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Summary

In the first paper, we study the impact of test criteria in identifying true asset
pricing factors. We focus on the Sharpe ratio and pricing performance im-
provement. We first study their relationship and asset pricing implications.
To this end, we introduce an alternative pricing performance criterion that
allows us to study both criteria under a common mean-variance framework
and offers insight into their relationship. Through a detailed simulation study,
we examine the performance of the respective criteria in identifying true fac-
tors. To make the simulation framework realistic, we explicitly consider model
misspecification. We find that while both criteria are exposed to model mis-
specification, pricing performance criteria are inferior as their performance is
driven by estimation bias. Through an empirical application, we demonstrate
the impact of the criteria on the subset of selected factors. We design an it-
erative selection procedure and use the Sharpe ratio and pricing performance
in order to choose among ten well-established factors. Using the Sharpe ratio,
the dominant model is a five-factor model, while using pricing performance,
we choose a two-factor model. Given our simulation results, we argue that
the reduced dimensionality of pricing performance is more likely to be a result
of model misspecification rather than true pricing performance improvement.

In the second paper, we study the cross-section of corporate bonds by utilizing
a large set of financial statements, equity and bond characteristics. We use
a predictive regression framework and the adaptive Lasso to choose the most
relevant characteristics for the cross-section of corporate bonds. Applying the
adaptive Lasso to the full dataset, we find a ten-factor model, with value,
bond reversal, and equity momentum spillover being the dominant factors.
Contrary to equity studies, financial variables from Compustat do not appear
to have strong power in predicting corporate bond returns. We validate our
initial results by running an out-of-sample exercise using an expanding win-
dow approach. Out of the 60 months utilized in the out-of-sample, the adap-
tive Lasso consistently chooses value, bond reversal, and equity momentum
spillover. Finally, we evaluate the economic benefits of investing according to
the predictions of the adaptive Lasso and find significant benefits in terms of
absolute and risk-adjusted returns.

In the third paper, we evaluate the ability of U.S. corporate bond fund man-
agers to generate alpha. We apply the False Discovery Rate (FDR) to dis-
tinguish between ”skill” and ”luck”. We find that long-term out-performance
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remains elusive, with only 1% of the funds able to generate significant alpha
over their life. However, fund managers are able to generate alpha over the
short-term, with the proportion of skilled funds increasing to 13.5% when
we examine three-year sub-periods. To confirm these findings, we design
an out-of-sample investment strategy where we invest in funds according to
their estimated “skill” from past returns. Our strategy generates positive
and significant alpha, confirming the persistence in outperformance over the
short-run. Our results are economically meaningful for investors suggesting
that dynamic and active manager selection pays off.
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Zusammenfassung

In der ersten Arbeit untersuchen wir die Auswirkungen von Testkriterien bei
der Identifizierung echter Asset Pricing Faktoren. Wir konzentrieren uns auf
die Sharpe ratio und die Pricing Performance Improvement. Wir untersuchen
zunächst ihre Beziehung und die Auswirkungen auf das Asset Pricing. Zu
diesem Zweck führen wir ein alternatives Pricing Performance Kriterium ein,
das es uns ermöglicht, beide Kriterien in einem gemeinsamen Mittelwert-
Varianz-Rahmen zu untersuchen und einen Einblick in ihre Beziehung zu
geben. Anhand einer detaillierten Simulationsstudie untersuchen wir die Leis-
tung der jeweiligen Kriterien bei der Identifizierung echter Faktoren. Um den
Simulationsrahmen realistisch zu gestalten, berücksichtigen wir explizit eine
Fehlspezifikation des Modells. Wir stellen fest, dass zwar beide Kriterien
Modellfehlspezifikationen ausgesetzt sind, die Pricing Performance Kriterien
jedoch unterlegen sind, da ihre Leistung durch Schätzungsfehler beeinflusst
wird. Anhand einer empirischen Anwendung zeigen wir die Auswirkungen der
Kriterien auf die Teilmenge der ausgewählten Faktoren. Wir entwickeln ein
iteratives Auswahlverfahren und verwenden das Sharpe ratio und die Pricing
Performance, um unter zehn etablierten Faktoren auszuwählen. Bei Verwen-
dung des Sharpe ratios ist das dominierende Modell ein Fünf-Faktoren-Modell,
während wir bei Verwendung der Pricing Performance ein Zwei-Faktoren-
Modell wählen. In Anbetracht unserer Simulationsergebnisse argumentieren
wir, dass die geringere Dimensionalität der Pricing Performance eher auf eine
Fehlspezifikation des Modells als auf eine echte Verbesserung der Pricing Per-
formance zurückzuführen ist.

In der zweiten Arbeit untersuchen wir den Querschnitt von Unternehmen-
sanleihen, indem wir einen grossen Datensatz von Jahresabschluss-, Aktien-
und Anleihenmerkmalen verwenden. Wir verwenden einen prädiktiven Re-
gressionsrahmen und das adaptive Lasso, um die wichtigsten Merkmale für
den Querschnitt der Unternehmensanleihen auszuwählen. Bei Anwendung des
adaptiven Lasso auf den gesamten Datensatz ergibt sich ein Zehn-Faktoren-
Modell, wobei Value, Bond Reversal und Equity Momentum Spillover die do-
minierenden Faktoren sind. Im Gegensatz zu Aktienstudien scheinen Finanz-
variablen aus Compustat keine grosse Aussagekraft bei der Vorhersage von
Unternehmensanleihenrenditen zu haben. Wir validieren unsere ersten Ergeb-
nisse, indem wir eine Out-of-Sample-Untersuchung mit einem Expanding-
Window-Ansatz durchführen. Von den 60 Monaten, die in der Out-of-Sample-
Stichprobe verwendet wurden, wählt das adaptive Lasso konsistent Value-
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, Bond-Reversal- und Equity-Momentum-Spillover aus. Abschliessend bew-
erten wir den wirtschaftlichen Nutzen von Investitionen gemäss den Vorher-
sagen des adaptiven Lassos und stellen fest, dass sie in Bezug auf die absoluten
und risikobereinigten Renditen erhebliche Vorteile bieten.

In der dritten Arbeit bewerten wir die Fähigkeit der Manager von Unternehmen-
sanleihenfonds, Alpha zu generieren. Wir wenden die False Discovery Rate
(FDR) an, um zwischen “Können” und “Glück” zu unterscheiden. Wir stellen
fest, dass eine langfristige Outperformance schwer zu erreichen ist, da nur 1%
der Fonds in der Lage ist, während ihrer Laufzeit ein signifikantes Alpha
zu erzielen. Allerdings sind die Fondsmanager in der Lage, kurzfristig Al-
pha zu generieren, wobei der Anteil der “Können” Fonds auf 13,5% steigt,
wenn wir dreijährige Teilperioden untersuchen. Um diese Ergebnisse zu va-
lidieren, entwerfen wir eine Out-of-Sample-Anlagestrategie, bei der wir in
Fonds entsprechend ihrem geschätzten “Können” investieren. Unsere Strate-
gie generiert ein positives und signifikantes Alpha, was die Persistenz der
Outperformance im kurzfristigen Bereich bestätigt. Unsere Ergebnisse sind
für Anleger von wirtschaftlicher Bedeutung und deuten darauf hin, dass sich
eine dynamische und aktive Managerauswahl auszahlt.
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Chapter 1

Comparing asset pricing models:
Pricing performance vs. Sharpe
ratio improvement

Abstract
A variety of new tests has been proposed to assist in taming
the zoo of asset pricing factors. A question that naturally arises
is: “Which test is better at identifying true factors?” Our pa-
per studies the impact of test criteria in identifying true factors.
We focus on the Sharpe ratio improvement suggested by Barillas
and Shanken (2017) and the pricing performance improvement of
Harvey and Liu (2021). We first study their relationship and as-
set pricing implications. To this end, we introduce an alternative
pricing performance criterion that allows us to study both criteria
under a common mean-variance framework and offers insight into
their relationship. Through a detailed simulation study, we exam-
ine the performance of the respective criteria in identifying true
factors. To make the simulation framework realistic, we explicitly
consider model misspecification. We show that while both criteria
are exposed to model misspecification, pricing performance crite-
ria are inferior as their performance is driven by estimation bias.
Through an empirical application, we demonstrate the impact of
the criteria on the subset of selected factors. We design an it-
erative selection procedure and use the Sharpe ratio and pricing
performance to choose among ten well-established factors. Using
the Sharpe ratio, the dominant model is a five-factor model, while
using pricing performance, we choose a two-factor model. Given
our simulation results, we think that the reduced dimensionality
of pricing performance is more likely to be a result of model mis-
specification rather than true pricing performance improvement.
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Chapter 1

1.1 Introduction

The field of asset pricing aims at developing a general theory that can explain
the price of risky assets. Considering that the “holy grail” of asset pricing
(a general model that would explain the price of all risky assets) is not avail-
able yet, we need a robust way of ranking competing asset pricing models.
The task of assessing competing models and factors has gained much atten-
tion recently. Harvey, Liu, and Zhu (2016) report more than 300 discovered
factors since 1967, raising questions related to data-mining and multiple test-
ing biases. In his presidential address, Cochrane (2011) refers to the “zoo
of factors” and highlights the importance of identifying which factors carry
information about the cross-section of returns. Hou, Xue, and Zhang (2020)
perform a replication study on 452 reported anomalies and find that most
discovered anomalies are rejected once we control for microcaps and multiple
testing. In response to the increasing importance of identifying true factors
out of the hundreds reported, a variety of new tests and methods has been
recently proposed in the literature.

A question that naturally arises is which test is better at identifying true
factors. In our paper, we focus on the choice of test criteria and more specifi-
cally the Sharpe ratio improvement suggested by Barillas and Shanken (2017)
and the pricing performance improvement of Harvey and Liu (2021). The
purpose of this paper is twofold. First of all, we expose the relationship
and asset pricing implications of the two criteria. Second, we examine the
performance of the two criteria in identifying true factors and consequently,
their usefulness in disentangling the zoo of factors. We expand previous work
by explicitly focusing on the case of model misspecification, thus when both
models under consideration are misspecified. While model misspecification is
a well-established issue in econometrics, our paper is the first to our knowl-
edge to study the impact of model misspecification in choosing asset pricing
models empirically.

Deciding whether a model is successful or not is straightforward, but sorting
non-successful (misspecified) models can be challenging. Traditional asset
pricing tests are absolute tests; thus, they are designed to answer whether the
model SDF is the true SDF. Absolute tests are unable to answer which model
is better or equivalently which factor is incrementally useful (relative test). To
better see the inability of absolute tests in ranking competing models, consider
the case of estimating an asset pricing model by N time-series regressions.
The standard procedure to test for correct identification is to test the null
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Chapter 1

hypothesis that all the intercepts are jointly zero. This is the well known
GRS test introduced by Gibbons, Ross, and Shanken (1989), and the test
statistic would be:

α̂⊤Σ̂
−1

α̂ ∼ χ2
N , (1.1)

where α̂ is a vector of estimated intercepts α̂ = {α1̂, ...α̂N}⊤ and Σ̂ is the
variance covariance matrix of the residuals. Using the GRS statistic to rank
competing models has the implicit consequence that a less precise model is
more likely to not reject the null compared to a model with higher precision.
It is straightforward that comparing models based on the statistics related to
the rejection of the null hypothesis is problematic as we implicitly favor the
less accurate model.1

Barillas and Shanken (2017) suggest that when we include the pricing factors
as test assets, the latter become irrelevant for the task of comparing asset
pricing models. The only thing that matters is whether the factors of the
base model are able to price the additional factor. If that’s not the case, then
including the extra factor leads to an improvement of the squared Sharpe
ratio of the portfolio of factors. To briefly see their point, consider for sim-
plicity two nested models with traded factors, the base model with one factor
f1t, the augmented model with two factors f1t, f2t and N test assets with
excess returns Rt. According to Barillas and Shanken (2017) we will prefer
the augmented model only if SR2

T(f1t, f2t) > SR2
T(f1t), where SR2

T(· ) is the
maximum squared Sharpe ratio (expected excess returns divided by standard
deviation) for the given returns, i.e. the squared Sharpe ratio of the tangency
portfolio.2

Harvey and Liu (2021) try to answer the same question of how to rank com-
peting asset pricing models. They introduce a bootstrap method to perform
factor selection and apply a different criterion (SI) that focuses on the differ-
ence of the absolute intercepts of the test assets. Thus they rank models based
on a measure of pricing performance.3 Their argument is that a factor should

1This fact is well documented in literature and it is unrelated to the method of esti-
mation. In a GMM framework, Jagannathan and Wang (1996) report similar issues for
the J-statistic, Hansen (1982). Fama and French (2012) and De Moor, Dhaene, and Sercu
(2015) provide a detailed summary on the pitfalls of comparing models based on model
specific tests.

2From standard portfolio theory we know that the portfolio of risky assets with the
maximum Sharpe ratio is the tangency portfolio between (i) the mean-variance frontier of
the risky assets without a risk-free asset and (ii) the mean-variance frontier of risky assets
with a risk-free asset.

3In time-series and cross-sectional asset pricing models, the intercept is the unexplained
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be deemed useful only if it is contributing to explaining the cross-section of
expected returns, i.e., smaller intercepts for the test assets.

The two proposed tests are different in terms of design and results. In terms
of design, the Sharpe ratio improvement is independent of the test assets,
while the pricing performance is highly dependent on the sample of test as-
sets. In terms of results, Barillas, Kan, Robotti, and Shanken (2020) apply
the Sharpe ratio improvement criterion introduced by Barillas and Shanken
(2017) to rank eight competing factors suggested by the literature. They re-
port that a variant of the six-factor model suggested by Fama and French
(2018) is the dominant model. Harvey and Liu (2021) apply their testing
framework on a total of 14 risk-factors and a variety of test assets (individual
stocks and portfolios). They find that the original market factor of Sharpe
(1964) remains the dominant factor in explaining the cross-section of returns.
Their results are surprising and in contrast with the majority of suggested
methods for factor selection that argue for a multidimensional SDF. This di-
vergence in results has been a primary motivation for this paper.

We contribute to the existing literature in three ways. First, we expand on
the relationship of the two criteria. To this end, we introduce an alternative
pricing performance criterion (MSQE) that is able to nest both Sharpe ratio
and pricing performance under a common mean-variance representation. We
show that the relationship of the two criteria can be expressed in three dif-
ferent but equivalent representations: (i) GRS, (ii) Sharpe ratio differentials,
and (iii) geometrically. Our main message is that the Sharpe ratio criterion
is trying to maximize the Sharpe ratio of the tangency portfolio of factors,
while pricing performance is trying to minimize the distance between the tan-
gency portfolio of factors and the tangency portfolio of factors and test assets.

