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Abstract

The concept of factor investing and the debate around
passive and active management has emerged since the end
of the 2000s and has completely changed the landscape of
equity investing. Today, institutional investors structure
their strategic equity allocations essentially around risk
factors. Size, value, low beta, momentum and quality are
among the most popular factors in use. The factor-investing
approach has recently been extended to multi-asset portfolio
management and it is known as the Alternative Risk Premia
(ARP) model. This model recognizes that the construction of
large diversified portfolios cannot be reduced to an allocation
policy between asset classes alone, between stocks, bonds
and other investments. Indeed, diversification is multifaceted
and must also take into account alternative risk factors.

More recently, research efforts are being made in the field
of fixed income, in particular in the corporate bond space.
The industry is still digesting the knowledge on the risk
factors that are prevalent for this asset class, which go
beyond the generally accepted notion that corporate bond
prices are sensitive to credit spreads. The relevance of new
risk factors that are being found is still being debated. It is
not clear as it stands whether the factors may be viewed
as a reformulation of traditional bond risk, or whether they
represent genuine risk sources. The tests that have been
carried out to date mainly based on decile analysis do not
allow us to make this assessment.

In this paper we analyze and amend specifications for new
alternative factors in the corporate investment grade bond
market when deemed necessary and we integrate them with
traditional factors in a multi-factor framework. We apply
this multi-factor framework to both the cross-section and
time-series angle so as to have a comprehensive view of how
our alternative factors complement our traditional factors.

In addition to being the starting point of massive quantitative
easing pro- grams, we find that 2009 marks the start of a
new environment in the corporate investment grade bond
market. We identify that new alternative factors are nec-
essary to augment traditional factors’ explanatory power.
While the traditional duration-times-spread factor remains
a mainstay, value with our specifications is the factor
which improves the most in terms of significance for active
managers who need to pick the most significant factors.
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While the traditional duration-times-spread factor remains
a mainstay, value with our specifications is the factor
which improves the most in terms of significance for active
managers who need to pick the most significant factors.

We test our statistical findings in a real fund management
setting. In the case of corporate investment grade bonds,
alternative factors can be detected on an aggregate
portfolio level, less so for individual bonds. Once traditional
risk factors are neutralized in an invested portfolio with
respect to the market averages, a tilt towards a particular
factor can diverge the performance away from the average
market trend and actually produce significant superior
returns. This approach can be used in an enhanced index
environment.

That said, the management of corporate bond portfolios is
de facto complex and multifaceted: in order to be effectively
in control of all risks that play, both traditional and
alternative bond factors must be proactively managed in a
concerted way. The complexity of this task is not commented
on very much in the portfolio management literature. In
this paper, we discuss a bond-factor investment strategy
that does this; it takes into account the habitual risks
that play on the corporate bond markets and focuses on
factor-related performance opportunity within that. We
consider our bond-factor investment strategy to be the first
of its kind.

Keywords: Factor investing, corporate bond, credit risk
premium, duration, spread, liquidity, size, value, momentum

JEL classification: G11, G12.
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Key findings

We define a traditional bond risk factor model with duration times spread, duration
and liquidity.

We define new alternative factors for value, momentum and we test low risk and size.

Our specification for momentum which considers adjustment by duration does not
display a reversal feature.

We observe a change in the market conditions in the euro corporate investment grade
bond space in our analysis period which runs from 2003 to 2018. We have a first period
between 2003 and 2008 and a second between 2009 and 2018.

In the first period from 2003 to 2008, the market is better explained with the set of
traditional factors than with CAPM alone.

In this first period, the addition of new alternative factors increases explana- tory
power but comes with increased collinearity. We retain value, momentum and size as
new alternative factors.

In the second period from 2009 to 2018, traditional factors in a multi-factor framework
need to be augmented by alternative factors to keep the multi-factor framework
relevant against CAPM alone.

Corporate investment grade bonds require additional research for statistically significant
factor investing. DTS remains the outstanding bond factor. How- ever investors can
function in a more active management environment with lower factor intensity.

Our definition of value and momentum are relevant in a factor picking frame- work.

If we have to select three factor time-series to explain the euro investment grade bond
market, we choose DTS, value and momentum in this order.

Both value and momentum alternative factors display desirable properties for investors
in a DTS-matched portfolio construction and in a rule-based active management
framework.

In our innovative multi-factor rule-based active management portfolio con- struction,
value and momentum display complementary pay-offs.

We replicate our analysis of EUR-denominated corporate investment grade on a USD-
denominated universe. We identify that in the USD universe, value was already a
significant factor for active managers in the 2003-2008 period and remains significant
in the 2009-2018 period. Factors in the USD universe carry higher collinearity between
themselves than in the EUR universe. We confirm that our implementations in a DTS
matched enhanced index and in a rule-based active management are relevant in the
USD-denominated universe.



Table of contents

Abstract
About the authors
Key findings

I. Introduction

1. Literature review and traditional risk factor model
2.1. Literature Review: traditional and alternative factors
2.2.Specifications of a traditional factor model
2.3. Traditional model estimation
2.4. Lessons from our traditional risk factor model

Ill. Alternative corporate bond factors and multi-factor framework

3.1. Alternative corporate bond factors
3.1.1. Low risk
3.1.2. Momentum
3.1.3. Size
3.1.4. Value

3.2. Navigating in a multi-factor framework
3.2.1. Traditional and alternative: how to make sense of the puzzle
3.2.2. Picking within traditional and alternative factors

IV. Implementing our alternative factors

4.1. Using our alternative factors in an enhanced low risk approach
4.1.1. Enhanced index design
4.1.2. Results

4.2. Combining our alternative factors in a rule-based active
management approach
4.2.1. Rule-based active management design
4.2.2. Combining payoffs
4.2.3. Results

V. Conclusion
A Mathematical results
B Additional results for EUR-denominated bonds

C Results for USD-denominated bonds

ul

11

12
12
16
17
19

21

21
21
22
27
27

31
31

37

37
38
41

42
42
49
49

52

58

60

64






1 Introduction

Perceptions of equity and bond risk have not evolved in the same way in the investment profession.
Equity risk is basically defined with respect to the Capital Asset Pricing Model (CAPM) (Sharpe,
1964), which breaks-down price variance into a systematic market component plus asset-specific
residual components. Since the 1990s, it has become popular to add other systematic risk factors
(Fama and French, 1992). In this framework the systematic risk of a stock is measured by means of
betas, that is the market or CAPM beta plus alternative betas (for size, value, etc.). This way of
measuring risk is widely adopted by portfolio managers and investors, and has become the backbone
of equity investment theory. In particular, it structures the distinction that is habitually made
between active and passive management.

For bonds the CAPM is not a standard reference. A ‘bond beta’ is not an established concept
among practitioners, and the framework of risk factor models a la Fama-French has only recently
been adopted. Houweling and van Zundert’s (2014) publication marks a turning point, as it offers
“empirical evidence that size, low-risk, value, and momentum factor portfolios generate economically
meaningful and statistically significant alphas in the corporate bond market”. This research result
has opened the door to seriously considering the factor-investing approach for corporate bond invest-
ments. Other studies followed suit, confirming that the new risk factors indeed explain part of the
cross-section over bond returns (Bektic et al., 2016 and Israel et al., 2018).

The findings are not fully conclusive though; they differ from one region to another (Bektic et al.,
2016) and from one portfolio to another (Bektic et al., 2017). Martellini and Milhau (2015) question
whether factor investing will become a truly new investment paradigm and include corporate bonds
in their study. The stakes are high. If factor investing eventually fails for corporate bonds, the
Alternative Risk Premia Model will stay put with it. The idea this model espouses, namely to
manage large multi-asset mandates in a neat interconnected factor framework, will stay in limbo
given that all-but-one of the asset classes can be managed in a singular setup while one stays put
in a traditional framework. There seems to be a standoff going on between the ‘old school’ of bond
management and a newly emerging school. We try to see whether there is a way to reconcile the two
worlds and make the best of both.

Settling the debate on what factors drive corporate bond prices is not trivial because, for one
thing of the conditions in which bonds are managed. Bond databases are less comprehensive than
equity databases and more difficult to constitute, as most bonds are traded on over-the-counter
(OTC) markets. The use of both market and fundamental data is less common in the bond sector.
This is because buy-and-hold strategies largely dominate rebalancing and trading strategies in terms
of management style. Moreover, liquidity is a major problem when it comes to implementing a
bond strategy. For that matter, one must be careful to distinguish between the empirical back-tests,
when explaining the cross-section of corporate bond returns, and the actual implementation, whilst
designing an actual bond investment strategy.

The paper is organized as follows. In section 2, we review the bond literature, covering both
traditional and alternative factors. We specify a first bond risk-factor model which we restrict to
traditional factors so as to have a reference point for understanding and analyzing alternative factors.
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We use this model to grasp the attractiveness (before 2008) and limitations of this traditional factor
approach (after 2008). In section 3 we test the new alternative factors that we have identified in our
literature review. When deemed necessary we amend their specification. Once we have assembled
traditional and alternative factors, we make sense of the factor puzzle in a multi-factor framework.
We use both cross-section and time-series analyses. Later, in section 4 we provide implementation
examples for new alternative factors both in a tilted enhanced index framework and in a rule-based
active management environment. We then conclude and provide mathematical results and USD-
denominated corporate investment grade bond results.

2 Literature review and traditional risk factor model

2.1 Literature Review: traditional and alternative factors

Unlike for equities, there is no obvious consensus among investors on how to evaluate bond risk.
To understand why this is so, it is worthwhile taking a step back and looking at how the notion of
investment risk has evolved over time. Since Markowitz’ (1952) Modern Portfolio Theory investment
risk is generally defined by asset price variance. In an efficient market, trade prices convey all
information that is relevant for an investor and thus price return variance effectively reflects risk,
according to the theory. The Capital Asset Pricing Model of Sharpe (1964) introduces a breakdown
of the variance into a systematic market component and a residual asset-specific component. Even
though it is not clearly stated in the literature, the assets the model refers to are, above all, equity
shares. This is particularly evident in earlier studies (Black et al., 1972; Fama and MacBeth, 1976)
that focus on NYSE stocks.

Bond risk modelling starts to receive serious attention in financial literature much later. Nelson
and Siegel (1987) and Litterman and Scheinkman (1991) are seminal works on modelling sovereign
bond risk:

“Market participants have long recognised the importance of identifying the common
factors that affect the returns on U.S. government bonds and related securities. To
explain the variation in these returns, it is critical to distinguish the systematic risks
that have a general impact on the returns of most securities from the specific risks that
influence securities individually and hence a negligible effect on a diversified portfolio”
(Litterman and Scheinkman, 1991, page 54).

Both articles contend that most of the variation in sovereign bond returns is explained by three
factors called the level, the steepness and the curvature'. These factors have since become the
standard reference among bond practitioners for defining sovereign bond risk.

