71%  1.14%  

Information ratio 0.86  0.66  0.66  

Beta 1.00 1.00 0.89 1.00 0.96 1.00 

Volatility 5.69% 5.36% 3.17% 3.35% 7.83% 7.90% 

Tracking error 1.82%  1.07%  1.73%  

Turnover (one way) 73% 29% 73% 33% 107% 56% 
*U.S. BB-B non-Financial HY 

The results in Exhibit 13 show that, with a relatively simple optimization algorithm used 

to build a monthly rebalanced long-only portfolio from factor scores and imposing a sensible 

control of turnover, we can create a strategy capable of outperforming the market capitalization 

weighted benchmark indexes, even when taking into account realistic measures of transaction 

costs. This demonstrates that it should be possible to rely on the factors’ efficacy in predicting 

the cross-section of corporate bond returns to construct implementable investment strategies 

designed to outperform market capitalization indexes.  

CONCLUSIONS 

In this paper, we proposed a list of 33 factors from value, quality, low risk and 

momentum styles and showed that they play an important role in explaining the cross-section 

of future corporate bonds. We find that diversifying the number of factors used in each factor 

style increases their efficacy and reduces the risk of data snooping. To our knowledge, we are 

the first to give such strong evidence for such a large number of factors and for three different 

universes: U.S. IG, Euro IG and U.S. BB-B non-Financial HY.  

We propose a new and simple approach – ‘local scoring’ – to standardize factors so that 

biases for multiple risk variables can be efficiently neutralized. This approach is based on 

calculating the score for each bond by taking into account only other bonds with values of the 

control variable that are sufficiently close to that of the bond in question. We show that two 

alternative approaches, stratified sampling and optimization, deliver inferior results to those 

from local scoring when used as means to neutralize biases. 

Furthermore, we emphasize the importance of controlling for risk variables that are 

known also to play a role in explaining corporate bond returns as a means to increase the 

efficacy of the factor models. In particular, we propose that sectors, OAS, duration and size 
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exposures are neutralized and demonstrate the superiority of the results when style factors are 

purified in this way.  

Finally, we show that our results are robust to realistic transaction costs and can be used 

to construct strategies designed to outperform traditional benchmark indexes. 
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