Second, we examine through a detailed simulation study the performance
of the two criteria in identifying true factors. In order to make the simu-
lation framework realistic, we explicitly take into account model misspeci-
fication. We find that both criteria have vulnerabilities. The Sharpe ratio
is vulnerable in accepting false factors (large Type-I error) but is more re-
silient against model misspecification. The pricing performance criteria, on
the other hand, are very sensitive in model misspecification with power and
Type-I error driven by estimation bias errors. A major argument of Harvey
and Liu (2021) in introducing the SI criterion and focusing on pricing perfor-
mance is that the Sharpe ratio criterion is too vulnerable in accepting false

component of the expected return and can be interpreted as pricing error.
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factors, a fact which is also demonstrated in our simulations. Using the SI
criterion, we find only marginal improvement of Type-I error for the special
case of orthogonal factors and weakly correlated candidate factors with the
true SDF. However, for the general case of misspecified models, the SI crite-
rion yields unreliable results both in terms of power and Type-I error. From
our simulation, we conclude that unless there is an explicit treatment for the
estimation bias, then pricing performance is an inferior criterion compared to
Sharpe ratio for identifying true factors.

Third, through an empirical application, we show the impact of the criterion
on the subset of selected factors. We design an iterative selection procedure
and use the Sharpe ratio and pricing performance criteria in order to choose
among ten well-established factors. Using the Sharpe ratio, the dominant
model is a five-factor model that includes MKT, BAB, QMJ, CMA, and SMB.
Using the SI, we choose a two-factor model with MKT and BAB. Given our
simulation results, we think that the reduced dimensionality of pricing per-
formance is more likely to be a result of model misspecification rather than
true pricing performance improvement.

Finally, our work highlights the importance of designing testing procedures
based on the strengths and weaknesses of the test criteria. When using the
Sharpe ratio criterion there should be a careful selection of the candidate fac-
tors in order to mitigate for the high Type-I error. A simple approach would
be to include only well-established factors with a solid theoretical background.
Another approach would be to include an additional step where we first test
for the relationship of test factors with the covariance of returns and elim-
inate those with a weak relationship, similar to Pukthuanthong, Roll, and
Subrahmanyam (2019). On the other hand, when using pricing performance
as the test statistic, the researcher should try to mitigate the beta estima-
tion bias coming from model misspecification, an approach to do so could be
to apply the double-selection method of Belloni, Chernozhukov, and Hansen
(2014) which is applied by Feng, Giglio, and Xiu (2020) in order to mitigate
estimation bias in risk-prices.

Our paper is organized as follows. In the second section, we provide a detailed
literature review of papers on the topic of comparing asset pricing models. In
the third section, we review the factor selection criteria introduced by Barillas
and Shanken (2017) and Harvey and Liu (2021) and study their relationship
in a mean-variance framework. In the fourth section, we explore the per-
formance of the two criteria in identifying true factors through a simulation
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study. In the last part, we perform an empirical application to choose among
ten factors using Sharpe ratio and pricing performance.

1.2 Literature review

Our paper builds on various segments of the asset pricing and econometrics
literature. First of all, our paper is related to the literature in factor se-
lection. Most recent papers can be distinguished in two broad categories:
(i) applying traditional econometric techniques, and (ii) applying machine-
learning and regularization techniques. Our paper and the two papers that
we focus belong to the first category. Moreover, in the same branch of litera-
ture Green, Hand, and Zhang (2017) test a total of 94 characteristics through
Fama-MacBeth two-step regressions and find that 12 characteristics provide
information for non-micro cap stocks. Söderlind (2016) propose an alterna-
tive testing methodology by jointly estimating the two competing models in
a single GMM system.

In the second category that applies machine learning techniques, Feng et al.
(2020) propose a regularized two-pass estimation procedure focusing on risk-
prices instead of risk-premia and treating for the effect of omitted variables.
They report that chosen factors vary from 10 in 1994 to 18 in 2016, while they
also find a significant effect for some recently suggested factors, noting that
academic research continues to discover new factors. Messmer and Audrino
(2017) apply the adaptive Lasso methodology to a total of 64 firm character-
istics and find 14 of them being significant. Finally Freyberger, Neuhierl, and
Weber (2020) highlight the importance of non-linearities in the relationship
of characteristics and expected returns and apply the grouped Lasso method-
ology in order to identify useful characteristics non-parametrically.

Our paper is also related to a broad literature focusing on the effect of model
misspecification on the estimation and inference of asset pricing models. Pre-
vious work has mostly focused on the biased inference of risk-premia under
the presence of spurious factors, thus factors which are weakly correlated to
the returns. In such cases the identification assumption of the model fails
and inference is no longer valid, making highly likely that a spurious factor
would have a positive and significant risk-premium. Kan and Zhang (1999)
are the first to report the issue and show that a simple Wald-test on the
estimated risk-premia tends to over-reject the null hypothesis. Kleibergen

6



Chapter 1

(2009) propose a likelihood statistic based on Gibbons (1982) in order to
perform valid inference in Fama-MacBeth two-pass regressions, Gospodinov,
Kan, and Robotti (2014) focus on linear SDF models and introduce a way of
constructing misspecification-robust errors when the estimation is performed
according to the minimum HJ-distance. Finally Bryzgalova (2015) propose a
method based on regularization that simultaneously identifies and treats for
spurious factors.

Our focus is on a different type of model misspecification, namely the case
that neither of the two competing models is correctly specified. Thus, there
are omitted variables that are part of the true SDF that we do not account
for. This is similar to the misspecification bias discussed by Jagannathan and
Wang (1998). In our view, since most models are an imperfect representation
of reality, it is essential for a researcher to know and account for the implica-
tions of model misspecification in model selection.

1.3 Sharpe ratio and pricing performance im-
provement: What’s the difference?

In this section, we discuss the relationship and asset pricing implications of
the two criteria. We briefly present the two criteria introduced by Barillas
and Shanken (2017) and Harvey and Liu (2021) and introduce an alterna-
tive pricing performance criterion that is able to describe the relationship of
Sharpe ratio and pricing performance under a common mean-variance frame-
work. Throughout the paper, we consider the case of traded factors and a
time-series estimation using excess returns denoted by Rt.

1.3.1 The Sharpe ratio criterion

Consider N test assets with excess returns Rt = {r1t, .., rNt}⊤ and two com-
peting nested factor models. The base model with f1t, and the augmented
model with f1t and f2t. Moreover we have an auxiliary regression which is
the projection of the candidate factor f2t on f1t.

Base-model : rit = αb
i + βb

1if1t + ϵbit , (1.2)

Augmented-model : rit = αg
i + βg

1if1t + βg
2if2t + ϵgit , (1.3)

Auxiliary : f2t = µ+ ρf1t + vt . (1.4)
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From standard portfolio theory we know that the maximum squared Sharpe
ratio of a portfolio of assets can be expressed as:

SR2
T(Rt) = m⊤

e Σ
−1me , (1.5)

where me is the vector of expected excess returns and Σ is the covariance
matrix of the Rt excess returns. It is well known that the GRS, Gibbons et
al. (1989), is essentially a spanning test, where we test whether the portfolio
of factors is mean-variance efficient. As such we compare the squared Sharpe
ratio of: (i) the tangency portfolio formed jointly from the N test assets and
the ft risk-factors, and (ii) the tangency portfolio formed only with the ft
risk-factors. It follows that the GRS test for the base and augmented model
is:

GRSb = SR2
T(Rt, f1t)− SR2

T(f1t) , (1.6)

GRSg = SR2
T(Rt, f1t, f2t)− SR2

T(f1t, f2t) . (1.7)

According to Barillas and Shanken (2017), if we want to compare the base
and augmented model we have to include the extra factor (f2t) as a test-asset
in the base model. Then the GRS for the base model is:

GRS∗b = SR2
T(Rt, f1t, f2t)− SR2

T(f1t) . (1.8)

It follows that we prefer the augmented model over the base if GRSg < GRS∗b .
From (1.7) and (1.8) we see that the first term is common, in that sense when
we rank the models according to this modified GRS statistic the only thing
that matters is whether SR2

T(f1t, f2t) > SR2
T(f1t) or equivalently whether

including the extra factor leads to Sharpe ratio improvement. If this is the
case, the augmented model is preferred over the base model. The Sharpe ratio
improvement is directly linked to the constant µ of the auxiliary regression
(1.4). To be more precise, if µ = 0, then the f1t factor is able to fully price f2t,
and consequently, there is no difference in the Sharpe ratio from the inclusion
of f2t. Accordingly, if µ ̸= 0, f1t cannot fully price f2t and the inclusion of
the latter leads to Sharpe ratio improvement. An easy way to see that is by
applying GRS to (1.4), which leads to the following expression:4

µ2

Var(vt)
= SR2

T(f1t, f2t)− SR2
T(f1t) . (1.9)

4A short proof of the GRS can be found in Appendix 1.A linking intercepts and Sharpe
ratio improvement.
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It follows that for the case of nested models, we can compare competing
models by a simple t-test on the intercept µ of the auxiliary regression (1.4),
with the null and alternative hypothesis being:

H0 : µ = 0 ,

H1 : µ ̸= 0 .

We highlight that the above result, namely that test assets become redundant
for model comparison once all factors are included as test assets, holds for a
variety of tests and estimation methods. The common thread connecting
Sharpe ratio improvement and a variety of asset-pricing tests is that many
tests can be interpreted as a measure of how close to the tangency portfolio of
test assets is the tangency portfolio of factors. However, minor differences do
exist across estimation methods as the tangency portfolio of the test assets,
and factors are model dependent. As such different restrictions are necessary
in order to arrive to the same result. In Appendix 1.B, we show tha the
Sharpe ratio improvement argument holds for the modified HJ-distance test
of Kan and Robotti (2008) and the CSR test of Shanken (1985).

1.3.2 Pricing performance and the SI criterion

Harvey and Liu (2021) suggest a bootstrap technique in order to estimate crit-
ical values and perform hypothesis testing. Their approach is flexible enough
such that a researcher can use a broad range of test statistics. Contrary to
Barillas and Shanken (2017), they propose assessing competing models based
on their ability to improve pricing performance, the criterion of their choice
is:

SI =
1
N

∑︁N
i=1(|α

g
i | − |αb

i |)/sbi
1
N

∑︁N
i=1 |αb

i |/sbi
, (1.10)

where αb
i and αg

i denote the intercepts for asset i of the baseline and aug-
mented model and sbi denotes the standard errors of the intercepts of the
baseline model. According to the proposed test statistic, a negative value
means that the additional factor is reducing the size of the intercepts and
thus improving pricing performance. More specifically , if we denote the
vector of intercepts of the two models as αbase = {αb

i , i = 1, ...N} and
αaug = {αg

i , i = 1, ...N}, then the null and alternative hypothesis under con-

9
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sideration are the following:5

H0 : αbase = αaug ,

H1 : αbase ̸= αaug .

We highlight that they are focusing on a one-sided test; thus the null is re-
jected only when there is a significant reduction of the intercepts (negative
values of the test statistic). As such, under the null hypothesis, the two com-
peting models perform equally in pricing the test assets and a candidate factor
is deemed useful only if its inclusion in the baseline model is reducing the size
of the cross-section of intercepts.

1.3.3 The relationship of Sharpe ratio and pricing per-
formance

The first objective of this paper is to examine the relationship and asset pricing
implication of the two criteria, namely Sharpe ratio and pricing performance.
A first step is to express the base model in terms of the augmented model.
From equations (1.3) and (1.4) we have:

rit = (αg
i + βg

2iµ) + (βg
1i + βg

2iρ)f1t + (βg
2ivt + ϵgit) . (1.11)

It follows from the standard regression assumptions, that vt and ϵgit, have zero
means and are orthogonal to f1t, thus we have:6

αb
i = αg

i + βg
2iµ, βb

1i = βg
1i + βg

2iρ, ϵbit = βg
2ivt + ϵgit . (1.12)

Taking the absolute difference of the intercepts estimated for the two respec-
tive models leads to:

|αb
i | − |αg

i | = |αg
i + βg

2iµ| − |αg
i | . (1.13)

From equation (1.13) we see that the two criteria are related. The main dif-
ference is that pricing performance depends on µ and the beta (β2i) of the
test asset on the candidate factor. As such, pricing performance examines the
Sharpe ratio improvement and the correlation of the candidate factor with

5We note that typically the null and alternative hypothesis for absolute tests, such as
the GRS, are H0 : αbase = 0 and H1 : αbase ̸= 0.

6Equation (1.12) holds if we assume that there are no correlated omitted variables.
However, the null hypothesis (αb

i = αg
i ) holds even under the presence of omitted variables.

We discuss this topic in detail in 1.4.1.

10
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the test assets jointly. While this representation offers some insight, we are
not able to jointly study the two criteria under the common asset-pricing
framework. For this reason we introduce an alternative measure of pricing
performance.

Proposition 1. Let B be a model with factor f1t, nested in model G with
factors f1t, f2t and N test assets with excess returns Rt = {r1t, .., rNt}⊤.
Then the difference of the scaled squared intercepts of asset i under the two
models, can be written as:

MSQEi =
(αb

i )
2 − (αg

i )
2

Var(ϵbit)
= GRSbi −GRSgi ×

Var(ϵgit)

Var(ϵbit)
, (1.14)

where GRSbi , GRSgi is the univariate GRS test for asset i under the base and
augmented model.

Furthermore, given the interpretation of the GRS as a spanning test, expres-
sion (1.14) can be written in terms of squared Sharpe ratio differences as:

MSQEi =
(αb

i )
2 − (αg

i )
2

Var(ϵbit)
= [SR2

T(rit, f1t)− SR2
T(rit, f1t, f2t)]

+

Sharpe ratio improvement⏟ ⏞⏞ ⏟
[SR2

T(f1t, f2t)− SR2
T(f1t)]

+[SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]×
di

Var(ϵbit)
, (1.15)

where di = Var(ϵbit)−Var(ϵgit). For a detailed proof of proposition 1, see Ap-
pendix 1.C.