In the same period Fama and French (1992, 1993) introduce the concept of style factors for
equities, proposing a three-factor model that consists of a market factor, a size style factor and

!Diebold and Li (2006) make evident that the two models specify essentially the same three factors, the former by
means of an analytical model and the latter via a statistical approach. The factors are also called shift or translation,
rotation, and twist or butterfly.
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a value style factor. It seems to be forgotten that, whilst the 1992-paper is exclusively dedicated
to stocks, the 1993-paper deals with both stocks and bonds. Interestingly, two bond factors are
put forward in this paper called TERM and DEF, standing for term structure and default risk
respectively. The first factor is specified by the difference in long-term and short-term government
bond returns, i.e. the one-month treasury bill rate, and is thus close to the steepness factor. The
second factor is specified by the spread of corporate bonds with respect to sovereign bonds, thereby
capturing default or credit risk.

It is worth noting that the two bond factors of Fama and French (1993) originated from the
macro-financial model of Chen et al. (1986), which includes an expected and an unexpected inflation
factor, plus a factor for industrial output growth as well. Fama and French explain both stock
and bond returns using a five-factor model consisting of the three equity and the two bond factors.
They conclude that “except for low-grade corporates, the bond market factors capture the common
variation in bond returns”. The diverging approaches between the latter two may explain why
bond risk premia are being analyzed so differently depending on whether they concern sovereigns
or corporate bonds. As to sovereigns the literature has focused on the risk factors underlying the
yield curve and on the information embedded in forward rates (Fama and Bliss, 1987; Cochrane and
Piazzesi, 2005).

As to research on corporate bonds, progress has been sluggish and has produced relatively little
compared to the extensive literature on stocks. Exceptions are the works of Houweling et al. (2005)
and of Gebhardt et al. (2005a, 2005b), who build bond risk models using the DEF and TERM
factors. In fact, during the 2000s research on corporate bonds has mainly focused on the problems of
market liquidity. That said, the string of literature this has produced remains scattered as well and
is lacking consensus. Longstaff et al. (2005) find that “the majority of the corporate spread is due to
the default risk”, while to them the non-default component is related to bond market liquidity. Their
conclusion contrasts with a previous result obtained by Huang and Huang (2012) —a paper published
in 2012, but written in 2003— who found that the liquidity component explains more than half of
the corporate bond spread. Other academic studies followed (Chen et al., 2007; Bao et al., 2011,
de Jong and Driessen, 2012), confirming that liquidity is a supplementary systematic risk factor for
explaining corporate bond returns over the cross-section.

Rather than studying price impact, Konstantinovsky et al. (2016) take a practical approach to
the question of market liquidity, and develop a system that captures the costs involved in trading
corporate bonds. They build so-called liquidity cost scores that are based on bid-ask spread quotes.
Bonds for which such quotes are not available or not reliable, are scored in a different manner making
use of the characteristics of the bond indentures. The older a debt obligation, the higher the cost
score typically, or on the same token, the longer the time-to-maturity or the smaller the debt issue,
the higher the score. Inspired by this work Ben Slimane and de Jong (2017) develop a scoring model
that fully relies on bond characteristics.

The research of Houweling and van Zundert (2014) marks a veritable turning point in the realm
of bond risk modelling, for it forces one to think about the Fama-French-Carhart philosophy for
corporate bonds. In the article the authors explore the performance of bond portfolios ranked by
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four style factors, namely by size, low risk, value and momentum. They compare long-only portfolios
with respect to the market index, and look at long-short factor portfolios as well. They also combine
the four style factors into a long-only multi-factor portfolio, and conclude that “single-factor and
multi-factor corporate bond portfolios generate economically meaningful and statistically significant
alphas”.

This ground-breaking study has been followed by other research papers that test similar factors.
Bektic et al. (2016) explore four risk factors that were put forward quite recently by Fama and
French (2015), namely size, value, profitability and investment. Unlike Houweling and van Zundert
(2014), their risk factors are equity-oriented, in the sense that factor portfolios are built by sorting
bonds on pure equity-related scores. For instance, their size score corresponds to the equity market
capitalization and not to the issuer’s outstanding debt. They motivate this choice by referring to the
structural credit model of Merton (1974), which links the credit risk of a firm to its capital structure.
In this model the price of a bond is directly related to the price of the corresponding equity share.

Bektic et al. (2016) provide empirical evidence that an equally-weighted multi-factor portfolio
outperforms its corresponding corporate bond benchmark, although they note that “while all factors
exhibit economically and statistically significant excess returns in the U.S. high yield market, we
find mixed evidence for U.S. and European investment grade markets”. The evidence appears to
be stronger for the size, value, momentum and low beta factors (Bektic et al., 2017). The authors
find the risk factors to have more explanatory power for the US high yield market than for the US
investment grade market. An explanation for this could be the more equity-like features of high-yield
bonds.

Israel et al. (2018) write a paper in the same field, testing new factors on bonds by which
both equity and bond data are being used. They define a carry factor on bond data, namely on
option-adjusted spreads (OAS). Their value risk factor is a mix of two scores’, more precisely, they
are the residuals of a cross-sectional regression of the OAS onto two sets of exogenous variables.
Their momentum risk factor mixes the six-month trailing bond return momentum and the six-month
trailing equity return momentum. And they develop a defensive’ risk factor by combining three
scores: leverage, duration and profitability. When testing these factors onto US corporate bonds,
they found that value, momentum and the defensive factor exhibit a significant positive risk premium,
yet not the carry factor.

Table 1 summarizes the new alternative risk factors that have been put forward in the four re-
searches and indicates the databases on which they have been tested. In all we note that data broadly
cover US corporate bonds, and that the focus is on four main risk factors: low risk, momentum, size
and value.

In the four articles presenting the new bond factors, it is not questioned whether the factors
represent new risk sources that are complementary to traditional bond risks, or whether they are

2For the first regression, the exogenous variables are the duration, rating and the volatility of excess bond returns
over the interest-rate return. For the second regression, the exogenous variable is the implied default probability
calculated by means of a structural credit model.

3Ng and Phelps (2015) point out that the defensive factor and to a certain extent the carry factor may be considered
as two versions of the low-risk factor.
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redundant. This omission leaves people bewildered, and enflames the debate that we see ongoing
between traditional bond managers — the old school — and self-declared 'modern’ or ’smart’ fund
managers — the new school. To answer this question, we will proceed to the specification of a
traditional risk factor model which will be our reference point for understanding the new alternative
factors.

2.2 Specifications of a traditional factor model

The value of a corporate bond is being established at the confluence of three market environments:
the macroeconomic environment, the business environment and the bond trading conditions. As to
the first, interest rates move depending on the state of the economy. If interest rates rise, yields
on outstanding bonds decline relative to new bond issues that will consequently be paying higher
coupons. This is referred to as duration risk. Second, corporate bonds are part of the business
environment. The capacity of the issuing firm to be successful and to be able to honor its debt
obligations is another determinant of prices. This is referred to as credit risk. Third, the functioning
of the bond market itself plays a role. For corporate bonds in particular, difficulty trading has a
considerable impact on the value of a bond. This is liquidity risk.

We combine the three sources of risk into one regression model”:
Ri (t) = a(t) —MD; (t) - R" (t) — DTS; (t) - R® (t) + LTP; (t) - R* (t) 4 u; (t) (1)

where R; (t) is the total return of Bond ¢ at time ¢, a(t) is a constant, MD, (¢) is the modified
duration, DTS; (¢) is the duration-times-spread, LTP; (¢) is the liquidity-time-price and w; (¢) is the
residual. R! (), R® (t) and R* (t) are the return components due to interest rate movements, credit
spread variation and liquidity dynamics. They do not depend on the characteristics of the bond, but
they vary over time. Then, it follows that MD; (¢), DTS; (¢) and LTP; () are the sensitivity of Bond
i with respect to the three risk factors R’ (¢), R (t) and RE (¢).

Let us analyze the rationale of each term in Equation (1). The impact of an interest rate movement
on the bond return is equal to minus the duration times the interest rate variation in the first-order
approximation. By regressing bond returns over the cross-section of modified durations, we can then
estimate the implied return component R’ (¢) priced by the corporate bond market as a whole. The
time series of R’ (t) gives information on the duration risk factor.

We proceed likewise for the credit factor. The return due to an option-adjusted spread (OAS)
is equal to minus the duration times the spread variation. By multiplying and respectively dividing
the two terms by the spread level, the credit component becomes minus the DTS times the relative
variation of the spread (Ben Dor et al., 2007). This parametrization is justified by the observation
that relative variations of credit spread adapt better to the Gaussian distribution than absolute
variations of credit spread (Roncalli, 2013). Therefore, the DTS specification is better suited in a
linear regression model.

4This linear model is developed in Appendix A in Page 58.
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The third factor is related to the liquidity risk. However, as shown in Appendix A, liquidity risk is
multi-faceted, implying that it is difficult to estimate. Here, we proxy bid-ask spreads by the liquidity
score built by Ben Slimane and de Jong (2017). This measure is based on the characteristics of the
bond indentures. The older a debt obligation, the wider the spread typically, or by the same token,
the longer the time-to-maturity, the wider the spread. A total of seventeen characteristics have been
identified and assembled by Ben Slimane and de Jong (2017), who found that these liquidity scores
are highly correlated to bid-ask spreads. Therefore, we use the liquidity score times the bond price,
denoted LTP, as a proxy of the illiquidity cost. Contrary to bid-ask spreads, this measure has the
advantage of being calculated at each date. We can then estimate the implied liquidity return priced
by the corporate bond market.

Compared to the standard practice, this is a parsimonious model with only three risk factors.
We could specify interest rate movements by a set of two or three factors capturing translation,
rotation and twist risks. In case where several currency zones are involved and thus several interest
rate curves, the number of factors multiplies accordingly. By specifying a single factor as we do,
we limit the eligibility of our model to a single currency zone, and we reduce yield movements to
vertical shifts. This is admittedly very schematic. Practitioners usually specify credit risk by multiple
factors, one per economic sector or one per credit rating. The single factor we define is set to give a
global account of how the risk of credit events — rating migration, default and correlation shocks —
is priced over time. In our model this factor is represented by a normalized credit spread curve that
can shift up or down. The liquidity factor is set to capture the divergence in price behavior between
relatively liquid and illiquid bonds. This factor is less frequently integrated into bond risk models
in practice, probably because of the difficulties in acquiring the data for doing so. In all, the model
is a parsimonious way of specifying conventional bond risks, which leaves the maximum space for
introducing alternative risk factors.

2.3 Traditional model estimation

Following Fama and MacBeth (1973), the model is estimated by cross-sectional regression since the
factor loadings are specified. This is the standard approach to estimate the risk premium of risk
factors. This method is particularly suited for bond data, since it circumvents the condition of
stationarity that is required for considering time-series regression. This condition does not hold for
bonds in principle because the risk profile fades in time. The model is estimated on a set of bonds
that are denominated in one and the same currency. We have opted for the euro in this article, and
report in the appendix that the tests run on dollar-denominated bonds lead to very similar estimation
results.

The database we use is constituted by selecting all bonds denominated in euros from the Inter-
continental Exchange Bank of America Merrill Lynch (ICE BofAML) Large Cap (Investment Grade)
Corporate Bond Index on a monthly basis from November 2003 through to November 2018. We use
the individual bond returns, modified durations, credit spreads, yields-to-maturity and the sector
classification as provided by the data vendor’, and we calculate liquidity scores using the methodol-

5Source ICE Data Indices, LLC ("ICE DATA”), is used with permission. ICE DATA, its affiliates and their
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ogy developed by Ben Slimane and de Jong (2017). These scores are built on the data underlying
the Bloomberg Barclays Multiverse Bond Index in combination with bid-ask spread quotes retrieved
from Bloomberg.

We make use of the returns in excess of the government-bond returns of similar duration, thus
only reflecting the credit component of the corporate bonds, not the interest-rate component. We
do this to be in line with the studies that we review which are carried out on the excess returns
as well. And more importantly we want to concentrate on the credit component in the investment
strategy that we build. As we explain in section 4, we will hedge out the interest-rate, or duration
component by means of a derivatives overlay. Further references to excess return or credit excess
return in this study will be referring to this credit component of return, not to be confused with the
also widespread notion of excess return over a benchmark return.

Figure 1: Constituents of the euro corporate bond index
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To give an idea of the universe’s size, the database contains 6 008 distinct bonds issued by a total

respective third-party suppliers disclaim any and all warranties and representations, express and/or implied, including
any warranties of merchantability or fitness for a particular purpose or use, including the indices, index data and any
data included in, related to, or derived therefrom. Neither ICE DATA, its affiliates nor their respective third-party
suppliers shall be subject to any damages or liability with respect to the adequacy, accuracy, timeliness or completeness
of the indices or the index data or any component thereof, and the indices and index data and all components thereof
are provided on an “as is” basis and your use is at your own risk. ICE DATA, its affiliates and their respective
third-party suppliers do not sponsor, endorse, or recommend AMUNDI, or any of its products or services.
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of 1 096 issuers. In Figure |, the number of bonds and their issuers in the (euro) index are displayed
over time. It shows that the composition has expanded by a factor three over the last fifteen years.
The same figure shows the ratio of bonds per issuer. Note that this ratio has increased gradually
over time and has stabilized after 2010, as can be seen, hinting at a maturing of the bond market
since that date. At the same time, we have also constituted a database of bonds denominated in US
dollars, selecting from the same global market index, and we have repeated all the same analysis on
that data. In the Appendix C on Page (64, the main test results that we present are provided for
USD-denominated corporate bonds.

2.4 Lessons from our traditional risk factor model

The risk factor returns R’ (t), R¥ (t), R” (t) have been extracted from the known factor loadings and
the credit excess returns from the ICE BofAML Large Cap Investment Grade Corporate Bond Index
components, namely with Equation(1).

Figure 2: Evolution of EUR treasury yields and credit spreads
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We are interested to illustrate the explanatory power of this traditional model. We split the
analysis period into two periods: 2003 to 2008 and 2009 to 2018. Figure 2 shows the evolution
of treasury yields and credit spreads. Interest rates on government bonds have been at all-time
lows following the 2008 financial crisis leading the OAS component to have a more important place
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in terms of explaining a corporate bond yield. The ratio treasury yield to OAS points out this
magnitude.

As we are motivated by a description of the market environment for factor investing, we use a
similar methodology as developed by Bennani et al. (2018b) on the analysis of ESG as an exogenous
factor within a global equity universe. We start by analyzing the traditional risk factor model against
a simple bond market risk premium which we assimilate to CAPM. The risk factor returns R’ (),
RS (t), RL (t) have been re-injected in the traditional regression model.

The regression models are:

CAPM: R; (t) =
TRAD: R; (1) =

o + BT RYET (1) + € (1) (2)
of = B"PRI(t) = BPTIRT(8) + BTURY () + €] (1) (3)

where R; (t) is the excess return of Bond i at time ¢, af and ol are constants, RMET () is the market
excess return and ¢ () and €7 (¢) are the residuals.

Table 2: Comparison of CAPM and the traditional factors

Average Hit — ratio (%
2003-2008 R%%ﬁ VIF MKT 7 DTS Duration Liquidity
CAPM 48.51 81.8
TRAD 56.74  3.93 64.8  19.81 44.83
Average Hit — ratio (%
2009-2018 R2(%§ VIF MKT 7 DTS Duration Liquidity
CAPM 59.35 94.11
TRAD 52.58  3.61 72.58  21.84 24.62

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

The R?, the variance inflation factor (VIF), which measures the multi-collinearity of the exogenous
variables (O’Brien, 2007) and the hit-ratio, which quantifies the percentage of statistical significance
at 95% confidence level of a given independent variable, are calculated as we first want to understand
if the traditional factor setting makes sense. Through both periods — as displayed in Table 2 — we
confirm that with hit-ratios over 50%, DTS is an outstanding risk factor and the VIF level indicates a
low collinearity between factors of the traditional model. Most importantly, we observe that during
the first period between 2003 and 2008, the R? of the traditional factor model is superior to the
simpler CAPM. However after 2008, the traditional factor model carries less explanatory power than
the simpler CAPM. This surprising result points our attention towards what we should expect from
the addition of alternative factors: we want to augment the factor approach’s explanatory power
while controlling for redundancies.
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3 Alternative corporate bond factors and multi-factor frame-
work

3.1 Alternative corporate bond factors

Inspired by the recent articles on bond factor investing, we focus on four alternative risk factors in
this study: low risk, momentum, size and value. Compared to the list of style factors that prevail in
the equity space, we are missing out on the quality factor. We are aware that it is not straightforward
to define such factor for corporate bonds. Quality is associated with a high profitability and low
leverage, and, since quality firms are low-debt companies a priori, they mechanically represent a small
portion of outstanding corporate debt. In itself it can make sense to tilt a bond portfolio towards
a quality pattern, as evidenced by de Jong and Wu (2014) as well as de Jong and Stagnol (2016).
However, the construction of an investible quality portfolio is not trivial and preliminary test results
seem unconvincing (Belmiloud, 2016).

In this section we start with the same test setup as in the four previously mentioned studies,
thus running percentile tests factor by factor. At the end of each month, bonds are ranked according
to style scores, equally-weighted percentile portfolios are built, and the performance over the next
month is calculated. The systematic monthly rebalancing and the equal-weighting regime that we
replicate would be difficult to put in practice, we reckon, however the objective here is merely to
investigate if the factors seem promising from a theoretical standpoint. This is what the decile tests®
do, each decile portfolio containing about 100 bonds since 2006. The performance difference between
the highest and lowest decile gives an indication of a theoretical alpha potential. Note that this
setup is standalone, in that no connection can be made to asset pricing theory. We believe that it
is necessary to go one step further and distinguish between systematic and residual risk, analyze the
redundancy or complementarity between factors.

3.1.1 Low risk

In order to define a low-risk factor we follow Ilmanen (2011) and Houweling and van Zundert (2014),
who both mix bond duration and credit rating data. The shorter the duration and the higher the
rating, the lower the risk of the bond. When sorting bonds based on these criteria we obtain deciles
that are ranked in terms of return and inversely in terms of risk-adjusted returns (Sharpe ratios), as
can be seen in Figure 3. Low-risk bonds systematically perform less than high-risk bonds. However,
when looking at the Sharpe ratios, we conclude that low-risk bonds offer the best risk-return trade-off.
This result corroborates with the low-beta anomaly described by Frazzini and Pedersen (2014), who
contend that low-risk assets have a better Sharpe ratio than high-risk assets. From our point of view,
the time-varying exposures of the long short low-risk factor displayed in Figure 4 are an eminent
illustration of a short DTS risk. The time varying exposure of Low risk on DTS is persistently
negative. We inevitably end up comparing near-cash with long-duration low-graded bonds which

SWith the exception of Israel et al. (2018) who run quintile tests
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results in the low-risk factor being a “bad-times” factor as we highlight in Figure 5. We ignore this
bond convexity issue in a linear factor framework, therefore we discard this factor.

Figure 3: Low risk - Excess returns and Sharpe ratio
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3.1.2 Momentum

Turning to momentum next, whereas the existence of a cross-section momentum effect is extensively
documented for equities (Jegadeesh and Titman, 1993; Carhart, 1997), few studies have been carried
out on bonds, and the sporadic results that are reported in the literature are generally negative.
Gebhard et al. (2005b) conclude that “investment grade corporate bonds do not exhibit momentum
at the three-to-twelve-month horizons; rather there is evidence of reversals”. Pospisil and Zhang
(2010) confirm this, as do Jostova et al. (2013), who find that momentum profits only play up in
high-yield bonds. For investment-grade bonds Pospisil and Zhang (2010) exhibit more of a reversal
pattern.

Using momentum scores based on six-month trailing bond returns, we obtain test results that are
given in Figure 6. To be precise, the returns are measured over the seventh to first month prior to
the observation date leaving a one month lag for a short-lived reversal effect if there is one. We notice
that the portfolio of the recent winners (D1) indeed outperforms the market. Yet, interestingly, the
portfolio of the recent losers (D10) does well also. In other words, we observe a convexity in the
performance with respect to the momentum ranking. We also note that the two extreme deciles
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Regression coefficient

Return

Figure 4: Low risk - Time varying exposure
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(D1 and D10) embed more traditional credit risk as measured by the Duration-Times-Spread (DTS)
measure (Ben Dor et al., 2007), more duration risk and more liquidity risk (see Table 3). The habitat
probability, defined as the probability of remaining in the same decile the next month, exhibits also
a convexity with respect to the momentum ranking, peaking when a bond belongs to D1 and D10.

Figure 6: Momentum excess returns

6.0% - I 2003-2018
s 2009-2018
5.0% -
4.0% -
3.0% -
2.0% -
1.0%_ J ] J I
0.0% - l I
-1.0% - T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10
Decile

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

These results call into question if corporate bonds exhibit strictly a momentum effect, or a
combination of momentum and reversal. If we look more closely at the deciles, most of the time
corporate bonds seem to exhibit a momentum pattern, but on few occasions they face a strong
reversal. Focusing on the D10 decile we notice that its return distribution is highly risky and skewed,
as the good performance of this decile seems to stem from some particular dates of trend reversal.

In addition, when bonds are ranked by their past credit excess returns, the longest-duration and
lowest-rated bonds which typically have significant fluctuations in returns, will mechanically end up
in the top and in the bottom decile. These bonds have large price swings when comparing over the
cross-section. The price swings are not necessarily large with respect to their own past. It is not clear
whether the top and bottom deciles constructed in this way are populated by bonds with genuinely
high and low momentum, however we can consider that they are populated by the riskiest bonds
according to the specifications of our traditional risk factor model.

DTS, duration and liquidity are respectively the weighted average DTS, duration and liquidity of bonds belonging
to the decile. cf. appendix A
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Table 3: Momentum metrics - 2003-2018

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) 291 150 1.18 098 0.71 056 036 -043 -0.71 041
Volatility(%) | 5.84 3.03 236 226 222 250 294 426 6.54 13.89

Skew 054 -0.38 -0.35 -0.89 -1.23 -1.76 -1.67 -1.67 -0.63 0.26
Sharpe 050 050 0.50 043 032 022 012 -0.10 -0.11 0.03
'DTS™ | 912 624 527 482 473 483 512 580 702 1082
Duration 4.99 471 45 436 433 432 433 442 460 5.40
Liquidity 3.74 335 319 3.09 3.05 301 298 299 3.05 3.59

Habitat(%) |62.6 394 31.0 278 26.5 263 282 32.0 39.7 65.2

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

Figure 7: Amended momentum excess returns
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In order to rectify the flaw we highlight, we define a momentum per issuer and we rescale the
returns by dividing them by the spread duration®.