The alternative statistic of pricing performance (MSQE) proposed above dif-
ferentiates from the SI statistic of Harvey and Liu (2021) by focusing on the
squared intercepts of the test assets and using the variance of the residuals of
the base model as a scaling parameter. Using the MSQE allows us to jointly
study the Sharpe ratio and pricing performance under the traditional asset
pricing framework. More specifically, the MSQE can nest both criteria and
has a mean-variance interpretation that can be expressed in terms of GRS,
Sharpe ratio differentials, and geometrically. We clarify that while MSQE
offers valuable insight into the relationship of the two criteria, it performs
similarly to the SI criterion in our simulation study. As such, the MSQE is
not a better alternative to SI in identifying true factors.

11
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MSQE and the GRS test
From equation (1.14) we see that there is a direct relationship between the
MSQE statistic and the GRS. More specifically, the MSQE statistic for asset
i can be expressed as a GRS difference. The first term of the difference is
the univariate GRS under the base model, and the second term is a scaled
version of the univariate GRS under the augmented model. It follows that
the improvement of pricing performance across all test assets is equivalent to
the reduction of the average of N univariate GRS tests. In the special case
that the augmented model is correctly specified (GRSg

i = 0), we see from
(1.14) that comparing the two models is equivalent to the traditional GRS
(H0 : α = 0, H1 : α ̸= 0). The only difference is that we use the average of
the N univariate GRS tests instead of the joint cross-section of the N test as-
sets. The scaling factor (Wi = Var(ϵgit)/Var(ϵ

b
it)) is a proxy for the reduction

in unexplained variance and is normalizing for the different accuracy of the
two models. Thus, it deals with the issue of favoring the less-precise model,
which is prevalent when comparing the GRS statistic of different models.7

Sharpe ratio criterion as a restricted version of MSQE
From equation (1.15) we see that we can interpret the Sharpe ratio improve-
ment criterion as a restricted version of the pricing performance. The second
term in (1.15) is the improvement in terms of squared Sharpe ratio and is ex-
actly the term in Barillas and Shanken (2017). The first term is the difference
between the squared Sharpe ratio of the tangency portfolios Tb,i and Tg,i for
the single asset i under the base and augmented model. The third term is
an adjustment for the different precision of the models, similar to the scaling
factor in (1.14).

Geometric Interpretation of MSQE
Given the ability of MSQE to nest both criteria and its representation in terms
of Sharpe ratio differences, it follows that we can express their relationship in
the standard mean-variance framework. In Figure 1.1 we use as an example
the case of a single test asset (FF1) and two competing models, the base
model with one factor f1t = MKT and the augmented model with two factors,
f1t = MKT and f2t = SMB.8 We denote the tangency portfolios of the base
and augmented model using only the risk-factors as Mb, Mg and the tangency
portfolios formed by the risk-factors and test asset i as Tb,i, Tg,i. Given that
the the slope of OA is equal to SRT(f1t) and point A has standard deviation

7Wi can be written in terms of R2, Wi = (1− R2
g,i)/(1− R2

b,i).
8FF1 is the first portfolio of the 25 FF portfolios sorted for size (ME) and book-to-

market(BE/ME) (smallest size and lowest BE/ME).
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equal to 1, the length of OA equals
√︁
1 + SR2

T(f1t). Similarly, we can calculate
the length of OB, OC and OD as:

OA =
√︂
1 + SR2

T(f1t), OBi =
√︂
1 + SR2

T(rit, f1t),

OC =
√︂

1 + SR2
T(f1t, f2t), ODi =

√︂
1 + SR2

T(rit, f1t, f1t) . (1.16)

It follows from (1.16) that we can express the MSQE and Sharpe ratio statistic
in terms of the length from the zero origin O to points A, B, C and D as:

MSQEi =
(αb

i )
2 − (αg

i )
2

Var(ϵbit)
=
(︁
(OBi)

2 − (OA)2
)︁
−
(︁
(ODi)

2 − (OC)2
)︁
×Wi ,

SR2-IMP =SR2
T(f1t, f2t)− SR2

T(f1t) = (OC)2 − (OA)2 . (1.17)

The main message from all three equivalent representations is the same. The
Sharpe ratio improvement criterion focuses on maximizing the squared Sharpe
ratio of the M portfolio; thus, a factor is deemed useful if SR2

T(f1t, f2t) >
SR2

T(f1t). On the other hand, the pricing performance criterion focuses on
minimizing the average distance between the Ti and M portfolio of each re-
spective model. Under the GRS representation, this is equivalent to reducing
the average of the N univariate GRS of the competing model. To better
understand the divergence of the two criteria, we can consider the example
depicted in Figure 1.1. Adding the SMB factor to the base model increases
the Sharpe ratio of the M portfolio marginally. In contrast, it increases signif-
icantly more the distance between Tg,i and Mg. Thus the augmented model
improves the Sharpe ratio but performs worse at pricing the FF1 test asset.

1.4 Performance in identifying true factors: A
simulation study

1.4.1 Impact of model misspecification

Every asset pricing model that we test is only an approximation of the true
model that generates asset returns as such it is important to take into account
the impact of model misspecification on the criteria used for choosing factors.
In this section we examine in a theoretical framework the impact of model
misspecification on the power of the respective test statistic. Consider again
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the two competing models and auxiliary regression introduced in (1.2)–(1.4)
and assume that the true model is:

True-model : rit = β1if1t + β2if2t + β⊤
hiht + ϵit , (1.18)

where β1i, β2i, βhi are the population factor loadings, f1t, f2t are the factors
of the base and augmented model and ht = {h1t, ..., hKt} is a K × 1 vector
of omitted variables. From (1.18), it follows that both competing models are
misspecified. The magnitude of the intercept µ determines how big is the
impact of the candidate factor f2t to the cross-section of returns. Thus larger
values of µ should correspond to higher Sharpe ratio and pricing performance
respectively.

Since f1t, f2t are true factors, it holds by definition that µ ̸= 0 and thus adding
f2t to the base model will always improve the Sharpe ratio of the tangency
portfolio, SR2

T(f1t, f2t) > SR2
T(f1t). The impact of model misspecification is

reflected on the estimation bias of µ, which can be expressed as:

µ̂ = µ+ (ρ− ρ̂)µf1 , (1.19)

and will depend on the correlation structure of f1t, f2t with the omitted vari-
able ht. Given that for the Sharpe ratio, we are interested in the alternative
hypothesis µ ̸= 0, we expect that model misspecification will impact the power
of the test. However, higher values of µ will still lead to Sharpe ratio improve-
ment.

Pricing performance is also impacted by model misspecification. From (1.2)–
(1.4) and (1.18) we can express the sample estimates of the squared pricing
errors of the base and augmented model as:

(α̂b
i )

2 =
(︂
β⊤
hiµh +

(︂
β1i − (β̂

b

1i − β2iρ)
)︂
µf1 + β2iµ

)︂2
,

(α̂g
i )

2 =
(︂
β⊤
hiµh +

(︂
(β1i − β̂

g

1i) + (β2i − β̂
g

2i)ρ
)︂
µf1 + (β2i − β̂

g

2i)µ
)︂2

,

(1.20)

where µf1, µf2 is the mean of f1t, f2t factors and µh is a vector with the means
of ht omitted factors.9 It follows that the pricing performance improvement
from the inclusion of f2t will depend on whether the augmented model is cor-
rectly specified or not. For the case that the augmented model is correctly

9Equations in (1.20) follow from substituting E[rit] = µr,i = β1iµf1+β2iµf2+β⊤
hiµh and

E[f2t] = µf2 = µ+ρµf1 in (α̂b
i )

2 = (µr,i− β̂
b
1iµf1)

2 and (α̂g
i )

2 = (µr,i− β̂
g
1iµf1− β̂

g
2iµf2)

2.
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specified, adding f2t will always improve pricing performance. However, if it
is misspecified, results will depend on: (i) the sign of the beta coefficient of
the candidate factor and (ii) the magnitude and sign of the bias of the beta
estimates.

In the next section, we design a parametric simulation to study further the
impact of model misspecification on the power of the respective criteria. We
take into account different correlation specifications in order to assess the
performance of the two criteria. Our goal is to examine the reliability of the
proposed criteria in identifying true asset-pricing factors and thus get insight
into their usefulness in disentangling the zoo of factors. We perform two sim-
ulation studies. In the first one, we focus on the power of the test (Type-II
error) and the impact of model misspecification in identifying true factors. In
the second simulation, we focus on the acceptance rate of false factors (Type-I
error). In what follows, we first describe the data used in our study and then
provide details on the two simulation procedures, Type-II and Type-I error.

1.4.2 Data

For test assets we use monthly data spanning from Jan-1958 to Jan-2017
(709 observations) for the 25 FF portfolios sorted for size (ME) and book-to-
market(BE/ME). For candidate factors we use 6 well established factors: size
(SMB), value (HML) Fama and French (1992), momentum (MOM) Jegadeesh
and Titman (1993), betting-against-beta (BAB) Frazzini and Pedersen (2014)
and quality (QMJ) Asness, Frazzini, and Pedersen (2019). The monthly re-
turns for portfolios and the factors are all from the database of Fama and
French.10 We choose these factors because they are broadly used in the lit-
erature and because they have different correlation characteristics with the
test assets. As we see in Figure 1.2, SMB and HML have high betas with the
test assets while MOM and BAB are weakly correlated. QMJ on the other
hand, is somewhere in the middle of the two extreme cases. In Table 1.1 we
see a simple intercept test from the regression of factor returns on MKT. As
discussed earlier, a non-zero intercept µ means that the additional factors im-
prove the Sharpe ratio of the base model, in this case the CAPM. As we see,
all factors have non-zero intercepts except SMB. We use the sample estimates
of µ as a natural reference point for our simulations.

10http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html.
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Table 1.1: Regression intercepts of factors. Regression intercepts and t-statistics for
each respective factor (ft) on market excess returns, ft = µ+ρ×MKT+ϵt. Standard errors
are estimated using White (1980) covariance estimator. Data from Jan-1958 to Jan-2017.

SMB HML MOM BAB QMJ

µ̂ 0.10 0.40 0.72 0.85 0.50
t-stat (0.94) (4.01) (4.38) (6.75) (6.32)

Table 1.2: Correlation matrix. Data from Jan-1958 to Jan-2017.

MKT SMB HML MOM BAB QMJ

MKT 1.00 - - - - -
SMB 0.31 1.00 - - - -
HML -0.28 -0.11 1.00 - - -
MOM -0.15 -0.19 -0.14 1.00 - -
BAB -0.09 -0.05 0.36 0.18 1.00 -
QMJ -0.53 -0.53 -0.07 0.25 0.20 1.00

Figure 1.2: Factor betas. Beta coefficients for each respective factor and test asset. Esti-
mated from N multivariate time-series regressions using all 6 factors under consideration.
Test assets are the 25 FF portfolios.
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1.4.3 Simulation-I: Power of the test

We define two competing models nested to each other, the base and aug-
mented. The base model is the CAPM, and we denote the MKT as f1t. The
augmented model is an extended version of the CAPM comprised of one ad-
ditional factor, denoted as zt. For zt, we consider each one of HML, QMJ,
MOM, and BAB sequentially. As such, we perform four model comparisons
where we compare the CAPM against the respective extended model each
time. Since the models are always nested, the procedure can be interpreted
as factor selection, and zt is the candidate factor.

Competing models

Base-model : rit = αb
i + βb

1if1t + ϵbit , (1.21)

Augmented-model : rit = αg
i + βg

1if1t + βg
zizt + ϵgit . (1.22)

True model

1st-case : rit = β1if1t + βzizt + ϵit , (1.23)

2nd-case : rit = β1if1t + βzizt + β⊤
hiht + ϵit . (1.24)

For the true model, we distinguish between two cases. The first case is that
the augmented model is the true model, and the second case is that both
competing models are misspecified, with ht = {h1t, ..., hKt} being a K × 1
vector of omitted variables. For the second case, the true model is always a
six-factor model with MKT, SMB, HML, MOM, BAB, and QMJ. In all cases,
the candidate factor zt is part of the true model; as such, all test criteria
should be able to identify zt. We use the same size as our sample throughout
the simulation, T = 709.

Step 1: Specify the true model and correlation structure of the
factors
We consider three different specifications that vary according to the choice
of the true model and correlation structure of the factors. Our goal is to
start from the case of no model misspecification and gradually increase the
complexity in order to reach more realistic conditions.

• Specification-1: The augmented model is the true model, (1.23), and
the covariance matrix of factors is the same as the sample.

• Specification-2: Both models are misspecified, (1.24), and all factors
are orthogonal.
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• Specification-3: Both models are misspecified, (1.24), all factors are
orthogonal except of zt and f1t with the first factor of the omitted vari-
ables, h1t. For the correlation of f1t, h1t we use the in-sample correlation
while for zt, h1t we vary ρs2,3 from -0.6 to +0.6 with a step of 0.1. Below
is an example of the correlation matrix:

Corrsim =

f1t zt h1t h2t h3t h4t⎛⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎠
1 0 ρ̂(1,3) 0 0 0

0 1 ρs(2,3) 0 0 0

ρ̂(3,1) ρs(3,2) 1 0 0 0

0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

(1.25)

Step 2: Estimate the coefficients (ρ̂, η̂0, η̂1) of the auxiliary regres-
sion
We assume that the factors are jointly normally distributed and simulate ar-
tificial factor returns from:

[f̃1t, z̃t, h̃t] ∼ N(m̂e,Σsim) , (1.26)

where m̂e is a vector of sample means and Σsim is the covariance matrix from
Corrsim, given the in-sample standard deviation of the factors. We estimate
the auxiliary regression between zt and f1t from:

z̃t = µz + ρf̃1t + vt . (1.27)

To preserve the correlation structure among the candidate factor zt and the
omitted factors ht imposed in Step 1, we project the residuals v̂t of the aux-
iliary regression (1.27) to the omitted variables ht:

v̂t = η0 + η⊤1 h̃t + ωt . (1.28)

We repeat the estimation of Step 2 for 1000 times and take the expectation
of the parameters of interest (ρ, η0, η1).

11

Step 3: Generate artificial returns of factors f̃1t, z̃
∗
t , h̃t and test assets

r̃it
11We note that Step 2 is useful only when we have correlated omitted variables. In this

case, we are interested in preserving the relationship between the residuals vt from the
auxiliary regression and the correlated omitted factor.
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Similar to Step 2 we generate artificial factor returns from (1.26). Then we
use the coefficients ρ̂, η̂0, η̂1 to generate artificial returns z̃∗t for the candidate
factor:

z̃∗t = µ̃z + ρ̂f̃1t + vt̃ , (1.29)

ṽt = η̂0 + η̂1
⊤h̃t + ω̃t, ω̃t ∼ N(0, Σ̂ω) . (1.30)

The magnitude of µ̃z determines how big is the impact of the candidate factor
zt on the cross-section of returns. When µz = 0, the premium of the candidate
factor zt is explained by its exposure to f1t, thus the null hypothesis is true
and the two competing models produce the same pricing errors (αb

i = αg
i ) and

maximum Sharpe ratio portfolios (SR2
T(f1t) = SR2

T(f1t, f2t)), see also (1.9)
and (1.13). Larger values of µz mean that the candidate factor has a larger
impact on the cross-section of returns, and the test criteria should reject the
null with higher power. To evaluate the power of the criteria, we use a real-
istic12 grid of values for µz ranging from 0 to 1. Thus, we set µ̃z = A× 1/12
and for A we use a grid of values A = [0 : 1 : 12].

Using z̃∗t and the sample beta coefficients13 we generate artificial returns for
N test assets:

r̃it = β̂1if̃1t + β̂ziz̃
∗
t + β̂

⊤
hih̃t + ϵ̃it, ϵ̃it ∼ N(0, Σ̂ϵ) . (1.31)

Step 4: Estimate base and augmented model
We estimate the base and augmented model using the simulated returns of
the test-assets and factors:

Base-model : r̃it = αb
i + βb

1if̃1t + ϵbit , (1.32)

Augmented-model : r̃it = αg
i + βg

1if̃1t + βg
ziz̃

∗
t + ϵgit . (1.33)

Step 5: Test statistics calculation
For every j generated sample j = [1, 2, .., B], we calculate the two pric-
ing performance statistics (SI, MSQE) and the Sharpe ratio improvement
(SR2-IMP):

SÎ j =
1
N

∑︁N
i=1(|α̂

g
i,k| − |α̂b

i,k|)/ŝ
b
i,k

1
N

∑︁N
i=1 |α̂

b
i,k|/ŝ

b
i,k

, (1.34)

12See Table 1.1 for in-sample estimates.
13We clarify that we estimate the beta coefficients one time from rit = αi + β1,iMKTt +

β2,iSMBt + β3,iHMLt + β4,iMOMt + β5,iBABt + β6,iQMJt + ϵit.
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MSQEˆ
j =

1

N

N∑︂
i=1

(︄
(α̂b

i,k)
2 − (α̂g

i,k)
2

Var(ϵ̂bit,k)

)︄
, (1.35)

SR2-IMPˆ
j = SR2

T(f̃1t, z̃t)− SR2
T(f̃1t) . (1.36)

We evaluate the power of the test by repeating Step 3–5 for different values
of A, using a grid of values A = [0 : 1 : 12]. For A = 0 we are calculating
the critical values of our test. We highlight that the critical value for the SI
statistic is the 5th percentile while for the MSQE the 95th.

In Figures 1.3–1.5 we see the rejection power of the different criteria for four
candidate factors across the three simulation specifications. By design, the
candidate factors are true factors; as such, test criteria should reject the null
with increasing power under all simulation specifications. However, the re-
jection power of the criteria varies significantly across candidate factors and
simulation frameworks. The two key aspects that affect the rejection power
are: (i) the size of the beta (βzi) of the candidate factor on test assets and (ii)
model misspecification. The Sharpe ratio criterion performs well across all
different specifications as it is less impacted by model misspecification and in-
dependent of the beta (βzi) of the candidate factor on test assets. For pricing
performance, the power of the test depends on both model misspecification
and the beta of the candidate factor (βzi). More specifically, pricing perfor-
mance criteria have low power in identifying true factors with low betas and
yield unreliable results when we allow for model misspecification and corre-
lated omitted variables. In the last case, the rejection power is solely driven
by the beta estimation bias, leading to zero power in identifying certain fac-
tors.

In Figure 1.3, we see the rejection power for the case that the augmented
model is correctly specified. All test statistics behave well and reject the null
with increasing power for higher values of µ̃z. The three statistics have sim-
ilar power for risk factors with high betas such as HML and QMJ, with the
Sharpe ratio being close to 99% and pricing performance criteria well above
95%. The power of pricing performance is reduced for risk factors with lower
betas such as MOM and BAB. The rejection power for MOM is 84% and 80%
for the MSQE and SI statistic respectively for µ̃z = µ̂z, while for BAB, the
rejection rate is 88% and 85%. The power of the Sharpe ratio is unchanged
across factors as it is independent of βzi.
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In Figure 1.4, we see the rejection power for the case that the augmented
model is misspecified and factors are orthogonal. The Sharpe ratio criterion
is unchanged compared to the previous specification. Pricing performance
criteria perform well in identifying high βzi factors (HML, QMJ) but fail to
reject the null when βzi is small (BAB, MOM). For MOM, the power of the
test is reduced to 50%/40% from 84%/80% for the MSQE/SI criterion. For
BAB, the power is reduced to 23%/34% from 88%/85% respectively. To bet-
ter understand these results we can consider equation (1.20). In this case,
all factors are orthogonal, and beta estimates are unbiased. But there is still
the impact of omitted variables from β⊤

hiµh. It follows that the improvement
of pricing performance will depend on the sign of the factor loading βzi on
the test assets despite zt being a true factor. For example if β⊤

hiµh > 0 and
βzi < 0 the inclusion of the true factor zt will decrease pricing performance for
asset i. This fact is leading to reduced power for pricing performance criteria.

In Figure 1.5, we see the power of the tests for the case that the augmented
model is misspecified and f1t, zt factors are correlated with one of the omitted
variables. Having this more evolved correlation structure allows us to assess
the power of the tests and the impact of model misspecification under more
realistic conditions. We consider MOM as the candidate factor and four dif-
ferent levels of correlation, ρs = −0.2, ρs = 0, ρs = 0.2 and ρs = 0.5. As we
see, both the Sharpe ratio and pricing performance are impacted by estima-
tion bias; however, the Sharpe ratio performs better. More specifically, the
Sharpe ratio rejects the null with increasing power for all three cases despite
delivering reduced power for small values of µ in the case of ρs = 0.5. On the
other hand, pricing performance is impacted more by model misspecification.

When the correlation of zt and h1t is negative, the bias term (βzi − β̂
g

zi) in
(1.20) is positive, making the rejection power of pricing performance effec-
tively zero for any value of µ. Interestingly, even when zt is weakly correlated
with ht (ρ

s = −0.2), the power of the pricing performance criteria is zero.

In order to validate our results, we perform a non-parametric simulation based
on bootstrap; results can be found in Appendix 1.E. Similar to the parametric
simulation, we explicitly consider model misspecification. For the misspecified
case, we assume that the true model includes all six factors. Since we use a
non-parametric approach, the correlation of the simulated factors should ap-
proximate the in-sample correlation. The results are similar to the parametric
simulation. All criteria perform well for the correctly specified case and re-
ject the null with increasing power, while pricing performance shows reduced
power for factors with low beta loadings. For the case of model misspeci-
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fication, we see that the pricing performance criteria exhibit zero power for
certain factors. As we show above, this is a result of beta estimation bias. The
Sharpe ratio rejects the null with similar power to the no misspecification case.

1.4.4 Simulation-II: Type-I error

So far, we have explored the power of the respective test, i.e., their ability to
identify true factors. However, it is essential to examine the case of incorrectly
identifying false factors as true factors (Type-I error). The main argument of
(Harvey & Liu, 2021) for introducing SI is that it should perform better than
the Sharpe ratio in terms of Type-I error. For the general case of correlated
omitted variables, the results for Type-I error will be similar to the power
simulation, with estimation bias having a more significant impact on pricing
performance criteria. To avoid repeating ourselves, we focus on the special
case of orthogonal factors. Consider two competing models nested to each
other:

Base-model : rit = αb
i + βb

1if1t + ϵbit , (1.37)

Augmented-model : rit = αg
i + βg

1if1t + βg
zizt + ϵgit . (1.38)

The true model is given by:

True model : rit = β1if1t + β2if2t + ϵit . (1.39)

The base model is always the CAPM, with f1t being the market factor and
for f2t we consider the HML factor. As we can see the candidate factor zt is
not part of the true model in (1.39) and it shouldn’t be identified as a true
factor from the criteria under consideration. We can think the zt candidate
factor as any trading strategy that carries a premium because it is correlated
with the true SDF. For simplicity we consider zt being only correlated with
f2t:

zt = γf2t + vt . (1.40)

Step 1: Generate artificial returns of factors f̃1t, f̃2t, z̃t.

We assume that f1, f2 are normally distributed and orthogonal to each other
and simulate artificial factors from:

[f̃1t, f̃2t] ∼ N(msim,Σsim) , (1.41)
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Figure 1.3: Power of the tests, augmented model correctly specified. Results of
parametric simulation when the augmented model is correctly specified, test assets are the
25 FF portfolios, B = 2000 and T = 709. The four figures display the rejection power
(α = 5%) of the criteria for different candidate factors (zt) under consideration, namely
HML, QMJ, MOM and BAB. The vertical line denote the power of the test for µ̃z = µ̂z .
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Figure 1.4: Power of the tests, augmented model misspecified and all factors
orthogonal. Results of parametric simulation when the augmented model is misspecified
and all factors orthogonal, test assets are the 25 FF portfolios, B = 2000 and T = 709.
The four figures display the rejection power (α = 5%) of the criteria for different candidate
factors (zt) under consideration, namely HML, QMJ, MOM and BAB. The vertical line
denote the power of the test for µ̃z = µ̂z .
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Figure 1.5: Power of the tests, augmented model misspecified and omitted factors
correlated. Power of the test statistics when the augmented model is misspecified and
f1t, zt is correlated with omitted variables, test assets are the 25 FF portfolios, B = 2000
and T = 709. The four figures display the rejection power (α = 5%) of the criteria for
different levels of correlation (ρs) under consideration, namely ρs = −0.2, ρs = 0, ρs = 0.2
and ρs = 0.5. The horizontal line denote the power of the test for µ̃z = µ̂z .
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with Σsim being a diagonal matrix with the sample variance of the two re-
spective factors and msim given from:

msim =

[︃
µ̂f1

µ̃f2

]︃
, (1.42)

where µ̂f1 is the sample mean of f1. The magnitude of µ̃f2 determines how big
is the impact of the true factor f2t on the cross-section of returns. When µ̃f2 =
0, the premium of f2t is explained by its exposure to f1t, thus the null hypoth-
esis is true and the two competing models produce the same pricing errors
(αb

i = αg
i ) and maximum Sharpe ratio portfolios (SR2

T(f1t) = SR2
T(f1t, f2t)).

Larger values of µ̃f2 mean that the true factor f2t has a larger impact on the
cross-section of returns. However, given that zt is not part of the true model,
the test-criteria should not reject the null despite higher values of µ̃f2. To
evaluate the Type-I error of the criteria, we use a realistic grid of values for
µ̃f2 ranging from 0 to 1. Thus, we set µ̃f2 = A × 1/12 and for A we use a

grid of values A = [0 : 1 : 12]. We then use f̃2t to generate z̃t from:

z̃t = γf̃2t + vt , vt ∼ N(0, 1) . (1.43)

From γ we can control the correlation of zt and f2t. To study the resilience
of the criteria on different levels of correlation, we use a grid of values,
γ = [0.1 : 0.1 : 0.6].

Step 2: Generate returns for the test assets, r̃it.
We use the generated factors f̃1t, f̃2t and the sample beta coefficients to gen-
erate artificial returns for the N test assets.

r̃it = β1if̃1t + β2i + f̃2t + ϵ̃it , ϵ̃it ∼ N(0, Σ̂ϵ) . (1.44)

Step 3: Estimate base and augmented model.
Finally using the generated returns for the test assets and factors, we estimate
the base and augmented model from:

Base-model : r̃it = αb
i + βb

1if̃1t + ϵbit , (1.45)

Augmented-model : r̃it = αg
i + βg

1if̃1t + βg
ziz̃t + ϵgit . (1.46)

Step 4: Test statistic calculation
Similar to the simulation for the power of the tests we calculate the three test
statistics for every j generated sample j = [1, 2, .., B]. We evaluate the Type-I
error of the criteria by repeating Step 1-4 for different values of A, using a
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grid of values A = [0 : 1 : 12]. For A = 0, we calculate the critical values of
the tests.

The null hypothesis
We briefly show why the null hypothesis holds when µ̃f2 = 0. Consider
zt = µ+ρf1t+ ϵt being the projection of zt on f1t then from (1.40) and factor
orthogonality, it follows that:

µ = γµf2 . (1.47)

Also, from (1.38)–(1.40) and f1t orthogonal on f2t we can express the squared
pricing errors as:

(αi
b)2 = (β1iµf1 + β2iµf2)

2
,

(αi
g)2 =

(︁
β1iµf1 + β2i(1− γ2)µf2

)︁2
. (1.48)

Thus from (1.47) and (1.48) we see that when µ̃f2 = 0 the two competing

models produce the same pricing errors (αb
i = αg

i ) and maximum Sharpe ratio
portfolios (SR2

T(f1t) = SR2
T(f1t, f2t)).

In Figure 1.6 we see the Type-I error of the three respective statistics for
different values of γ. By design, zt is a false factor; as such, all testing criteria
should not identify zt as a true factor and consequently not reject the null hy-
pothesis. Overall, all statistics exhibit high levels of Type-I error, but results
do vary according to the level of γ. For small values of γ (γ = 0.2) we see
that the SI criterion performs well, with the Type-I error capped in moderate
levels. On the contrary, we see that both the Sharpe ratio and MSQE crite-
ria suffer from large Type-I error, making them vulnerable to accepting false
factors. Consequently, we see that the SI statistic that uses absolute instead
of squared differences and a more elaborate weighting scheme performs better
than MSQE in terms of Type-I error. However, as we see in the following two
specifications, the performance of the SI criterion is rapidly decreasing as we
increase γ. Even for moderate values of γ = 0.3 and γ = 0.4, the Type-I error
of the SI criterion increases significantly and becomes similar to the Share-
ratio and MSQE criteria.

We highlight that in this simulation framework, we assume that f1t, f2t are
orthogonal, as such we do not account for beta estimation bias. If we allow for
correlated omitted variables, the results are similar to the previous simulation
and rejection power of the pricing performance criteria is driven by the sign
and magnitude of the estimation bias. Given that factor orthogonality is not
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a realistic assumption and that SI improves Type-I error only for low values
of γ we think that any benefits in term of Type-I error reduction are negligible.