Compounded average weighted excess returns — 1

(4)

Amended momentum =
Average weighted spread duration

The amendment seems effective, as can be seen in Figure 7, in that the decile returns are now
all aligned from high momentum D1 down to low momentum D10. This demonstrates a genuine
momentum effect: recent winners outperform recent losers. We do not exclude the fact that stale
prices are at stake which are due to a deteriorated market liquidity situation in the context of the
ECB’s quantitative easing program. The momentum effect may in part also stem from herding
behavior among bond managers who tend to get in and out of investment positions following their
momentum.

With our definition of momentum, we find that the liquidity cost (see Table 4) and duration are
slightly increasing with the deciles. DTS and habitat exhibit the same convexity with regard to the
ranking. The last decile (D10) remains risky with regards to the traditional risk factor model.

Table 4: Amended momentum metrics - 2003-2018

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) 3.06 192 134 123 0.79 0.07 030 -0.28 -0.34 -0.63
Volatility (%) | 5.20 3.47 3.16 2.50 2.68 3.37 337 491 538 8.96

Skew 0.8% 0.68 0.09 032 -1.04 -3.13 -026 -2.05 -0.69 -0.75
_Sharpe | 059 0.55 0.42° 049 029 0.02 0.09 -0.06 -0.06 -0.07
DTS 750 652 614 B30 593 600 621 638 697 896

Duration 413 437 448 464 4775 49 504 507 513 5.04
Liquidity 3.01 3.04 313 3.19 325 327 331 328 326 3.24

Habitat(%) | 54.6 34.5 281 24.8 232 232 238 265 344 56.8

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

We illustrate in Figure 8 that the interrelations between our momentum and our traditional factors
are not static. We run 12-month rolling regression between the quintile long short momentum and the
premia from the traditional factors as expressed previously. The regression coefficient with DTS in
particular has shown swings into the negative territory. This illustrates the diversification potential
of the amended momentum which is attractive for hard-times in the credit market. We retain the
amended specifications for defining bond momentum in the multi-factor strategy we present later.

8This definition fixes the flaw in both EUR and USD universes. Scaling the bond returns instead of the issuer
weighted average return by the spread duration does not produce the desired effect in the USD universe
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Figure 8: Amended momentum - Time varying exposure
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3.1.3 Size

In order to test a size effect, we follow Houweling and van Zundert (2014), who measure the size
of a bond by the total debt value of the issuing firm. The data are thus aggregated from issue to
issuer level before building the deciles. Again, we obtain mixed test results. After 2008, we observe a
decreasing relationship for the D2 down to D10 deciles, meaning that small issuers tend to outperform
big issuers (Figure 9), however the effect is not significant over the entire period. We also notice that
the first decile which contains the smallest issuers, is an outlier. It produces low returns. In fact, we
find a mid-cap effect rather than a small-cap effect. In-line with Houweling and van Zundert (2014)
who found the alpha of the long short size factor to be rather weak.

3.1.4 Value

Different approaches have been taken to define cheapness in the credit market. The underlying idea
of a value factor is to detect whether bonds are over or undervalued with respect to the market
average, and to see if the level of valuation influences the return behavior. Most of them are trying
to model spreads or changes in spreads. Attempts have been made to import results from the equity
space by restricting the bond universe to issuers with listed equity and saying bonds of these issuers
are cheap if the equity is cheap. Another example is Correia et al. (2012) who model the default
probability of an issuer explicitly, but add that “credit spreads are a function of more than just
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Table 5: Size metrics - 2003-2018

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) -0.53 091 124 136 058 1.18 08 131 1.10 1.15
Volatility (%) | 5.06 4.38 4.15 3.70 3.18 3.42 294 3.16 292 3.94

Skew -2.42 -0.68 0.01 0.70 -2.00 -0.69 -0.74 -0.61 -0.97 -0.59
Sharpe 011 021 030 037 018 034 029 041 038 0.29
‘DTS | 846 741 700 664 616 592 588 590 551 624
Duration 459 452 451 4.64 471 472 483 461 4.63 4.62
Liquidity 357 359 3.64 357 3.57 349 343 3.28 3.05 2.82

Habitat(%) 95.0 93.8 938 941 948 954 96.2 973 986 99.8

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

Figure 9: Size excess returns
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physical default probabilities”. Default probability models rely heavily on balance sheet data, which
is published infrequently.

L’Hoir and Boulhabel (2010) have built a cross-sectional valuation model for spreads. They
combine credit ratings, the economic sector classification and subordination levels in combination
with more equity-specific measures. More recently in the factor investing literature, Israel et al.
(2018) have found the default probability alone not to be the best proxy for value. They use a
combination of rating, duration and the volatility level of bond excess returns. Houweling and van
Zundert (2014) choose maturity, rating, and the 3-month change in spread for their cross-sectional
regression. We test this valuation approach by performing linear regressions of the credit spreads onto
these three explanatory variables. Value scores are defined by comparing the fitted credit spreads,
which are interpreted as the fair values, with the observed market credit spreads. Specified in this
way we obtain a clear ranking of the value deciles, as can be seen in Figure 10. Our tests confirm
that indeed cheap bonds outperform expensive bonds generally, especially since 20009.

Table 6 shows that the first decile (D1) embeds a huge DTS risk and high volatility compared
to the other deciles. No duration bias is observed among the deciles. This indicates that in average,
D1 contains bonds with the highest spreads.

Figure 10: Value excess returns
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The Houweling and van Zundert (2014) value factor which we have analyzed avoids the drawbacks
of using equity-specific or balance sheet data. However, they do not account for important systematic
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Table 6: Value metrics - 2003-2018

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) 339 158 062 056 074 032 051 025 050 -0.84
Volatility (%) | 10.08 6.09 4.08 3.17 2.65 263 249 285 295 4.98

Skew 1.37 -0.04 -097 -0.92 -047 -1.08 -143 -1.95 -1.63 -1.83
Sharpe 034 026 015 018 028 012 020 0.09 017 -0.17
‘DTS [ 1419 827 625 534 498 498 498 517 540 604
Duration 480 4.50 4.40 434 441 458 473 494 512 517
Liquidity 348 294 276 277 290 311 329 347 3.65 3.78

Habitat(%) 672 432 344 315 304 314 350 408 51.8 79.1

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

features of corporate bonds (failing to account for the subordination level for example). This bears
the risk that such a factor is selecting securities with a higher, but systematic spread and thus only
increasing credit risk as opposed to exploiting idiosyncratic cheapness patterns.

We choose to focus on a value factor that explains the cross-section of spreads taken in logarithm,
allowing as such for a larger variety of modelling of spread curves. We do not restrict the universe
to issuers with listed equity and use only publicly-available bond-specific data. Our value factor
stands out from the ones presented in the literature in that we try to capture as many systematic
effects in the market as we can, accounting for the complexity of the securities in the credit markets.
It does mean that the value factor needs to be tuned regularly over time in lockstep with the new
developments in the credit universe. If new bonds are issued with specific covenants or features for
example, these need to be taken into account as determinants of cross-sectional spread.

For our value factor we currently regress the option-adjusted spreads in logarithms on the time-to-
maturities, the face values (both in logarithms as well), on Boolean variables for being callable and for
being hybrid, as well as on dummy variables for sectors, credit ratings and regions, whereby certain
sectors are subdivided into different subordination categories. Taking logarithms of the explained
and explanatory variables appears to be innovative with respect to the existing literature. The
advantage is that it allows for nonlinear spread curves which are actually often observed in practice.
The regression allows us to calculate the implied spread which the bond should theoretically attain
if only the features outlined above were determinant. Thus, we define the cheapness of the bonds as
the residuals of this regression, or the difference between observed and implied spread. If we interpret
the implied spread as the intrinsic value, this difference is the appreciation potential of the bond and
therefore a suitable indicator for a value strategy.

The decile test results of our value definition are displayed in Table 7. It can be seen that the
potential alpha it embeds is substantial. However, by doing the analysis this way, by construction,
we will introduce bonds with high absolute spread levels into the portfolio. The question remains
whether the investor is compensated in excess of this credit risk.
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From Table 7, we understand that we have not altered the “smile” structure of the deciles’
exposures to DTS risk. The probability of a bond remaining in this decile is 79.5%.

The time-varying exposures of the long short value factor displayed in Figure 12 reflect that our
amended value displays positive exposure to DTS, however we identify that this relation can have
high amplitude. As we did previously for our amended momentum specification, we retain these
amended value specifications in the following multi-factor framework.

Table 7: Amended value metrics - 2003-2018

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) 3.72 156 1.15 081 0.66 049 031 0.08 -0.07 -0.23
Volatility (%) | 7.73 4.48 3.38 283 242 252 225 236 259 446

Skew 0.36 -1.06 -1.1 -1.69 -1.48 -2.0 -129 -1.69 -157 -1.60
Sharpe 048 035 034 029 027 020 014 0.03 -0.03 -0.05
DTS | 1342 851 667 563 510 501 491 497 503 700
Duration 4.78 4.85 4.67 455 452 4.65 4.73 480 476 4.7l
Liquidity 327 309 297 294 298 310 3.22 335 339 3.48

Habitat(%) 79.5 54.8 44.0 39.7 382 395 429 489 59.8 828

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

3.2 Navigating in a multi-factor framework

We have specified a traditional bond factor model in section 2. In this section, our aim is to level the
field regarding traditional and alternative factors in the sense that we will analyze their explanatory
power. We will keep the split of the analysis period in two periods: 2003 to 2008 and 2009 to 2018.

3.2.1 Traditional and alternative: how to make sense of the puzzle

As we are motivated by a description of the market environment for factors investing, we continue
our analysis with a similar methodology to the one developed by Bennani et al. (2018b) on the
analysis of ESG as an exogenous factor within a global equity universe. In section 2, we calculated
the R?, VIF and T-statistics using the market as the only exogenous variable (CAPM model), and
we compared it with cross-section multi-factor regressions considering the traditional factors (TRAD
model). In this section we add the three alternative factors to obtain a six-factor model and we also
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Figure 11: Amended value excess returns
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Figure 12: Amended value - Time varying exposure
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consider a five-factor model excluding the Size factor. We add the following regression models :

Five Factor:R; (t) = of —pMP . RI(t) — gPTS - R (t) + pETF - RE (1)
NI VL (1) 4 I YL (p) 4 CF (1 )

Six Factor:R; (t) = o™ — gMP . RI(t) — P75 . RS (1) + BF'F - R (1)
+BSMB . FSMB (t) + ﬁHML . FHML (t)
+AME L PR () + 7Y (2) (6)

where R; (t) is the excess return of Bond i at time ¢, af and aX are constants, ef (¢) and & (¢)
are the residuals, FSMPB (t), FEML () and F"WML () are the time-series of the long short factor
returns for the size, value and momentum factors, respectively.

We observed in section 2 that during the first period 2003-2008, the R? of the traditional factor
model is higher than the simple CAPM. However, after 2008, the traditional factor model carries
less explanatory power than the simple CAPM. As such, we want to understand if the addition our
alternative factors improves the factor approach’s explanatory power.

Table 8: Comparison of CAPM, traditional factors and traditional factors augmented by alternative

factors
Average Hit — ratio Hit — ratio
2003-2008 R? VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value  Size
CAPM 48.51 81.8
TRAD 56.74 3.93 64.8 19.81 44.83
Six-Factor 73.09 15.05 43.62 7.14 45.07 46.11 38.49 37.93
Five-Factor 68.57 11.45 38.65 12.59 42.66 46.03 35.20
Average Hit — ratio Hit — ratio
2009-2018 R? VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 59.35 94.11
TRAD 52.58 3.61 72.58 21.84 24.62
Six-Factor 64.44 10.8 44.03 24.31 23.46 27.66 21.08 24.81
Five-Factor | 61.52 8.43 43.09 24.71 28.79 28.06 26.67

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

Table 8 shows that for the 2003-2008 period, the VIF which measures the multi-collinearity of
the exogenous variables (O’Brien, 2007) is high for the six-factor model which consists of the three
traditional and three alternative factors. There is collinearity between these variables for the 2003-
2008 period. We note that the same VIF is improved for the 2009-2018 period, meaning that the
collinearity between the traditional factors and the alternative factors has decreased.
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With the addition of alternative factors, the six-factor model improves the explanatory power over
the traditional factors for the 2009-2018 period with a R? of 64.4% and brings it over the explanatory
power of CAPM.

We pay special attention to the five-factor model which uses amended specifications for momentum
and value in the alternative factor bucket. We observe that the five-factor model has less collinearity
than the six-factor model as measured by the VIF for both periods being considered.

With regards to statistical significance, DTS is strong within the traditional factor model for the
entire 2003-2018 period but overall the significances of the factors are not outstanding. We conclude
that statistical significance for factor investing in corporate bond requires additional research efforts.
We therefore turn our attention to active management driven by factors within a lower factor intensity
framework.

3.2.2 Picking within traditional and alternative factors

In order to identify the most pertinent explanatory variables of the benchmark excess return among
the members of our six-factor model, we perform the LASSO” analysis method'”. The LASSO,
introduced by Tibshirani (1996) is a shrinkage and selection method for linear regression. It minimizes
the residual sum of squares with a penalty on the sum of the absolute values of the coefficients.

BﬁO(T), the LASSO estimate, is then defined by:

5lasso( ) = argmlnz (Rt - Z BJ Ft:] ‘ >

subject toz 18] <7

j=1

(7)

where R and o are respectively the average and standard deviation of the benchmark excess returns,
F; and o, are respectively the average and standard deviation of the factor returns.

—

If no penalty is set on coefficients, we end up with the ordinary least squares coefficients (5!%55°(00) =
BOLS).

If we constrain the coefficients, we induce sparsity in the estimate and cause some (3; to be exactly
zero. The smaller the value of 7, the fewer the number of nonzero coefficients. Thus, this sparsity

leads us to rank factors by their order of showing up(i.e.|3;| > 0), when we vary 7*'' in the [0, 1]
range.

9Least Absolute Shrinkage and Selection Operator
10Tn appendix B, we report the results of the LASSO analysis applied either to the time-series of excess returns of

each bond of the benchmark or to the cross-section.
T
1VWe define the leverage factor: 7% =

SAER
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As mentioned earlier, the risk premiums of the credit, duration and liquidity factors are estimated
using (1). As far as the alternative risk factors are concerned, we consider their long short quintile
returns

Figure 13 shows that for the entire 2003-2018 period the most relevant explanatory variable is
the duration-time-spread component. This gives some background to the industry practice to refer
to the DTS as the credit beta. The value factor is the runner-up. Momentum is third. Duration,
liquidity and size factor come last in this order. The size factor seems to have no effect and the effect
attributed to duration is marginal and fades away with the incorporation of the liquidity factor.
Interestingly, the regression coefficients related to the first three factors do not decrease in absolute
values with the successive onboarding of value and momentum. Figure 14, which focuses on the
2009-2018 period, does not point either to any overlap between the three first factors and shows the
same order of relevance with the last three factors having marginal effects.

Figure 13: LASSO regression analysis for 2003-2018
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

The negative sign of DTS’s beta is attributed to the minus sign in equation (1). Unsurprisingly,
the betas related to value and liquidity are positive. However, the momentum’s beta is negative
for the entire 2003-2018 period and also for 2003-2008 and 2009-2018 periods. The sign of this
sensitivity stems from the difference in credit betas, estimated by DTS, in favour of the short leg of
the momentum factor. For reference, the average DTS in momentum’s Q1 is 697 versus 791 in Q5.

Table 9 shows that the OLS regressions explain over 80% of the excess return variance in all.
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The VIF of the entire period regression is 3.33 indicating a medium dependence between the six risk
factors.

Figure 14: LASSO regression analysis for 2009-2018
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

The LASSO analysis for factor picking solves the puzzle of selecting relevant factors in a low
factor-intensity framework. We understand as reported in Table 9 that DTS remains an essential
component of corporate bond factor management. Within the factors which have been described,
value is the factor which improves the most in terms of factor picking ranking between 2003-2008
and 2009-2018. For the full 2003-2018 period, value and momentum’s long short factor returns’ time-
series are significant in the ordinary least squares regression. Moreover, for the 2009-2018 period, if
we have to select one factor to explain the euro corporate investment grade bond market, we would
select DTS. If we want to select two factors, we would select DTS and our value factor. And if we
want to select three factors, we would add our momentum factor.
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Table 9: LASSO factor picking rank

R*(%) VIF | DTS Duration Liquidity | Momentum Value Size
2003-2008 | 91.93 6.19 1 3 4 2 o 6
2009-2018 | 87.14 3.83 1 4 5) 3 2 6
2003-2018 | 81.48 3.33 1 4 5) 3 2 6

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

Table 10: Results of the time-series regression

2003-2018  Beta Factor Picking Rank T-statistic P-value

DTS -0.55 1 -9.20 oAk

Duration 0.00 4 0.06

Liquidity 0.16 5 3.08 otk
“Momentum -0.24 3 S6.51 R

Value 0.32 2 5.73 Rk

Size 0.00 6 0.06

R*=181.48% — VIF = 3.33

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

4 Implementing our alternative factors

4.1 Using our alternative factors in an enhanced low risk approach

In this subsection, we elaborate the construction of an enhanced low-risk approach to confirm that
the relevant alternative factors that we have identified can add value. Factor tilt is a way to make
factor effects apparent. We neutralize the identified systematic component in the returns.

In order to demonstrate the speed of diversification as a function of the number of bonds in a
portfolio, we carry out the following test. We randomly draw a limited set of bonds (N) from the
market universe and compare their aggregate equally-weighted return with that of the market index.
We measure how much of the return variance is explained by the common market factor simply by
taking the ratio of the idiosyncratic return to the total return variance. For a given N we repeat this
simulation experiment 3 000 times per month over the eighteen-year test period, so a total of 648
000 times. The sample averages are reported for N varying between 5 and 225, in Figure 15.

It can be seen that the idiosyncratic variance shrinks rapidly compared to the total variance
when the number of portfolio holdings increases. A random portfolio containing 50 bonds contains
less than 10% of idiosyncratic risk for EUR-denominated bonds, meaning that it is for the most part
driven by common systematic price movements. The phenomenon amplifies importantly if we replace
the naive equal-weighting scheme by one where we deliberately neutralize the credit risk exposure of
the portfolio. If we aim to match the DTS of the portfolio with that of the market index sector by
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sector, as few as five portfolio holdings leave 10% of idiosyncratic risk on average. The test results
are comparable for dollar-denominated bonds.

Figure 15: Idiosyncratic-to-total variance of equally-weighted random portfolios
40% -
35%
30%
25%
20% -

15% -

Idiosyncratic to total variance
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T
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Holdings

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

As far as our investment strategy is concerned, the interest is to neutralize the traditional factors’
component in the returns so as to concentrate on the part that is left over.

This implementation analysis is particularly welcome as we have identified in Figures 16 and 17
that the “smile” of momentum and value’s DTS exposure implies that attractive deciles have high
DTS. Although we have identified that the time-series of value and momentum does not reduce the
beta of DTS when they appear in the Lasso regressions, we test the implementation of DTS-matched
tilted portfolios.

4.1.1 Enhanced index design

To learn more following our single factor decile tests and multi-factor analysis, we adopt a method
which Grinold and Kahn (1999) discuss in their book using what-they-call factor-tilted portfolios.
We adapt the method they describe for equities to make it work for bonds. Hence, in an effort to
isolate the particular bond pricing effects that may be attributable to size, value and momentum, we
build size-, value- and momentum-tilted portfolios and run regression analysis tests on their return
series.

We build the tilted portfolios such that they are overweight towards the respective factors, while
remaining neutral with respect to basic characteristics. Concretely, we make sure that the portfolios
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Figure 17: Before and after value exposures on traditional factors
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are stratified over the economic sectors in the market, meaning that they are sector-neutral, and that
they possess the same DTS exposure per sector. It has been demonstrated, by Dynkin et al. (2007)
in Chapter 5 of their book as well as by De Jong et al. (2014), that portfolios that are stratified
in this way, have virtually the same return behavior as that of the market index. They effectively
replicate the market as a whole.

We make note that building stratified bond portfolios is actually a complex combinatorial opti-
mization problem. It requires a powerful search algorithm which is able to find (close to) optimal
solutions. Building a style tilt into the portfolios adds to the complexity. And the problem be-
comes even more complex if implementation constraints are considered for the purpose of making
the test portfolios more realistic to investing. In our tests, we have introduced three implementation
constraints: (i) a cardinality constraint, limiting the number of portfolio holdings, (ii) a turnover
constraint plus (iii) a liquidity constraint, making use of our liquidity scores.

The portfolio construction method we have built in-house relies on the technique of stratified
sampling. It goes beyond the scope of this paper to describe the method exactly, but basically
an initial portfolio is built at the start and then improved step by step by means of a local-search
algorithm. At each iteration, a combination of bonds is selected that possess certain qualities. We
build a portfolio per month in this way over the eighteen-year test period. In order to keep the
turnover down we introduce a bonus-penalty system into the bond selection process, giving a bonus
to those already held the previous month and applying a penalty for those that aren’t. The search
process is made manageable thanks to the stratification setup, i.e. dividing the market universe into
subsamples that represent relatively independent sources of risk. In our procedures we rely on a
division into seven sectors. Eventually we seek to represent the credit risk exposure of each sector.

The initial starting portfolios are created by applying a double screening that filters out (i) the
least liquid bonds according to our liquidity cost scores, and (ii) the bonds that are lowest-ranked
according to the style criterion. In particular, to build the size portfolio we discard the biggest bond
issuers, to build the value portfolio we discard the expensive bonds, and to build the momentum
portfolio we discard the recent losers. The tilt is thus introduced by discarding the lowest-ranked
deciles. We build tilted portfolios with and without the implementation constraints. The interest of
doing so is to test to what extent the outperformance that is made apparent in the tests, the alpha,
is affected by the implementation constraints. This question of feasibility is much more important
in the bond space than in the equity space, as trading in these instruments is cumbersome.