1.4.5 Sharpe ratio or pricing performance?

Both criteria have weaknesses. The major drawback of the Sharpe ratio is
that it is vulnerable to accepting false factors. Any trading strategy that is
correlated with the true SDF or, even worse, any strategy that is driven by
miss-pricing or data-snooping can be identified as a true factor. This weak-
ness of the Sharpe ratio is the primary reason that Harvey and Liu (2021)
introduce the SI criterion for choosing factors. To our understanding, their
argument for using the SI criterion is the following: given that factors driven
by miss-pricing or data-snooping are more likely to be weakly correlated with
the test assets (low beta), a test like pricing performance that considers beta
loadings and Sharpe ratio jointly will be less prone to accepting false factors
and thus a more appropriate criterion for choosing factors.

While we agree with this argument, we think that there is an important el-
ement missing, and that is model misspecification. In our simulations, we
try to replicate realistic conditions and examine which of the two criteria
performs best in identifying true factors. As we see from our results, the SI
criterion is vulnerable to model misspecification, with power and Type-I error
driven by beta estimation bias in the general case of misspecified models and
correlated omitted variables. On the other hand, the Sharpe ratio criterion
is more resilient in terms of model misspecification. In other words, while
pricing performance is a more comprehensive test statistic than the Sharpe
ratio and should help mitigate the acceptance of false factors, it is producing
inferior results because of its higher exposure to model misspecification and
estimation bias.

Our work highlights the importance of designing testing procedures based on
the strengths and weaknesses of the test criteria. When using the Sharpe
ratio criterion, there should be a careful selection of the candidate factors.
A simple approach would be to include only well-established factors with a
solid theoretical background. Another approach would be to have an addi-
tional step where we first test for the relationship of test factors with the
covariance of returns and eliminate those with a weak relationship, similar
to Pukthuanthong et al. (2019). On the other hand, when using pricing per-
formance as the test statistic, the researcher should try to mitigate the beta
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Figure 1.6: Type-I error of the tests, all factors orthogonal. Type-I error of the test
statistics , f2t=HML, test assets are the 25 FF portfolios, B = 2000 and T = 709. The four
figures display the Type-I error (α = 5%) of the criteria for different levels of γ, namely
γ = 0.2, γ = 0.3, γ = 0.4 and γ = 0.5. The horizontal line denote the Type-I error of the
test for µ̃f2

= µ̂f2.
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estimation bias coming from model misspecification. An approach to do so
could be to apply the double-selection method of Belloni et al. (2014) which
is applied by Feng et al. (2020) to mitigate estimation bias in risk-prices.

1.5 Empirical application: Factor selection

In this section, we provide an empirical example of factor selection using the
Sharpe ratio criterion suggested by Barillas and Shanken (2017) and the SI
criterion of Harvey and Liu (2021). The purpose of this exercise is to show
empirically the impact of the test criterion on the subset of selected factors.
We calculate critical values for hypothesis testing using the bootstrap tech-
nique suggested by Harvey and Liu (2021). The critical values for the Sharpe
ratio criterion can be estimated asymptotically using the delta method but
for the SI criterion, asymptotic critical values are not feasible due to its com-
plex form. In order to use the same testing methodology we use bootstrapped
critical values for both criteria.

Typically bootstrapped critical values are employed in empirical studies in
order to reduce the Type-I error related to finite sample biases, heteroskedas-
ticity and/or autocorrelation of regression residuals. In our case, the major
source of Type-I error is model misspecification and correlated omitted vari-
ables, which is not mitigated through bootstrapping. As such our choice of
using bootstrapped critical values for hypothesis testing is only related to the
inability of getting asymptotic critical values for all criteria. Below we discuss
in detail how to enforce the null hypothesis and the type of bootstrap such
that we preserve the relationship of our data.

1.5.1 Bootstrap under the null

For simplicity we first describe how to bootstrap under the null when there is
only one candidate factor zt. We then proceed to the generalized case where
we have K candidate factors. Thus, consider the case of one candidate factor
zt and two nested models:

Base-model : rit = αb
i + βb

1if1t + ϵbit , (1.49)

Augmented-model : rit = αg
i + βg

1if1t + βg
zizt + ϵgit . (1.50)
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Step-1: De-mean candidate factors such that null hypothesis holds,
αb = αg and SR2

T(f1) = SR2
T(f1, zt).

We first project the candidate factor zt on f1t:

zt = µ+ ρf1t + vt . (1.51)

Then we generate returns of the candidate factor z∗t such that the null hy-
pothesis holds. To do so we need to subtract the intercept µ estimated in
(1.51) from the original factor zt:

z∗t = zt − µ = βf1 + ϵ . (1.52)

By definition, if we regress z∗t on f1t then µ = 0 thus SR2
T(f1) = SR2

T(f1, z
∗
t )

and from (1.13) it follows that αb = αg.

Step-2: Bootstrap rit, f1, z
∗
t and estimate base and augmented model.

We employ a pair-bootstrap where we re-sample the whole cross-section of the
dependent and independent variables. This way we preserve the relationship
between the dependent and independent variables and treat for heteroscedas-
ticity, which is a well known fact in financial returns. More details about the
bootstrap technique can be found in Appendix 1.D. As such, we bootstrap
B times the cross-section of rit, f1, z

∗
t and estimate the base model and the

augmented model.

Base-model : r̃it = αb
i + βb

1if̃1t + ϵbit , (1.53)

Augmented-model : rit = αg
i + βg

1if̃1t + βg
ziz̃

∗
t + ϵgit . (1.54)

Step-4: Calculate Sharpe ratio and pricing performance criteria
In each iteration we calculate the Sharpe ratio and SI criterion. Then us-
ing the distribution under the null we calculate the critical values. We then
estimate the relevant statistics using the actual sample and use the critical
values from the bootstrap procedure to estimate p-values for single hypothesis
testing.

Multiple testing
In a realistic application, zt is a set of candidate factors with dimension K.
As such we repeat the procedure described above K times for every candidate
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factor and we proceed in a forward step-wise manner until no candidate factor
zt rejects the null. Since we test simultaneously for multiple factors we need
to correct for multiple-hypothesis testing bias. To do so we use the maximum
statistic14 method proposed by White (2000) and Harvey and Liu (2021). As
such in each iteration j we choose the Ψk,j statistic with the maximum value
among the K statistics, as seen below:

Ψj
max = max{Ψk,j} , k = [1, ..,K] , j = [1, .., B] . (1.55)

We then estimate critical values (α = 5%) from the distribution of the max-
imum statistic and choose the factor with the smallest p-value among those
that reject the null. We repeat this procedure until no candidate factor rejects
the null.

1.5.2 Test assets and candidate factors

For test assets we use monthly returns for a total of 202 portfolios ranging
from January-1968 to January-2017. More specifically we use: 25 portfolios
sorted by size and book-to-market, 25 portfolios sorted by profitability and
investment, 25 portfolios sorted by size and variance, 25 portfolios sorted by
size and momentum, 35 portfolios sorted by size and net issuance, 25 portfo-
lios sorted by size and beta, 25 portfolios sorted by size and accruals and 17
industry portfolios.15

We apply the above described methodology in order to choose among ten can-
didate factors using monthly returns ranging from January-1968 to January-
2017. We always start with the CAPM as the base model. More specifically,
we use: (1) the market factor (MKT), (2) the size factor (SMB) and (3) the
value factor (HML) from Fama and French (1992), (4) the momentum fac-
tor (MOM) from Jegadeesh and Titman (1993), (5) the betting against beta
factor (BAB) from Frazzini and Pedersen (2014), (6) the quality minus junk
factor from Asness et al. (2019), (7) the profitability factor (RMW) and (8)
the investment factor (CMA) from Fama (2015), (9) the liquidity factor (LIQ)
from Pástor and Stambaugh (2003), (10) the long-term-reversal (LTR) and
(11) the short-term-reversal (STR). Below we report some key characteristics
of the candidate factors. In Table 1.3 we can see the correlation matrix of
the candidate factors. In Table 1.4 we can see the regression intercepts and

14We use the maximum statistic for the Sharpe ratio criterion and the minimum statistic
for the SI criterion. This follows directly from the fact that SI focuses on the left tail of the
null distribution while Sharpe ratio improvement focuses on the right tail.

15http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html.

33

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html


Chapter 1

t-statistics for each respective factor (ft) on market excess returns.

Table 1.3: Correlation matrix. Data from January-1968 to January-2017.

MKT SMB HML MOM BAB QMJ RMW CMA LIQ LTR STR

MKT 1.00 - - - - - - - - - -
SMB 0.31 1.00 - - - - - - - - -
HML -0.30 -0.11 1.00 - - - - - - - -
MOM -0.15 -0.20 -0.13 1.00 - - - - - - -
BAB -0.10 -0.05 0.38 0.20 1.00 - - - - - -
QMJ -0.55 -0.53 -0.06 0.26 0.20 1.00 - - - - -
RMW -0.25 -0.37 0.04 0.11 0.29 0.76 1.00 - - - -
CMA -0.40 -0.15 0.74 0.00 0.31 0.09 -0.01 1.00 - - -
LIQ 0.00 -0.02 0.05 -0.01 0.04 -0.01 0.00 0.01 1.00 - -
LTR -0.02 0.25 0.50 -0.08 0.06 -0.28 -0.30 0.49 -0.02 1.00 -
STR 0.29 0.27 -0.03 -0.29 -0.05 -0.25 -0.10 -0.12 0.05 0.09 1.00

Table 1.4: Regression intercepts. Regression intercepts and t-statistics for each respec-
tive factor (ft) on market excess returns, ft = µ + ρ × MKTt + ϵt. Standard errors are
estimated using White (1980) covariance estimator. Data from January-1968 to January-
2017.

SMB HML MOM BAB QMJ RMW CMA LIQ LTR STR

µ̂ 0.05 0.42 0.70 0.92 0.55 0.34 0.44 0.41 0.28 0.38
t-stat 0.45 3.93 3.93 6.77 6.42 3.71 5.69 2.89 2.67 3.03

1.5.3 Factor selection

In Table 1.5 and 1.6 we see the results using the Sharpe ratio and SI criterion
respectively. For the Sharpe ratio criterion, a total of four factors are cho-
sen. As such the dominant model is a five-factor model that includes MKT,
BAB, QMJ, CMA and SMB. Our results raise some interesting observations.
A common critique for the Sharpe ratio criterion is that: (i) it sets a very
low bar for candidate factors, (ii) it favors anomalies (factors that have low
correlation with the test assets and exhibit high Sharpe ratios). However,
this is not the case in our results, except BAB all other factors are driven by
fundamental variables and exhibit above moderate correlation with the test
assets. Moreover, Sharpe ratio does not choose MOM, LTR or STR which
have been typically associated with anomalies as they are purely related to
price action. Moreover, we see that the Sharpe ratio criterion is effective in
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reducing the dimensionality of factors choosing a subset of 4 factors from the
10 candidate factors.

Contrary to the results from Sharpe ratio, the SI criterion chooses a two-factor
model with MKT and BAB. Interestingly, while the purpose of SI is to avoid
factors that resemble anomalies, the characteristics of the BAB factor are very
close to an anomaly with low beta correlation with the test assets and high
Sharpe ratio. Moreover, given the low power of the SI to identify low beta
factors as true factors and vulnerability to model misspecification, we think
that these results are very likely to be driven by beta estimation bias rather
than true pricing performance improvement.

1.6 Conclusion

In this paper, we study two different criteria for comparing asset pricing mod-
els, the Sharpe ratio criterion introduced by Barillas and Shanken (2017) and
the pricing performance criterion introduced by Harvey and Liu (2021). First,
we study the relationship between the two criteria by introducing an alterna-
tive statistic for pricing performance (MSQE), which can nest the Sharpe ratio
and pricing performance criteria under a common representation. We show
that the test proposed by Barillas and Shanken (2017) can be interpreted as a
restricted version of the MSQE statistic. Moreover, using the MSQE statistic,
we can study both criteria under a common mean-variance framework. We
show that the relationship of the two criteria can be expressed in three dif-
ferent but equivalent representations: (i) GRS, (ii) Sharpe ratio differentials,
and (iii) geometrically. Our main message is that the Sharpe ratio criterion
is trying to maximize the Sharpe ratio of the tangency portfolio of factors,
while pricing performance is trying to minimize the distance between the tan-
gency portfolio of factors and the tangency portfolio of factors and test assets.

Second, we examine through a detailed simulation study the performance of
the two criteria in identifying true factors. To make the simulation framework
realistic, we explicitly consider model misspecification. We find that both cri-
teria have vulnerabilities. The Sharpe ratio is vulnerable to accepting false
factors (large Type-I error) but is more resilient against model misspecifica-
tion. On the other hand, the pricing performance criteria are very sensitive
in model misspecification with power and Type-I error driven by estimation
bias errors. The main argument of Harvey and Liu (2021) in introducing the
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SI criterion and focusing on pricing performance instead of Sharpe ratio im-
provement is that the Sharpe ratio criterion is vulnerable to accepting false
factors. However, we find that SI delivers only a marginal improvement of
Type-I error for the special case of orthogonal factors and weakly correlated
candidate factors with the true SDF. On the other hand, the SI criterion
yields unreliable results for both power and Type-I error for the general case
of misspecified models and correlated omitted factors. From our simulation,
we conclude that unless there is an explicit treatment for the estimation bias,
then pricing performance is an inferior criterion compared to the Sharpe ratio
for identifying true factors.

Third, through an empirical application, we show the impact of the criterion
on the subset of selected factors. Using the Sharpe ratio, four factors are
chosen, while using the SI, only one factor. Given our simulation results, we
argue that the reduced dimensionality of pricing performance is more likely
to be the result of model misspecification rather than actual pricing perfor-
mance improvement. Our main message is that in the mission to disentangle
the cross-section of returns, it is crucial to be aware of the strengths and
weaknesses of the criteria we use. Researchers should design processes that
try to treat those weaknesses. Consequently, pricing performance should be
used only in procedures that treat for omitted variable estimation bias, while
the Sharpe ratio should be used only to choose among factors with solid the-
oretical justification.
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Table 1.5: Factor selection according to Sharpe-ratio improvement. Test assets are
the 202 FF portfolios. SR is the value of the Sharpe ratio statistic. CVs and p-vals is the
critical value (α = 5%) and p-value for single hypothesis testing. CVM and p-valM is the
critical value (α = 5%) and p-value adjusted for multiple hypothesis testing using the max
statistic. Factor selection is performed according to the critical values adjusted for multiple
hypothesis testing. Data from January-1968 to January-2017.

(a) Base = MKT

SR CVS p-valS CVM p-valM
SMB 0.000 0.007 0.651 0.014 1.000
HML 0.026 0.007 0.000 0.014 0.000
MOM 0.027 0.006 0.000 0.014 0.000
BAB 0.079 0.007 0.000 0.014 0.000
QMJ 0.071 0.007 0.000 0.014 0.000
RMW 0.024 0.007 0.000 0.014 0.001
CMA 0.055 0.007 0.000 0.014 0.000
LIQ 0.014 0.007 0.004 0.014 0.041
LTR 0.012 0.007 0.009 0.014 0.074
STR 0.016 0.007 0.002 0.014 0.028

(b) Base = MKT + BAB

SR CVS p-valS CVM p-valM
SMB 0.001 0.009 0.631 0.018 0.999
HML 0.004 0.007 0.144 0.018 0.793
MOM 0.013 0.012 0.039 0.018 0.149
BAB - - - - -
QMJ 0.049 0.008 0.000 0.018 0.000
RMW 0.006 0.009 0.105 0.018 0.546
CMA 0.025 0.008 0.001 0.018 0.006
LIQ 0.012 0.008 0.018 0.018 0.189
LTR 0.009 0.008 0.038 0.018 0.321
STR 0.017 0.011 0.011 0.018 0.056

(c) Base = MKT + BAB + QMJ

SR CVS p-valS CVM p-valM
SMB 0.020 0.010 0.009 0.021 0.069
HML 0.024 0.008 0.002 0.021 0.030
MOM 0.005 0.016 0.243 0.021 0.707
BAB - - - - -
QMJ - - - - -
RMW 0.018 0.012 0.011 0.021 0.091
CMA 0.047 0.009 0.000 0.021 0.001
LIQ 0.013 0.009 0.016 0.021 0.217
LTR 0.036 0.009 0.000 0.021 0.005
STR 0.025 0.013 0.005 0.021 0.027

(d) Base = MKT + BAB + QMJ + CMA

SR CVS p-valS CVM p-valM
SMB 0.031 0.011 0.002 0.023 0.019
HML 0.000 0.011 0.718 0.023 1.000
MOM 0.008 0.017 0.187 0.023 0.496
BAB - - - - -
QMJ - - - - -
RMW 0.014 0.012 0.034 0.023 0.197
CMA - - - - -
LIQ 0.013 0.008 0.013 0.023 0.225
LTR 0.009 0.010 0.062 0.023 0.448
STR 0.026 0.015 0.012 0.023 0.031

(e) Base = MKT + BAB + QMJ + CMA + SMB

SR CVS p-valS CVM p-valM
SMB - - - - -
HML 0.003 0.010 0.318 0.020 0.890
MOM 0.012 0.015 0.075 0.020 0.210
BAB - - - - -
QMJ - - - - -
RMW 0.015 0.011 0.014 0.020 0.113
CMA - - - - -
LIQ 0.015 0.009 0.006 0.020 0.123
LTR 0.003 0.010 0.280 0.020 0.859
STR 0.018 0.013 0.017 0.020 0.065
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Table 1.6: Factor selection according to pricing performance improvement. Test
assets are the 202 FF portfolios. SI is the value of the SI statistic. CVs and p-vals is the
critical value (α = 5%) and p-value for single hypothesis testing. CVM and p-valM is the
critical value (α = 5%) and p-value adjusted for multiple hypothesis testing using the max
statistic. Factor selection is performed according to the critical values adjusted for multiple
hypothesis testing. Data from January-1968 to January-2017.

(a) Base = MKT

SI CVS p-valS CVM p-valM
SMB -0.035 -0.130 0.321 -0.162 0.790
HML -0.254 -0.124 0.000 -0.162 0.001
MOM 0.032 -0.023 0.988 -0.162 1.000
BAB -0.379 -0.104 0.000 -0.162 0.000
QMJ 0.281 -0.040 1.000 -0.162 1.000
RMW -0.023 -0.055 0.191 -0.162 0.886
CMA -0.331 -0.110 0.000 -0.162 0.000
LIQ -0.003 -0.014 0.255 -0.162 0.990
LTR -0.138 -0.085 0.007 -0.162 0.107
STR -0.039 -0.033 0.032 -0.162 0.769

(b) Base = MKT + BAB

SI CVS p-valS CVM p-valM
SMB -0.084 -0.264 0.297 -0.264 0.450
HML -0.054 -0.083 0.118 -0.264 0.621
MOM 0.050 -0.081 0.979 -0.264 1.000
BAB - - - - -
QMJ 0.670 -0.128 1.000 -0.264 1.000
RMW 0.087 -0.103 0.994 -0.264 1.000
CMA -0.105 -0.084 0.029 -0.264 0.358
LIQ 0.002 -0.018 0.732 -0.264 0.999
LTR -0.153 -0.127 0.020 -0.264 0.207
STR -0.038 -0.052 0.093 -0.264 0.738
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1.A The GRS test

Consider N test assets with excess returns Rt = {r1t, .., rNt}⊤ and a singe
pricing factor ft. According to GRS, the following equation holds:

α⊤Σ−1α = SR2
T(Rt, ft)− SR2

T(ft), (1.56)

where Σ is the covariance matrix of the residuals and α = {α1, ..., αN}⊤ is a
N ×1 vector of the regression intercepts from the projection of excess returns
Rt on the factor ft.

A simple proof follows below:

From standard portfolio theory we have that the maximum squared Sharpe
ratio of the N test assets and ft factor can be estimated as:

SR2
T(Rt, ft) = m⊤

e V
−1me, (1.57)

where me is a vector of mean excess returns of N + 1 assets and V is their
covariance matrix.

We can express the V matrix in terms of the components β and Σ, of a
linear regression of Rt on ft. Then, the inverse of V using the formula for a
partitioned matrix is given by:

V −1 =

[︃
Var(ft)

−2 + β⊤Σ−1β −β⊤Σ−1

−Σ−1β Σ−1

]︃
. (1.58)

From (1.58) we can express (1.57) as:

m⊤
e V

−1me = (E[ft]
2/Var(ft)) + [(E[Rt]− β E[ft])

⊤Σ−1((E[Rt]− β E[ft])] .
(1.59)

Finally, from standard regression formulation we can express the right hand
side of (1.59) in terms of regression intercepts:

SR2
T(Rt, ft) = SR2

T(ft) + α⊤
i Σ

−1αi .
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1.B Relationship of HJ-distance, CSR and GRS
test using excess returns

The traditional HJ-distance test, Hansen and Jagannathan (1997), can be
interpreted as the minimum distance between the proposed SDF model and
the set M of admissible SDFs. Kan and Robotti (2008) proposed a modified
HJ test where they restrict the set of M admissible factors to assign the same
price to the risk-free asset. In this case they show that the modified HJ test
is equivalent to the CSR test introduced by Shanken (1985), i.e. the squared
pricing errors from a GLS cross-sectional regression of expected returns on
betas from time-series regressions. We briefly explain their main findings be-
low:

Consider N test assets with excess returns Rt = {r1t, .., rN,t} and K traded
risk-factors with the excess returns ft = {f1,t, ..., fK,t}. Then we define Y =
[ft, Rt]

⊤ and its mean and covariance matrix as:

µ = E[Y ] =

[︃
µ1

µ2

]︃
, V = Var[Y ] =

[︃
V11 V12

V21 V22

]︃
. (1.60)

Kan and Robotti (2008) impose the restriction of a common price to the
risk-free asset by using an alternative demeaned16 SDF:

y(λ) = 1− (ft − E[ft])
⊤λ . (1.61)

Then the modified HJ-distance can be written as:

δm =

[︃
min
λ

{︂
e(λ)⊤V −1

22 e(λ)
}︂]︃ 1

2

, where e(λ) = E[Rty(λ)]− 0 . (1.62)

Given that we use the demeaned SDF of (1.61), the pricing errors are given
by e(λ) = µ2 − V21λ and we can write the squared modified HJ-distance as:

δ2m =
{︂
min
λ

(µ2 − V21λ)
⊤V −1

22 (µ2 − V21λ)
}︂

= µ2
⊤V −1

22 µ2 − µ2
⊤V −1

22 V21(V12V
−1
22 V21)

−1V12V
−1
22 µ2 . (1.63)

16The demeaned SDF in (1.61) imposes the restriction that E[y] = 1 which means that
R0 = 1, with R0 = 1

E[y]
being the gross risk-free rate. Alternatively we can impose the

restriction that E[y] = c without altering the results, with c being any non-zero constant.
We have chosen c = 1 as it simplifies the proof.
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Kan and Robotti (2008) show that we can substitute V −1
22 with Σ−1 as the

weighting matrix without altering the modified Hj-distance of a linear model.
Thus we can re-write (1.63) as:

δ2m = µ⊤
2 [Σ

−1−Σ−1β(β⊤Σ−1β)−1β⊤Σ−1]µ2 = min
γ

{︂
(µ2−βγ)⊤Σ−1(µ2−βγ)

}︂
,

(1.64)
where β = V21V

−1
11 is a vector of regression coefficients from regressing excess

returns Rt on ft risk-factors and Σ is the covariance matrix of residuals from
the same regression. Finally, (1.64) is equivalent to an aggregate measure of
pricing errors from a GLS cross sectional regression of µ2 on β.

Lewellen, Nagel, and Shanken (2010) and Barillas and Shanken (2017) show
that in a cross-sectional regression model if we include the risk-factors as test
assets and restrict the zero-beta rate to be the risk-free asset, then the CSR
test is equivalent to the GRS test. To review this finding, we consider again
the N test assets and K risk-factors introduced above. According to Shanken
(1985) the CSR test is defined as:

CSR = e⊤V −1e , (1.65)

where e = E[Y ]− βγgls is a vector of N +K errors from the GLS regression
and V is the covariance matrix of Y = [ft, Rt]

⊤. Lewellen et al. (2010) show
in Result 1 of Appendix A that we can use Σ and V interchangeably without
altering the results, thus it follows:

CSR = e⊤V −1e = e⊤Σ−1e , (1.66)

where Σ is the covariance matrix of the residuals from the regression of Y on
ft. Finally if we include the risk-factors as test assets, then the risk-premia
estimated from a GLS regression will be equal to the sample mean of the
risk-factors:17

γgls = µ1 . (1.67)

17To better see this point consider that the variance of the residuals from the first step
regression of ft on itself will be zero. As such the second stage GLS regression will place
all the weight on pricing the risk-factors perfectly, see Cochrane (2005).
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From (1.67) we can show that the pricing errors from the GLS regression are
equal to the intercept α from a time series regression of Rt on ft,

e = E[Y ]− βγgls = E[Y ]− βµ1 = α . (1.68)

It follows from (1.66) and (1.67) that the CSR test is equivalent to the GRS
test,

CSR = e⊤Σ−1e⊤ = α⊤Σ−1α . (1.69)

From (1.64) and (1.69) it follows that when we include the risk-factors as
test asset and put the appropriate restrictions for the zero-beta rate, then the
modified HJ, the CSR and the GRS test are equivalent.

CSR = δ2m = GRS = SR2
T(Rt, ft)− SR2

T(ft) (1.70)

For the case of comparing competing asset pricing models, we can additionally
include the factors of the base and augmented model as test assets. Then the
result is the same as the one discussed previously for the GRS and we rank
competing models based on the Sharpe ratio improvement.

1.C Proof of proposition 1

Consider N test assets with excess returns Rt = {r1t, .., rNt}⊤, two competing
models and an auxiliary regression that describes the relationship between the
2 factors as seen below:

Base-model : rit = αb
i + βb

1if1t + ϵbit , (1.71)

Augmented-model : rit = αg
i + βg

1if1t + βg
2if2t + ϵgit , (1.72)

Auxiliary : f2t = µ+ ρf1t + vt . (1.73)

From the standard GRS formula we know that the intercept of asset i or
equivalently the univariate GRS, GRSi ,can be expressed as:

GRSi = SR2
T(rit, ft)− SR2

T(ft) =
α2
i

Var(ϵit)
, (1.74)

where ft denotes the pricing factors of the respective asset pricing model.
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If we apply (1.74) to (1.71) and (1.72), then we can express the intercepts of
the base and augmented model as:

(αb
i )

2 = [SR2
T(rit, f1t)− SR2

T(f1t)]×Var(ϵbit) , (1.75)

(αg
i )

2 = [SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]×Var(ϵgit) . (1.76)

From (1.75) and (1.76) we can write the difference of the squared intercepts
as:

(αb
i )

2 − (αg
i )

2 =[SR2
T(rit, f1t)− SR2

T(f1t)]×Var(ϵbit)

− [SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]×Var(ϵgit) . (1.77)

Dividing by the variance of the residuals of the base model Var(ϵbit), yields:

(αb
i )

2 − (αg
i )

2

Var(ϵbit)
=[SR2

T(rit, f1t)− SR2
T(f1t)]

− [SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]×
Var(ϵgit)

Var(ϵbit)
. (1.78)

Equation (1.78) can be also expressed in terms of GRSi as:

(αb
i )

2 − (αg
i )

2

Var(ϵbit)
=GRSbi −GRSgi ×

Var(ϵgit)

Var(ϵbit)
. (1.79)

Finally setting di = Var(ϵbit)−Var(ϵgit), we can write (1.78) as:

(αb
i )

2 − (αg
i )

2

Var(ϵbit)

=[SR2
T(rit, f1t)− SR2

T(f1t)]− [SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]×
Var(ϵbit)− di

Var(ϵbit)

=[SR2
T(rit, f1t)− SR2

T(f1t)]− [SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]× (1− di
Var(ϵbit)

)

=[SR2
T(rit, f1t)− SR2

T(rit, f1t, f2t)] + [SR2
T(f1t, f2t)− SR2

T(f1t)]

+[SR2
T(rit, f1t, f2t)− SR2

T(f1t, f2t)]×
di

Var(ϵbit)
. (1.80)

1.D Simulation with bootstrapped variables

Consider the simple case of bootstrapping with iid errors and the dependent
variable Yt is a vector of random variables Yt = {y1t, ..., yNt}⊤, then we con-
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struct artificial samples Ỹ t from:

Ỹ t = β̂
⊤
Xt + ẽt , (1.81)

where Xt is a K × 1 vector of random variables Xt = {x1t, ..., xKt}⊤, β is a
K × N matrix and ẽt = {ϵ̃1t, ..., ϵ̃Nt}⊤ is a N × 1 vector where ϵ̃it is drawn
with replacement from the realized residuals ϵ̂it, i = 1, .., N .