Naturally, the implementation constraints will reduce the alpha potential of the style factors. We
make note that the full-sample portfolios contain approximately 2000 bonds on average, whereas
the stratified portfolios contain around 130 bonds, which are picked so as to control the turnover.
However, we are not in the position to verify more realistic implementation constraints in our back-
tests. On an ongoing basis for portfolios that we manage at Amundi we run through the buy-and-sell
list we intend to carry out with our in-house traders who are able to assess their feasibility with
respect to the actual market situation.

Since the tilted portfolios are built such that they possess stable features over time and therefore
a stable price behavior, the conditions are met for carrying out time-series regressions. We regress
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the three portfolio returns, denoted T, over the market return (M) one by one by doing simple OLS
regressions: .
T(t)y=a+PM(t)+€(t) (8)
The regression results are presented in the next subsection. In these tests we have taken our
factor specifications as described previously.

4.1.2 Results

The parameter estimates for the full-sample tilted portfolios are displayed in Table 11, as are the
active portfolio return series, meaning T, — M;, for the three style factors. The estimated betas
fall very close to one, indicating that the portfolios were indeed effectively neutralized and that the
outperformances (alphas) are thus not driven by other tilts or unintended biases. The three alphas
are positive for the period and are all statistically significant after 2008, which is an encouraging
result. As such, we find that on an aggregate portfolio level, systematic pricing effects related to
size, value and momentum exist and can in fact be captured. And we observe that taking on the
risks related to these effects has been rewarded overall over the observation period.

Table 11: Parameter estimates

2003-2008 | Retained deciles Alpha Beta T-stat P-Value
Momentum [D1,D2] -0.02  1.00 -0.44

Value [D1,D§] 0.54 1.00 2.04 ok
Size [D2,D§] -0.27 1.00 -0.77

2009-2018 | Retained deciles Alpha Beta T-stat P-Value
Momentum [D1,D2] 0.78 098 2.70 ok
Value [D1,D§] 0.27 1.00 4.18 ok
Size [D2,D§] 0.18 1.00 291 ok
2003-2018 | Retained deciles Alpha Beta T-stat P-Value
Momentum [D1,D2] 0.52 098 1.96 ok
Value [D1,D§] 0.39 1.00 5.21 ok
Size [D2,D§] -0.00  1.00 0.27

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

It is interesting in itself that the size effect holds out after controlling for the traditional bond
factors. As debt size is an important determinant for liquidity risk, one would expect the effect to
cease after the liquidity screen. To us it means that the bid-ask-spread proxies that are used in the
liquidity scores, capture one aspect of liquidity only, namely the level of trading costs, but not all
aspects. The possibility to trade is another aspect and this is inherently related to debt size, i.e. to
the amount of debt securities outstanding. In that respect the size factor may well be regarded as
an auxiliary liquidity risk factor for corporate bonds. In addition, as our factor picking analysis in
section 3 filtered value and momentum within the first three factors for the period 2009-2018, we
will focus on these two factors.
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Figure 18: Calendar excess performance of the Momentum tilted portfolio
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As to the momentum factor, its premium remains convincingly positive after neutralizing for
traditional bond risk exposures, except for the 2003-2008 period (Figure 18). This provides evidence
that momentum captures an authentic risk factor that is largely complementary to systematic bond
risks. We make note that this result is actually achieved by holding the very recent winners. Holding
recent winners in a momentum portfolio would generate far too much turnover for the strategy to
be cost effective.

Interestingly the value premium also remains very positive after market-neutralization (Figure
19). Tt shows that taking on these cross-sectional credit risks as identified by our factor definition,
pays off.

4.2 Combining our alternative factors in a rule-based active manage-
ment approach

4.2.1 Rule-based active management design

In this subsection we describe the investment strategy that we have built based on the insights we
gained. In a nutshell, we learned four things:

i) Systematic bond risks related to duration, credit risk and liquidity, are too dominant to ignore.
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Figure 19: Calendar excess performance of the value tilted portfolio

o/ _
15% I Benchmark

Il Value-tilted

10% -
5% -
0% - _-‘-. —-- I.-.I.

Return

_5% 4
-10% -

T T T T T T T T T T T T T T T T

m < N (e} ~ (o] (@)] o — (qV] m < Te] O ~ [o0]

o o o o o o o — — — — — — — — —

o o o o o o o o o o o o o o o o

o (o] o (9] o o o o o o o o ()] o o o

Year

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

In a bond-factor investment strategy they must be proactively dealt with and are thus part of
the design.

ii) We detect a significant value effect in corporate bonds that is compensated. A value strategy,
when applied to corporate bonds, zooms in on cheapness opportunities. If not accounted for,
this will automatically lead to an investment in higher than average spread securities and thus
a high credit beta. However, one is compensated in excess of credit risk after adjusting for this
systematic exposure.

iii) We detect a significant momentum effect in corporate bond returns that is compensated. Since
this strategy invests in bonds that have performed well, it will mechanically induce an exposure
to lower-than-average spreads thus a lower credit beta, unless this bias is proactively corrected.

iv) And we find evidence of a size effect.

The investment strategy we build essentially plays on the value and momentum factors. It leads
to a rule-based actively-managed portfolio that is fully invested in corporate bonds, which benefits
from the performance opportunity that we detect thanks to our in-house valuation model and our
momentum screening facility. As such, we make two types of factor portfolios on an ongoing basis,
that we manage side by side in two separate pockets. We find that a portfolio-blending approach is
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superior to blending the value and the momentum scores first and then constructing the portfolio.
Similar analysis has been performed by Patel (2018) for equities.

In a separate test, we split the investment universes into quintiles along both factors, then calcu-
late an equal-weighted portfolio of all the pairwise combinations and plot the average monthly excess
return in basis points. We can see the result in Figure 20.

Figure 20: Average monthly excess return of the value and momentum mix
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

If we are mixing factor portfolios, the performance of each sub-portfolio will correspond to the
quintiles in the column/row of the first quintile of the respective factor — the highest performance
numbers will form an L-shape. If we mix the factor scores first and then build a portfolio, we will
choose bonds outside of this L-shape — for example a bond that is in the second quintile in both
factors will be in the second quintile of the signal blended portfolio. However, we see that these
bonds both underperform bonds from quintiles (1,3) and (3,1), respectively. This is why we resort to
portfolio blending the factors. The recipe is as follows: Take high scoring bonds in each factor that
do not score too bad in the other factor. This makes intuitive sense : We concentrate on undervalued
bonds that do not show a strong negative momentum and on bonds with strong momentum that are
not too expensive yet.

A second observation is that the payoff of concentrated long-only factor portfolios shows potential
for a fruitful combination. For the purpose of this analysis, we choose a pragmatic portfolio construc-
tion approach: For both factors we choose an equal weighting that takes the highest scoring bond
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per issuer and then selects the top 90 issuers (that is currently about 20% of the Euro IG universe
and corresponds roughly to the first two deciles of every factor in terms of issuers). We discard the
10 top picks when building the value portfolio in order to avoid some value-trap type idiosyncratic
stories, especially in the outlier region of the value scores. These most underpriced securities are the
highest potential for extreme value traps. We consider this portfolio one of the most concentrated
value portfolios we can get while still diversifying issuers (by equally weighting them with a max
weight of 1.1%). We see the resulting excess returns in Figure 21 and associated metrics in Table 12.

Figure 21: Excess performance of the rule-based active management value and momentum portfolios
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

Table 12: Metrics of the rule-based active management value and momentum portfolios - Annualized
excess returns and volatilities

Benchmark Momentum Value
Excess return (%) 1.10 2.21 3.14
Volatility (%) 3.27 2.83 5.83
Sharpe 0.34 0.78 0.54
Skew -0.73 0.14 -0.54

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

The back-test of this investment strategy is encouraging. However, we stress that these portfolios
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do not necessarily have a credit beta close to 1 — something we need to take into account before
judging the quality of our multifactor strategy prematurely.

For the value factor, we expect such a strategy to have a beta higher than 1 because selecting
bonds with high spreads will systematically have a higher DTS than the market-weighted universe.
Indeed, this is what we observe in the payoff chart, given in Figure 22. Here, the outperformance
of this strategy is plotted against the index excess performance where one point corresponds to one
month of data. For illustration of the payoff, a local regression line is added.

Figure 22: Value rule-based active management implementation
95% confidence interval is used for the regression estimates
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We consider that rule-based active management value could maintain a payoff structure close to
the theoretical quintile-based payoff structure (Figure 23). Being conservative, we expect that we
will not be able to capture all theoretical upsides in strong positive market movements.

A simple regression analysis analogous to subsection 4.1.1 finds a beta of 1.45 with a regression
alpha of 14bps per month which corresponds to an annualized 1.71%. For the momentum factor, we
expect the strategy to select bonds with a good historical performance in relative terms and thus
a tendency to select lower spreads and lower beta. The payoff diagram of our momentum strategy,
given in Figure 24, confirms this.

We consider that the rule-based active management momentum has a payoff structure which dif-
fers from its theoretical quintile-based payoff structure (Figure 25). We will not expect to outperform
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Figure 24: Momentum rule-based active management implementation
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Figure 25: Momentum Q1 payoff
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in strong positive market movements however we observe that the strategy has a very interesting
contrarian feature in market downsides.

A regression as carried out in subsection 4.1.1 shows that the strategy has a market beta of 0.76
and an alpha of 12bps per month, or 1.44% per year.

As to the size or liquidity factors, it is not an easy task to fully control the price effects inherent
to liquidity risk. What we do is monitor the liquidity status of the invested portfolio on an ongoing
basis using our (timely) liquidity scores. We actually consider size to be a second source of liquidity
risk. The fact that small bond issues have distinctly different return patterns from big issues is
inherently linked to liquidity in our view and is treated as such in our investment strategy. Size
can be regarded as a source of return as well. The Amundi trading desk has a favorable position in
negotiating deals on the European bond markets. We have the capacity to benefit from that and
reap a liquidity premium. However, this is highly dependent on the opportunities at hand and the
market environment. So instead of employing a strategy on the size factor systematically, this should
be left under the responsibility and at the discretion of the portfolio manager.

Over the invested portfolio we install an overlay of derivative instruments that hedges out duration
risk. We deliberately cancel out the exposure to interest-rate movements by this overlay because we
don’t want interest rates to dominate the active positions we are taking.
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4.2.2 Combining payoffs

The benefits of combining the value and momentum strategies can best be assessed by looking at
their respective payoffs. The synergies of employing these strategies is relatively obvious. We have
one that shows a higher beta than the reference universe and one that shows a lower beta. To
combine the portfolios here, we take a best-in-class approach. For a 70%/30% mix we do not scale
the portfolios accordingly here, but take the highest scoring bonds in each factor portfolio.

For different combinations of both factor portfolios we get the payoff pattern depicted in Figure
26. Here, each point corresponds to a 90/10,70/30 or 50/50 mix of value/momentum, respectively.