However, under the presence of heteroscedasticity, and particularly heteroscedas-
ticity related to the regressors Xt, it would be mistaken to pair Xt with any
residual êt, as that will destroy the relationship between the variance of the
residuals and the regressors. A procedure to deal with this issue, is the paired-
bootstrap suggested by Freedman (1981), where we draw simultaneously the
whole vector of dependent and independent variables [Yt, Xt].

Drawing [Yt, Xt] is appropriate in a regression setting where we are interested
in the estimation of β. In our case, our primary goal of using bootstrap is to be
able to control the true DGP of the returns and consequently the true factors.
As such, we use the sample estimate of β̂ and generate artificial returns Ỹ t

from:
Yt̃ = β̂

⊤
X̃t + ϵ̃t . (1.82)

This is equivalent to drawing simultaneously [Yt, Xt] but with the difference
that we can control the true factors that affect returns. Below is an example
demonstrating the previous argument and the way that we bootstrap:

⎡⎣ Ỹ t=1, X̃t=1

Ỹ t=2, X̃t=2

Ỹ t=3, X̃t=3

⎤⎦ =

⎡⎢⎢⎣ β̂
⊤
Xt=2 + êt=2, Xt=2

β̂
⊤
Xt=3 + êt=3, Xt=3

β̂
⊤
Xt=1 + êt=1, Xt=1

⎤⎥⎥⎦ =

⎡⎣ Yt=2, Xt=2

Yt=3, Xt=3

Yt=1, Xt=1

⎤⎦ .

If time dependency in the error terms and/or the regressors is an issue we can
apply the same approach as above with the addition of block re-sampling as
suggested originally by Kunsch (1989) and Liu and Singh (1992). This boot-
strap methodology is the one suggested by Gonçalves (2011) for panel data
linear regression models. However, while there is significant time dependency
and autocorrelation in high frequency data, this is not the case in monthly re-
turns. Thus in the simulation study undertaken we do not use block sampling.
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1.E Non-parametric simulation

We define two competing models which are nested to each other, the base and
augmented:

Competing models

Base-model : rit = αb
i + βb

1if1t + ϵbit , (1.83)

Augmented-model : rit = αg
i + βg

1if1t + βg
zizt + ϵgit . (1.84)

Similar to the parametric simulation the base model is the CAPM and we
denote the market factor as f1t. The augmented model is an extended ver-
sion of the CAPM comprised by one additional factor which we denote as zt.
For zt we consider sequentially each one of SMB, HML, MOM, BAB and QMJ.

We also define the true model that generates the returns of the test assets:

True model

1st-case : rit = β1if1t + βzizt + ϵit , (1.85)

2nd-case : rit = β1if1t + βzizt + β⊤
hiht + ϵit . (1.86)

For the true model we distinguish between two cases. The first case is that
the augmented model is the true model and the second case is that both
competing models are misspecified, with ht = {h1t, ..., hKt} being a K × 1
vector of omitted variables. For the second case, the true model is always a
six-factor model composed by the market factor and all the remaining factors,
thus MKT, SMB, HML, MOM, BAB and QMJ.

Step 1: Estimate parameters (βî, ρ̂) and residuals (ϵ̂it, v̂t) from sam-
ple data
In order to construct the artificial sample of returns, we use the sample es-
timates of the cross-section of factor loadings (βî) and test assets residuals
(ϵ̂it) which we obtain from projecting the excess returns rit on the six-factor
model (MKT, SMB, HML, MOM, BAB, QMJ) and an intercept.18

We also project each respective candidate factor zt on the market factor f1t
in order to estimate the slope (ρ̂) and residuals (v̂t).

zt = µ+ ρf1t + vt . (1.87)

18We clarify that we estimate the beta coefficients and residuals one time through rit =
ai+βmkt,imktt+βsmb,ismbt+βhml,ihmlt+βmom,imomt+βbab,ibabt+βqmj,iqmjt+ ϵit.

47



Chapter 1

This particular way of simulating returns varies from traditional approaches
as we use bootstrapped residuals from the sample data instead of a Gaussian
distribution. The benefit of such an approach is that it takes non-normality
into account. In our application, we assume that the residuals are not auto-
correlated, an assumption that is broadly accepted for monthly stock returns.
However, as described in Appendix 1.D the procedure can be altered through
the inclusion of blocks in order to take into account time dependency of the
residuals.

Step 2: Generate artificial returns of factors f̃1t, z̃t, h̃t and test assets
r̃it
We bootstrap with replacement j = [1, 2, .., B] times the whole cross-section
of f1t, ht, ϵ̂it, v̂t, keeping the same length T as our original sample. Then we
use the bootstrapped variables and the stored beta coefficients to generate
returns for the candidate factor z̃t and the test assets r̃it:

z̃t = µ̃z + ρ̂f̃1t + ṽt, where µ̃z = A× 2/10 , (1.88)

r̃it = β̂1if̃1t + β̂ziz̃t + β̂
⊤
hih̃t + ϵ̃it . (1.89)

In the first case that the augmented model is the true model, there are no
omitted variables, as such h̃t is an empty set. Finally we estimate the base
and augmented model using the generated factors and test asset returns:

Base-model : r̃it = αb
i + βb

1if̃1t + ϵbit , (1.90)

Augmented-model : r̃it = αg
i + βg

1if̃1t + βg
ziz̃t + ϵgit . (1.91)

Step 3: Test statistics calculation
For every j bootstrapped sample j = [1, 2, .., B], we calculate the two pric-
ing performance statistics (SI, MSQE) and the Sharpe ratio improvement
(SR2-IMP):

SÎ j =
1
N

∑︁N
i=1(|α̂

g
i,k| − |α̂b

i,k|)/ŝ
b
i,k

1
N

∑︁N
i=1 |α̂

b
i,k|/ŝ

b
i,k

, (1.92)

MSQEˆ
j =

1

N

N∑︂
i=1

(︄
(α̂b

i,k)
2 − (α̂g

i,k)
2

Var(ϵ̂bit,k)

)︄
, (1.93)

SR2-IMPˆ
j = SR2

T(f̃1t, z̃t)− SR2
T(f̃1t) . (1.94)
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The null hypothesis
The enforcement of the null hypothesis and the calculation of critical values
are performed similar to the parametric regression.

In Figure 1.7a and 1.7b, we see the rejection power of the three statistics,
namely SI, MSQE and Sharpe ratio improvement for the two cases of the
true model. From Figure 1.7a we can see that for the case of correct model
specification all test statistics behave well and reject the null with increasing
power for higher values of µ̃z. For risk-factors with high betas such as SMB,
HML and QMJ the three statistics are almost identical while differences arise
for risk-factors with lower betas such as MOM and BAB. In this case, the
Sharpe ratio improvement has a higher power in rejecting the null. This is
an expected result since we are aware that the pricing performance statistics
depend on both βzi and µ̃z. We benchmark our results with the simulation of
Harvey and Liu (2021) in Appendix B. As we see the results for the common
examined factors BAB and QMJ are very similar. For the SI statistic and
µ̃z = µ̂z , we reject the null with a power of 78% for BAB and 94% for QMJ,
while the respective numbers reported by Harvey and Liu (2021) are 79% and
88%.19

In Figure 1.7b, we see the rejection power of the respective test statistics
for the case that the augmented model is misspecified. Both criteria are im-
pacted by model misspecification, but similar to the parametric simulation,
the impact is disproportionate for pricing performance criteria. To be more
precise, the Sharpe ratio criterion performs almost identical to the correctly
specified case, except for HML and QMJ, where we see small differences. The
pricing performance statistics, on the other hand, behave in an erratic way
for certain factors. For MOM and QMJ, the pricing performance statistics
have no power in rejecting the null hypothesis even for large values of µ̃z. On
the contrary, for BAB the null is rejected with higher power compared to the
correctly specified case while SMB and HML are broadly unaffected.

The above result demonstrates the point raised in the parametric simulation,
namely that statistics based on pricing performance are vulnerable to model
misspecification and the test is driven by the accuracy or unbiasedness of the

beta estimates. In Figure 1.8, we see the estimation bias (βzi − β̂
g

zi) of the
candidate factor betas for the N test assets. In line with our analysis, we

19This is the level at which µ̃z is equal to the in sample intercept of the auxiliary regression
µ̂z , and it serves as a benchmark for the power of the test given the in sample factor
characteristics.
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see that a positive/negative bias is associated with a decrease/increase in the
power of the test, MOM and QMJ are examples of the first case while BAB is
an example of the second case. If the bias is positive and large compared to
the true coefficient then the test would have no power, similar to the case of
MOM and QMJ. For SMB and HML factor, the estimation bias is too small
compared to the population factor loading, as such the impact on the power
of the test is negligible.
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Figure 1.7: Power of the tests. Rejection power of SI, MSQE and SR2-IMP, non-
parametric simulation, α = 5%. Test assets are the 25 FF portfolios, B=2000. The vertical
line denotes the power of the test for µ̃z = µ̂z .

(a) Rejection when the augmented model is correctly specified

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Po
w

er

SMB

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Po
w

er

HML

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Po
w

er

MOM

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Po
w

er

BAB

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Po
w

er

QMJ

SI
MSQE
SR2-IMP

(b) Rejection power when both models are misspecified
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Figure 1.8: Estimation bias. Estimation bias (βzi − β̂
g
zi) of the beta coefficient of the

candidate factor zt, when the augmented model is misspecified, non parametric simulation
Test assets are the 25 FF portfolios, B=2000.
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The cross-section of corporate
bond returns

Co-author: Thomas Philipp Aeschbacher

Abstract
We study the cross-section of corporate bonds utilizing a large set
of financial statements, equity and bond characteristics. We use a
predictive regression framework and the adaptive Lasso to choose
the most relevant characteristics for the cross-section of corpo-
rate bonds. Applying the adaptive Lasso to the full dataset, we
find a ten-factor model, with value, bond reversal, and equity mo-
mentum spillover being the dominant factors. Contrary to equity
studies, financial variables from Compustat do not appear to have
strong power in predicting corporate bond returns. We validate
our initial results by running an out-of-sample exercise using an
expanding window approach. Out of the 60 months utilized in the
out-of-sample, the adaptive Lasso consistently chooses value, bond
reversal, and equity momentum spillover. Finally, we evaluate the
economic benefits of investing according to the predictions of the
adaptive Lasso and find significant benefits in terms of absolute
and risk-adjusted returns.
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2.1 Introduction

Most of the academic research after the milestone publication of Fama and
French (1992) has focused on discovering factors in the equity space. De-
spite the increasing size of the corporate debt markets and its importance
as a financing channel for firms, the cross-section of corporate bond returns
remained under-researched. However, a rapidly expanding literature has re-
cently focused on asset-pricing factors in the corporate bond market. The
improved data availability on over-the-counter (OTC) bond transactions and
the need to jointly study returns of different asset classes to identify signifi-
cant factors of the stochastic discount factor (SDF) are critical drivers for the
increased attention on corporate bonds.

The purpose of this paper is to explore the cross-section of corporate bond
returns. Similar to studies focusing on equities, one of the biggest challenges
in explaining corporate bond returns is the large number of potential char-
acteristics that affect the cross-section. To overcome this issue, we employ
the adaptive Lasso in order to identify significant characteristics for the cross-
section of corporate bonds. We utilize a large dataset of characteristics which
is comprised of 46 equity characteristics similar to Freyberger, Neuhierl, and
Weber (2020) and 21 bond specific characteristics. We separate our paper into
two parts. In the first part, we offer a detailed description of the bond data and
characteristics, and we perform an initial analysis by forming bi-variate sorted
portfolios. In the second part, we use the adaptive Lasso in a pooled predic-
tive regression setting in order to choose significant characteristics. Similar to
portfolio sorts, our analysis focuses explicitly on the cross-sectional dimension
of expected returns. To measure the economic benefits of the proposed model,
we create a single factor by sorting bonds each month according to the 1-step
ahead forecasted return. We then test the significance of the factor against a
variety of previously reported models.

First, our initial analysis of forming factors through sorted portfolios can be
interpreted as a detailed replication study. As demonstrated by Hou, Xue,
and Zhang (2020) most reported anomalies in the equity space fail to repli-
cate even before accounting for the issue of multiple testing bias that was
brought to attention by Harvey, Liu, and Zhu (2016). Given the lower qual-
ity of available data for bonds vs. equity and the idiosyncrasies of bonds
(defaults, fixed maturity/discontinuity), we argue that replication studies are
much more needed in corporate bonds than in equities. Many previous studies
merge data from the Trade Reporting and Compliance Engine (TRACE) with
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Thomson Reuters Datastream and Lehman Brothers fixed income databases
to increase the sample size (TRACE starts in 2002). To increase the relia-
bility of our study, we employ only trade-based data from TRACE and not
dealer quotes reported in Datastream and Lehman Brothers databases. We
provide an extensive list of the steps we take to clean the TRACE data and
arrive at our final sample. Contrary to previous studies, we directly control
for defaulted bonds by matching our dataset to the Altman1 default database.
From our initial analysis, we find that the dominant factors are the value fac-
tor proposed by Israel, Palhares, and Richardson (2018) and the one-month
bond reversal and equity momentum spill-over reported by Chordia, Goyal,
Nozawa, Subrahmanyam, and Tong (2017) and Gebhardt, Hvidkjaer, and
Swaminathan (2005), respectively. Interestingly, we find that downside risk
factors proposed by Bai, Bali, and Wen (2019), the momentum factor Jostova,
Nikolova, Philipov, and Stahel (2013) and illiquidity factor Bao, Pan, and
Wang (2011) do not replicate in our sample. Our hypothesis is that downside
and illiquidity risk factors are sensitive to the treatment of defaulted bonds.

Second, our paper contributes to the study of the cross-section of corporate
bonds. Previous papers have focused on a handful of pre-selected equity or
bond factors to explain corporate bonds’ returns. We extend previous work
by using a large set of characteristics and utilizing modern machine learning
techniques in empirical asset pricing similar to Gu, Kelly, and Xiu (2020).
Using the adaptive Lasso, we choose a ten-factor model with the value fac-
tor proposed by Israel et al. (2018), the one-month bond reversal and equity
momentum spill-over being the most important. Contrary to equity stud-
ies, financial variables from Compustat do not appear to have strong power in
predicting corporate bond returns. To validate our results and test the useful-
ness of adaptive Lasso, we run an out-of-sample exercise, using an expanding
window approach and forecasting the returns of the whole cross-section each
month. We then construct a factor portfolio (Flasso) by going long/short the
bonds with forecasted returns in the top/bottom 20%. The adaptive Lasso
factor generates significant monthly excess returns of 0.28%. Using intercept
tests, we show that Flasso carries a positive and significant premium which
can not be explained by existing models. The risk-adjusted excess return of
the factor, expressed by the intercepts, is significant and relatively stable,
ranging from 0.24% to 0.32% even though we test for a large set of competing
models. We thus conclude that the adaptive Lasso framework can deliver su-
perior returns for an investor who invests according to the forecasted returns
of the model.