Figure 26: Payoff of the value and momentum mix
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

4.2.3 Results

On average, the relative performance looks closer to market neutral, with some positive beta when
the market is outperforming. However, this is just the average case and of course the specific
scenarios can deviate significantly from that. Nonetheless, the factor diversification effect helps to
model the portfolio to be more diversified across different market phases. The corresponding excess
performance of this long-only strategy looks as depicted in Figure 27. The betas of these combined
portfolios are still exceeding 1 — with a diminishing magnitude as we increase the momentum portion
of the portfolio. Monthly returns over benchmark range from 19bps to 21bps in all these multi-factor
portfolios. Figure 28 shows the calendar excess performance of the 50/50 portfolio.
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Figure 27: Excess performance of combinations of the value and momentum mix
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The findings of this section are twofold: First, there is an indication that blending portfolios
is superior to blending the factor scores. This holds especially true for more active portfolios and
will be less important with smaller tracking errors. Second, when combining the factors, analysis
and skilful combination of the payoff is paramount. In the long-only corporate bond world, there is
diversification potential of the two strategies with respect to the control of the strategies’ beta.

In practice we find that these effects of the long-only factor portfolios hold up with different
portfolio construction methods. However, the concrete implementation is highly dependent on the
constraints and risk appetite of the respective investor.
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Table 13: Metrics of combinations of the value and momentum mix - Annualized excess returns and

volatilities

Benchmark 10% Momentum 30% Momentum 50% Momentum

90% Value 70% Value 50% Value
Excess return (%) 1.10 3.25 3.31 3.29
Volatility (%) 3.27 5.76 5.46 5.08
Sharpe 0.34 0.56 0.61 0.65
Skew -0.73 -0.48 -0.33 -0.19
“Upside (%) | 6140 65.75 66.30
Downside (%) 32.60 34.25 33.70

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index.

Authors’ calculations

Figure 28: Calendar excess performance of the 50/50 portfolio
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations
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5 Conclusion

We have aimed to level the discussion around corporate bonds by identifying what factor is consistent
in a multi-factor framework. To that end we have defined a traditional multi-factor model with
duration-times-spread, duration and liquidity. It has appeared that moving from a simple CAPM
approach to our first traditional multi-factor risk model is relevant before 2008. Indeed, in our
analysis period of 2003-2008, we obtain a better explanation of the cross-section of returns in our
universe. Surprisingly, in the following period of 2009-2018 the traditional multi-factor risk model
carries less explanatory power than the simple CAPM.

We then move to the analysis of new alternative factors which we have identified in our literature
review. We do not retain the low risk factor which is mainly a short duration-time-spread exposure
and is in its essence a “bad-times-only” risk reward. We introduce specifications for the momentum
factor which seems to clean up the reversal feature, which is witnessed in the factor specifications
from the literature review. We retain a debt value-based size specification. As for the value factor,
we introduce as much credit security descriptions as we can to “box” comparability. We monitor
time-varying exposures of these new alternative factors against the factors in the traditional risk
model. We confirm that momentum and value cannot be explained by static exposures to DTS,
duration or liquidity.

Following our analysis of the traditional multi-factor risk model vs. CAPM, we identify that
the addition of the three new alternative factors previously retained improve the explanation of
the cross-section of returns in our universe. Specifically, for the second period of 2009-2018, the
traditional model was inferior to the simple CAPM, while traditional augmented by alternative end-
up with a higher R? than the simple CAPM. However, we recognize that although the addition of
momentum and value are interesting for the B2, the collinearity between factors have increased - while
remaining acceptable - but the factors themselves carry less statistical significance in a traditional
and alternative multi-factor model.

Leaving aside the asset level cross-sectional analysis, we switch to an analysis of factor time-
series. We determine with a Lasso penalized regression that if we seek three factors to explain the
euro corporate investment grade market in the 2009-2018 period, we select duration-times-spread
then value, then momentum (both with our specifications). Moreover, between the first period of
2003-2008 and the second period, value is the factor which increases the most in priority. This is a
very powerful result: We confirm the predominance of DTS, but we provide a quantified proof of the
emergence of value in the bond factor mix. This result is specifically significant for active managers
who operate in the low factor-intensity space where picking the right factors is critical.

We have conducted statistical analysis which show increase in collinearity with the addition of
momentum and value to the three traditional duration-time-spread, duration and liquidity factors.
DTS comes out as the most statistically significant factor. We also confirm that capturing momentum
and value time-series does not decrease the beta of duration-time-spread in the penalized Lasso
time-series regressions. These analyses indicate that momentum and value carry information beyond
duration-time-spread. We manage to confirm through DTS-matched tilted portfolio constructions
that this is indeed the case.
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We also propose implementating value and momentum together in a rule-based active manage-
ment setting and we confirm that both engines together can add value to a corporate bond investor.
Interestingly our payoffs’ complementarity is stronger with our rule-based active management imple-
mentation than we could have expected from a theoretical exposure.

Through our research we have identified areas where we can expect to have higher capture of
the corporate bonds’ pricing and liquidity dynamics. We will continue research in these directions.
Namely, we have extensively used monthly based data but we have also built weekly and daily data
sets. We have also tested several forms of value and momentum and there are directions in which
we believe that there is potential to enhance our factor specifications. We have not touched much
on quality in this analysis, but we have identified interpretations of quality for an investment grade
credit investor which we will test. Beyond bond specific characteristics, we have also explored analysis
inspired by Bektic et al. (2016) driven by equity-based style criteria. We will evaluate the alignment
of this potential risk source with traditional and alternative risk factors. In addition, we believe that
ESG has impacted the asset pricing in the equity market (Bennani et al. 2018a). If that is valid,
why would there be barriers for the pricing of ESG considerations in the corporate bond market ?
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A Mathematical results

A.1 Conventional bond risk model

We note B; (t, D;) the zero-coupon bond price with maturity (or duration) D;. If we assume that
the recovery rate is zero, we have:

B; (t, D;) = e~ BO+5:(0)-Di

The bond return R; (t) is then the sum of the risk-free interest rate R (t) and the credit spread S; (t).
Following Acharya and Pedersen (2005), the liquidity can be introduced in the model by considering
net returns in place of gross returns. It follows that:

B; (t, D;) = e~ (BOFSi(t)-Di=Li(t)
where L; (t) is the illiquidity cost of Bond i. We deduce that:

dlnB; (t,D;) = —D;-dR(t)— D;-dS;(t) +dL; (t)
ds; (t)
5 ()

— —D;-dR(t) — DTS; (t) +dLs (2)

where DTS; (t) = D; - S;; is the duration-time-spread factor (Ben Dor et al., 2007). Acharya and
Pedersen (2005) show that liquidity is multi-faceted and impacts the net return in several ways. In
particular, we can decompose the illiquidity premium dZ;; into an illiquidity level component and
three illiquidity covariance risks. The illiquidity level component depends on the (beta-adjusted)
difference between the expected liquidity cost of Bond ¢ and the expected liquidity cost of the bond
market. Let Ly, be the illiquidity cost of the bond market. The illiquidity covariance risks consists
in three liquidity betas:

e 3(Li, L)
An asset that becomes illiquid when the market becomes illiquid should have a higher risk
premium.

o B(R;, L)
An asset that perform well in times of market illiquidity should have a lower risk premium.

o 3(Li, Ruy)

Investors accept a lower risk premium on assets that are liquid in a bear market.

Since this decomposition is relevant from a theoretical point of view, Acharya and Pedersen (2005)
find that the 4 liquidity premia are highly correlated. Therefore, we propose to measure the liquidity
return as follows:

dLiy = (t) + B (Li (t), Las (1)) - d L (1)
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where «; is the liquidity return that is not explained by the liquidity commonality. Therefore, we
obtain:
ds; (t)

Si ()

More generally, «; (t) represents the return component that is not explained by the three factors.
By decomposing «; (t) into a common factor a (t) and an idiosyncratic risk factor u; (t), we finally
deduce that:

Ri (t) = o (t) = Di - AR (t) — DTS; (1) -

+B(Li (1), Lar (1)) - ALy (2)

dsS; (t)

+ B (Li (), Lar (t) - dLas () + i (2)

A.2 Calculating portfolio’s Duration, DTS and Liquidity-time-Price
Let R (t) be the return of a portfolio holding N bonds. We have:

where w; (t) and R; (t) are the weight and the return of bond i at time t.

Using equation (1) for each bond, we derive:

sz RI()

+Zw, t)LTP; (t) - R" (t) +

w; (1) DTS; () - R (t)

'MZ

-
Il
i

wi (1) wi (t)

'MZ

=1

It follows that the duration, DTS and Liquidity-time-Price of the portfolio at time t are:

DTS, ( Z w; (t) DTS, (

LTP,( Z w; (t) LTP; (
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B Additional results for EUR-denominated bonds

B.1 Time-series LASSO

We generalize the LASSO analysis to every bond in the ICE BoA Merrill Lynch Euro Large Cap
Corporate Bond index by applying equation (7) to the time-series of its excess returns. We confirm
the intuition that the most significant factors are, on average, duration-times-spread and value.

Figures 29 and 30 illustrate the probability for each factor to be picked as the first or in the
first two factors in a LASSO penalised regression, Duration-times-spread and value stand out with
a probability to be first or second factor, of around 66% and 48% respectively when we consider the
2003-2018 or the 2009-2018 periods.

Figure 29: Period 2003-2018 - Probability to be picked first or in the first two factors
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

B.2 Cross-section LASSO

In this subsection, we conduct the LASSO analysis on the cross-section. For this purpose, we
apply equation (7) for each bond that belongs to the ICE BoA Merrill Lynch Euro Large Cap
Corporate Bond index at a given date. The traditional factors are the duration, the DTS and the
liquidity-times-price of the considered bond. Regarding the alternative factors, we consider the 12
month rolling sensitivity of the bond’s excess returns to the long/short factors’ excess returns.
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Figure 30: Period 2009-2018 - Probability to be picked first or in the first two factors
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The results for 2003-2018 and 2009-2018 periods, shown in figures 31 and 32, point up the
duration-times-spread as the main factor with a probability above 80% to be picked in the first two
factors. Duration and Liquidity are relatively ahead of the alternative factors.

B.3 Tables

61



Figure 31: Period 2003-2018 - Probability to be picked first or in the first two factors
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Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index. Authors’ calculations

Figure 32: Period 2009-2018 - Probability to be picked first or in the first two factors
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Table 14: Comparison of CAPM, traditional factors and traditional factors augmented by alternative
factors - 90% significance

Average Hit — ratio Hit — ratio
2003-2008 | R2(%)  VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 48.51 86.21
TRAD 56.74 3.93 71.13 26.7 51.56
6-Factor 73.09  15.05 50.92 13.15 51.24 52.77 45.23  45.47
5-Factor 68.57  11.45 47.47  20.69 49.72 52.61 43.30
Average Hit — ratio Hit — ratio
2009-2018 | R?*(%)  VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 59.35 95.36
TRAD 52.58 3.61 77.81 28.57 32.41
6-Factor 64.44  10.80 52.46 31.66 30.37 34.28 27.75 31.43
5-Factor 61.52 8.43 51.43 32.32 36.16 34.13 32.63

Source: ICE BoA Merrill Lynch Euro Large Cap Corporate Bond Index

. Authors’ calculations
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C Results for USD-denominated bonds

C.1 Figures

Figure 33: Constituents of the USD corporate bond index
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C.2 Tables
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Excess Return

Figure 34: Evolution

of USD treasury yields and credit spreads
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Figure 35: Low risk - Excess returns and Sharpe ratio
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Figure 36: Low risk - Time varying exposure
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Figure 38: Momentum excess returns
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Figure 39: Amended momentum excess returns
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Figure 40: Amended momentum - Time varying exposure
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Figure 41: Size excess returns
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Figure 42: Value excess returns
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Figure 43: Amended value excess returns
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Figure 44: Amended value - Time varying exposure
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Figure 45: Idiosyncratic-to-total variance of equally-weighted random portfolios

40% -

30% -

20% -

Idiosyncratic to total variance

10% -

0 50 100 150 200 250
Holdings
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Figure 46: Before and after momentum exposures on traditional factors
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Figure 47: Before and after value exposures on traditional factors
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Figure 48: Calendar excess performance of the momentum tilted portfolio

Il Benchmark

Hl Momentum-tilted
20% -

10% -

0% - ——-__-. ‘-I._.-.--

-10% -
_20% - T T T T T T T T T T T T T T T T
m < LN (e} ~ [e0] [e)] o — o m < Te} (o] ~ [o0]
o o o o o o o — — — — — — — — —
o o o o o o o o o o o o o o o o
o o (gl (gl (gl (gl N (q\] (q\] (g\] o (gl (gl (gl (gl (gl
Year

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Figure 49: Calendar excess performance of the value tilted portfolio
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Figure 50: LASSO regression analysis for 2003-2018
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Figure 51: LASSO regression analysis for 2009-2018
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Figure 52: Value and momentum mix
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Figure 53: Excess performance of the rule-based active management value and momentum portfolios
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Figure 54: Value rule-based active management implementation
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Figure 55: Value Q1 payoft
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Figure 56: Momentum rule-based active management implementation
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Figure 57: Momentum Q1 payoff
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Figure 58: Payoff of the value and momentum mix
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Figure 59: Excess performance of combinations of the value and momentum mix

240 4 —— 10% Momentum / 90% Value
——— 30% Momentum / 70% Value

220 4 —— 50% Momentum / 50% Value
—— Benchmark

200 -

180 -

160 -

140 -

120 -

100 - g '\g

80 -

2004 2006 2008 2010 2012 2014 2016 2018
Date

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

7



Figure 60: Calendar excess performance of the 50/50 portfolio
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Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
Figure 61: Period 2003-2018 - LASSO time-series analysis
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Figure 62: Period 2009-2018 - LASSO time-series analysis
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Figure 63: Period 2003-2018 - LASSO cross-section analysis
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Figure 64: Period 2009-2018 - LASSO cross-section analysis
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Table 15: Momentum metrics - 2003-2018
D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) 098 1.22 1.18 0.85 0.67 092 080 050 0.81 3.29
Volatility (%) | 5.87 4.20 3.63 3.73 4.07 4.12 503 557 6.94 1192
Skew -0.62 -0.39 -0.56 -2.24 -2.73 -152 -1.86 -1.01 0.31 1.26
_Sharpe | 017 029 033 023 016 022 016 009 012 0.28
DTS 1582 1095 906 791 729 714 776 924 1209 1929
Duration 7.85 6.66 598 548 516 5.01 519 5.69 6.67 8.35
_Liquidity | 7.12 5.68 4.92 44 406 391 401 444 533 685
Habitat(%) 59.6 33.8 26.8 234 222 220 235 26,5 33.7 6038

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Table 16: Amended momentum metrics - 2003-2018

D1 D2 D3 D4 Db D6 D7 D8 D9 D10
Return(%) 2777 1.87 148 083 097 074 095 090 131 0.63
Volatility (%) | 5.63 4.48 437 4.62 440 485 534 493 6.51 9.35

Skew 0.65 -0.72 -0.98 -1.9 -1.69 -1.72 0.03 0.12 1.04 -0.92
Sharpe 049 042 034 018 0.22 015 018 0.18 020 0.07
DTS | 1147 1043 1002 985 968 983 1009 1042 1110 1433
Duration 508 558 573 599 6.16 643 6.72 6.86 6.87 6.63

Liquidity 434 461 47 484 488 503 523 528 5.18 5.06

Habitat(%) 574 369 30.1 256 254 243 250 272 344 576

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Table 17: Size metrics - 2003-2018

D1 D2 D3 D4 D5 D6 Dr D8 D9 DI0
Return(%) 085 152 106 192 167 166 129 142 1.09 1.34
Volatility(%) | 6.16 5.33 5.07 4.80 5.16 509 4.70 4.70 4.98 4.68

Skew -2.85 -0.07 -1.97 -0.16 -1.02 -1.25 -1.01 -0.9 -0.61 -0.02
Sharpe 014 029 021 040 032 033 027 030 022 0.29
DTS | 1238 1218 1189 1133 1107 1062 1073 1103 1071 1005
Duration 535 572 574 577 587 6.09 6.23 646 6.65 6.43
Liquidity 553 5.92 564 555 555 571 556 547 533 4.63

Habitat(%) 96.0 95.1 949 955 959 96,5 971 981 989 999

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Table 18: Value metrics - 2003-2018

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
Return(%) 251 159 135 090 077 048 084 091 1.05 0.50
Volatility (%) | 8.66 6.20 5.42 497 4.77 448 446 420 438 522

Skew 1.19 -0.06 -0.01 -0.68 -0.84 -1.39 -1.19 -1.13 -1.23 -1.54
Sharpe 029 026 025 018 016 011 019 022 024 0.10
DTS | 1952 1429 1205 1055 962 893 824 787 796 838
Duration 6.33 6.55 6.57 6.47 636 6.27 6.07 597 6.04 592
Liquidity 592 566 519 50 489 4.83 472 467 476 5.02

Habitat(%) 73.2 478 397 36.0 348 36.0 401 455 556 794

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Table 19: Amended value metrics - 2003-2018

DI D2 D3 D4 D5 D6 D7 D8 D9 DIO
Return(%) | 548 2.69 205 140 0.77 076 031 023 023 -0.35
Volatility(%) | 9.60 5.53 4.89 4.34 3.76 3.69 3.59 3.68 3.74 4.60
Skew 0.03 -0.25 -0.95 -0.95 -1.81 -1.72 -2.0 -2.25 -1.08 -0.86
Sharpe 057 049 042 032 021 020 0.09 0.06 0.06 -0.08
DTS | 1665 1034 818 715 658 621 599 603 648 903
Duration 528 5.0 475 4.63 4.6 459 4.62 4.65 481 54
Liquidity 4.7 407 359 342 336 335 339 347 3.72 443
Habitat(%) | 76.7 49.7 39.0 347 331 340 368 435 564 83.0

Table 20: Comparison of CAPM, traditional factors and traditional factors augment

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index.

Authors’ calculations

ed by alternative

factors
Average Hit — ratio Hit — ratio
2003-2008 | R*(%)  VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 45.17 71.37
TRAD 55.34 2.56 64.6 37.72 49.36
6-Factor 70.43  26.37 45.05 14.34 53.57 23.47 36.87  30.0
5-Factor 65.52  23.02 41.08 25.6 51.35 20.49 24.33
Average Hit — ratio Hit — ratio
2009-2018 | R?*(%)  VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 47.26 89.34
TRAD 42.78 4.43 49.49 13.51 19.74
6-Factor 56.83  13.10 32.17 16.18 25.66 21.53 36.99 24.49
5-Factor 50.96  11.66 28.13 14.78 20.00 17.90 21.38
Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
Table 21: LASSO factor picking rank
R? VIF | DTS Duration Liquidity | Momentum Value Size
2003-2008 | 82.39 10.76 1 6 3 5 2 4
2009-2018 | 78.63  5.75 2 6 ) 3 1 4
2003-2018 | 72.19  3.47 1 6 4 3 2 5)

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Table 22: Results of the time-series regression

2003-2018  Beta Factor Picking Rank T-statistic P-value

DTS -0.76 1 -9.80 ok
Duration -0.10 6 -1.73 *
Liquidity 0.42 4 6.34 ok
“Momentum -0.20 . 3 2343 R
Value 0.20 2 2.46 ok
Size -0.19 5 -3.09 oAk

R*=7219% — VIF = 3.47

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Table 23: Parameter estimates

2003-2008 | Retained deciles Alpha Beta T-stat P-Value
Momentum [D1,D2] -0.76 096 -1.02

Value [D1,Dg] 0.56 1.01 1.74 *
Size [D2,D9] -0.70  0.98 -0.92

2009-2018 | Retained deciles Alpha Beta T-stat P-Value
Momentum [D1,D2] 0.62 097 2.33 ok
Value [D1,D§] 0.53 099 4.03 ok
Size [D2,D9] 0.38 1.00 3.05 ok
2003-2018 | Retained deciles Alpha Beta T-stat P-Value
Momentum [D1,D2] 0.07 097 0.46

Value [D1,D§] 0.57 1.00 4.29 ok
Size [D2,D9] 0.08 099 0.35

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Table 24: Metrics of the rule-based active management value and momentum portfolios - Annualized

excess returns and volatilities

Benchmark Momentum Value
Excess return (%) 1.53 2.43 6.04
Volatility (%) 4.73 4.26 7.38
Sharpe 0.32 0.57 0.82
Skew -0.16 -0.36 0.34

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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Table 25: Metrics of combinations of the value and momentum mix - Annualized excess returns and

volatilities

Benchmark 10% Momentum 30% Momentum 50% Momentum

90% Value 70% Value 50% Value
Exess return (%) 1.53 5.97 5.45 4.90
Volatility (%) 4.73 7.33 6.95 6.36
Sharpe 0.32 0.81 0.78 0.77
Skew -0.16 0.43 0.55 0.40
Upside (%) | 7790 7845 75.69
Downside (%) 22.10 21.55 24.31

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations

Table 26: Comparison of CAPM, traditional factors and traditional factors augmented by alternative
factors - 90% significance

Average Hit — ratio Hit — ratio
2003-2008 R*(%)  VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 45.17 74.63
TRAD 55.34 2.56 68.67  43.92 54.66
Six-Factor 70.43  26.37 50.92 21.11 57.79 30.29 44.34  37.67
Five-Factor | 65.52  23.02 47.33  34.17 55.8 27.69 31.8
Average Hit — ratio Hit — ratio
2009-2018 | R%(%) VIF (%) (%)
MKT DTS Duration Liquidity | Momentum Value Size
CAPM 47.26 92.11
TRAD 42.78 4.43 59.25 20.12 26.94
Six-Factor 56.83  13.10 40.47  23.88 33.23 28.61 45.32  31.02
Five-Factor | 50.96  11.66 36.41 21.74 27.5 25.18 27.89

Source: ICE BoA Merrill Lynch USD Large Cap Corporate Bond Index. Authors’ calculations
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