1Altman-Kuehne NYU Salomon Center Corporate Bond Default Master Database.
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Our paper is organized as follows. In the second section, we provide a de-
tailed literature review of reported factors in corporate bonds and machine
learning techniques employed in empirical asset pricing. In the third section,
we present our data. In the fourth section, we perform an initial analysis by
forming bi-variate sorted portfolios according to all 67 characteristics that we
study. In section five, we use the adaptive Lasso to choose characteristics and
evaluate the economic benefits of the proposed model over previously reported
models. Section six concludes our findings.

2.2 Literature review

The existing literature on corporate bond returns can be separated into two
broad categories: The first using equity and financial characteristics and the
second using bond-specific characteristics. In the first category, researchers
exploit the fact that the fundamentals of the same firm drive both equity
and corporate debt returns. Thus, they use well-established factors from the
equity asset-pricing literature to price the cross-section of corporate bonds.
Chordia et al. (2017) try to answer whether market anomalies are common in
the equity and corporate bond market. They use ten well-established equity
characteristics and conclude that equity factors are weak in the corporate
bond universe.2 Choi and Kim (2018) use six equity characteristics to study
the market integration between equity and corporate debt.3 They also find a
weak presence of equity factors in the corporate bond market. Finally, Bektić,
Wenzler, Wegener, Schiereck, and Spielmann (2019) use the four Fama-French
factors4 to price U.S. and European corporate bonds. They get economically
significant results for the U.S. high yield market but weak results for the U.S.
and European investment grade market. Results among those papers are con-
tradicting. Bektić et al. (2019) find significant results and the same signs as
the equity studies for U.S. high yield. Chordia et al. (2017) report significant
results for the profitability factor but an opposite sign compared to the equity
studies for the value factor. Finally, Choi and Kim (2018) report not signifi-
cant results for both value and profitability.

2Chordia et al. (2017) use: Size, value, momentum, reversal, accruals, asset growth,
profitability, net issuance, earnings surprise, and idiosyncratic volatility.

3Choi and Kim (2018) use: Asset growth, investment, profitability, net issuance, value
and momentum.

4Small minus big (SMB), high minus low (HML), robust minus weak (RMW), and
conservative minus aggressive (CMA).
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The weak performance of equity-specific factors in pricing the cross-section
of corporate bonds highlights the differences between the two markets and
the need to construct factors modified to price the cross-section of corporate
bonds. Correia, Richardson, and Tuna (2012) are the first to report a value
factor in corporate bonds. Instead of using book-to-market, they construct the
value factor by comparing market and model implied spreads estimated from
a structural credit risk model á la Merton (1974). Jostova et al. (2013) re-
port strong evidence of momentum effects in the U.S. corporate bond market,
mostly driven by the high yield segment. Israel et al. (2018) and Houweling
and van Zundert (2017), propose two similar four-factor models that include
value, momentum, quality/low-risk and carry/size. Finally, Bai et al. (2019)
introduce downside risk as a new factor in corporate bonds and propose a
four-factor model that includes the market, downside risk, credit risk, and
liquidity.

Our paper is also related to the expanding literature on machine learning
and asset pricing. Gu et al. (2020) perform a comparative analysis of ma-
chine learning methods in choosing firm characteristics. They find significant
economic benefits over the standard ordinary least squares (OLS) estimation
method. All machine learning methods agree that the dominant set of char-
acteristics includes variations of momentum, liquidity, and volatility. Feng,
Giglio, and Xiu (2020) propose a regularized two-pass estimation procedure
focusing on risk-prices instead of risk-premia and treating for the effect of
omitted variables. They report that chosen factors vary from 10 in 1994 to 18
in 2016. They also find a significant effect for some recently suggested factors,
noting that academic research continues to discover new factors. Messmer and
Audrino (2017) apply the adaptive Lasso methodology to a total of 64 firm
characteristics and find 14 of them being significant. Finally, Freyberger et al.
(2020) highlight the importance of nonlinearities in the relationship of char-
acteristics and expected returns and apply the grouped Lasso methodology in
order to identify useful characteristics non-parametrically. They find that 13
variables have incremental explanatory power for expected returns.
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2.3 Data and variable definition

2.3.1 Corporate bond data

We use OTC bond transaction data which is available directly through Fi-
nancial Industry Regulatory Authority’s (FINRA) Trade Reporting and Com-
pliance Engine (TRACE). TRACE was introduced by the National Associ-
ation of Securities Dealers (NASD) in 2002 to improve transparency in the
OTC corporate bond market. From February 2005 onwards, 99 percent of
all TRACE-eligible bond transactions are covered on an intra-day basis. The
information covered in the TRACE database is listed by transaction, and key
variables include transaction date, time, price, and traded volume. There-
fore, TRACE is the most comprehensive source of pricing information when
it comes to research questions concerning the U.S. corporate bond market. We
use the enhanced version of the TRACE database, which has no volume cap
on reported trades and thus captures a broader range of the U.S. corporate
bond market. Our data extend from July 2002 to December 2018. Since the
TRACE data is dealer-reported, errors can occur. Instead of correcting the
data in the database directly, trade messages are appended, indicating either
cancellations, corrections, or reversals. Trades can also be double-counted in
the TRACE system because various parties can report the same trade. We
follow the steps outlined in Dick-Nielsen (2009) and Dick-Nielsen (2014) to
take care of the cancellation, correction, reversal, and double counting issues.

In our effort to clean the TRACE data, we follow the cleaning steps outlined in
Bessembinder, Kahle, Maxwell, and Xu (2009) and Bai et al. (2019). In par-
ticular, we remove transaction records: (1) with trading volume of less than
10,000 USD, (2) are labeled as when-issued, (3) locked-in, (4) have special
sales conditions, (5) have more than a two-day settlement, and (6) are flagged
as equity-linked notes. In order to minimize the effect of bid-ask spreads
in prices, we calculate the daily clean price as the trading volume-weighted
average of intra-day prices. We continue by following Bai et al. (2019) in re-
moving trade records that feature a transaction price under 5 or above 1,000
USD. This step implicitly removes some defaulted bonds. However, this is
a very low threshold in our view since many defaulted bonds tend to trade
above 5 USD. Including defaulted bonds in our study can create biased results
for three main reasons: (1) defaulted bonds typically do not accrue interest,
(2) liquidity is typically very low after a default, and (3) actual recovery is
deal-specific and hard to estimate. For these reasons and in contrast to previ-
ous papers such as Bai et al. (2019), we choose to control for defaulted bonds
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directly. We incorporate the issue-level default data information from the Alt-
man5 database and exclude all future bond observations post a given default
date. In the initial results, we observed an overly strong reversal factor. After
checking data manually, we found that extreme day-to-day reversals exist due
to prices of small trades and thus is a type of an outlier. For this reason, we
implemented a reversal rule, where we exclude trade records that featured a
daily reversal of more than 10 USD in absolute terms. E.g., if a bond trades
at 100 on Monday, drops to below 90 on Tuesday, and then features again
a price of over 100 on Wednesday, we exclude the trade record for Tuesday
for that particular bond. We then aggregate the daily bond price data to the
monthly frequency. We follow Bai et al. (2019) in only considering a bond’s
monthly end price as a non-missing value if it falls within the last seven week-
days of that particular month. The monthly traded volume for each bond is
generated by first aggregating it to the daily level by taking the intra-day sum
for all days and then taking the sum over all days in a particular month.

We then match the bond CRSP link database to get the corresponding firm
identifier for each bond and match the corresponding equity and financial vari-
ables from CRSP and Compustat. We retrieve bond issue information such
as the maturity date, coupon rate, coupon payment frequency, etc., from
the Mergent FISD database. A key metric of a bond is its rating and how
it changes over time. We access the historical rating history of each bond
through Mergent FISD’s historical bond rating database. It includes ratings
from Standard & Poor’s, Moody’s, and Fitch. We follow the industry con-
vention and form composite ratings by applying the following methodology:
if three outstanding ratings are available, we choose the middle rating; if two
ratings are outstanding, we choose the more conservative one, and if only one
rating is outstanding, we choose the one that is available.

We use information from the Mergent FISD database in order to further filter
our data. We exclude bonds that are not listed or traded in the U.S. public
market. That includes private placements, 144A bonds, bonds that do not
trade in U.S. dollars, and issuers not located in the U.S. We further remove
structured notes, mortgage-backed securities, asset-backed securities, agency-
backed bonds, and convertible bonds. We only keep bonds with a fixed or a
zero-coupon and exclude all bonds with a variable or floating coupon rate. In
addition to excluding perpetuals (bonds without a fixed maturity), we exclude
bonds with a remaining lifetime of more than 30 years since these bonds tend
to be illiquid. If a bond trades close to maturity, i.e. less than one year, it

5Altman Kuehne NYU Salomon Center Corporate Bond Default Master database.
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is delisted from major corporate bond indices, thus reducing its liquidity. We
thus remove bonds with less than one year remaining to maturity.

Afterwards, we calculate for each bond-month observation its corresponding
yield-to-maturity and modified duration. Both of these variables are key met-
rics needed in the construction of characteristics. In order to calculate the to-
tal return of a bond, we also need to incorporate information on when coupon
payments were made and what the accrued interest amounted to at each point
in time for each individual bond issue. The coupon payment schedule can be
backed out by going backwards from the last coupon payment by the bond’s
coupon payment frequency. Accrued interest is the amount of interest that
accrues from one coupon payment to the next. We follow Bessembinder et al.
(2009) in their calculation of a bond’s total return:

ri,t =
Pi,t +AIi,t + Ci,t

Pi,t−1 +AIi,t−1
− 1, (2.1)

where Pi,t is the transaction price (i.e. the clean price), AIi,t the accrued in-
terest and Ci,t the coupon payment if any, of bond i in month t. We calculate
excess returns using the maturity-matched treasury returns instead of the one
month risk-free rate. We denote bond i’s excess return as Ri,t = ri,t − rf,t,
where rf,t is the return of bond i’s maturity-matched treasury bond. Avail-
able constant maturity treasury bonds cover maturities including 1, 2, 5, 7,
10, 20 and 30 years. As a final step in our sample setup, we adopt the same
bond trading/liquidity restriction of Bai et al. (2019). In particular, for a
bond-month observation to be considered in our analysis, we require that it
had a valid return for at least 24 out of the past 36 months.

Table 2.1 describes the steps we take to filter the TRACE dataset and the im-
pact of those steps on the dimensions of our dataset. The sample starts with
the intra-day level frequency of the raw TRACE data consisting of 184,645
bond issues and ends with a final sample size of 7,839 bond issues from 1,087
unique firms. The largest loss of observations is when daily observations are
aggregated to monthly. This step reduces the number of issues by roughly
60 percent. This reduction is mainly due to the restriction that to have
a non-missing return in a given month, the bond needs to trade in the last
seven weekdays of two consecutive months. After matching the Mergent FISD
database and applying the filtering steps described above, the number of is-
sues reduces from 48,598 to 25,994. A sizeable fraction of observations is lost
due to the construction of bond and equity/financial variables. The propor-
tionally bigger loss in observations when matching in the bond variables is
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Table 2.1: Sample setup. In this table we describe the detailed steps we take to filter the
TRACE dataset and the impact of those steps on the dimensions of our dataset.

issues firms frequency obs
starting sample, TRACE raw data 184,645 intra-day 223,961,512
- daily aggregation 173,017 daily 22,063,238
- remove trade records, price < 5, > 1000 USD 172,422 daily 22,024,034
- remove trade records, price reversal > |10| USD 172,422 daily 22,005,801
- monthly aggregation 66,026 monthly 1,594,457
- match bond CRSP link database 48,618 3,022 monthly 1,152,419
- match bond default database 48,598 3,015 monthly 1,142,465
- match Mergent FISD issue database 25,994 1,889 monthly 738,947
- match Mergent FISD ratings database 24,002 1,775 monthly 696,258
- remove trade records, < 24 out of 36 months traded 22,955 1,744 monthly 619,498
- match bond variables 10,836 1,254 monthly 336,707
- match equity and financial variables 7,839 1,087 monthly 227,795

due to the necessity of a 36 month rolling window in calculating specific bond
characteristics such as the value at risk or expected shortfall metrics from Bai
et al. (2019). Considering equity and financial variables further reduces the
sample size because some firms are not listed or do not file financial state-
ments.

Figure 2.1: Key characteristics of the U.S. corporate bond market. In the left panel
we show the time evolution of the number of bonds split by IG and HY. In the right panel
we show the cumulative return of Bloomberg IG/HY benchmark indexes and the market
created from our sample. Data from October-2005 to December-2018.
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Figure 2.1a shows the number of bonds in our estimation sample, split by
rating category. The sample is predominantly investment grade (IG) rated,
with the proportion of investment grade increasing since 2010. The amount
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of high yield (HY) bonds in our sample is reasonably constant over time, with
an average of roughly 250 bonds each month. Figure 2.1b shows the cumu-
lative performance of the Bloomberg IG/HY index and the value-weighted
market from our sample. Since we include both investment grade and high
yield bonds in our sample, we expect the market return to track the invest-
ment grade benchmark closer but have a higher return due to the inclusion of
high yield bonds. The investment grade and high yield Bloomberg benchmark
indices have an annualized mean (standard deviation) of 4.81 (5.49) and 7.18
(9.45) percent, respectively. The market constructed from our sample has an
annualized mean (standard deviation) of 5.52 (5.12) percent.

Table 2.2 shows the summary statistics for our sample of corporate bonds.
The mean, median, standard deviation and percentiles were calculated by
pooling all bond-month observations. On average, corporate bonds exhibited
a total return of 0.42 percent in a given month. 81 percent of observations can
be categorized as investment grade. Bonds on average were issued 6.52 years
ago and have a remaining 8.53 years until maturity. The average coupon and
yield to maturity are 5.70 and 4.64 percent,while the average amount issued
is 650.37 million USD.

For the asset pricing part where we conduct intercept tests, we need to control
for the default (DEF) and the term (TERM) factor. We follow Bai et al.
(2019) in the construction of these two factors. The default factor is defined as
the difference between the equal-weighted market portfolio return of corporate
bonds and the 30-year government bond return. The term factor is defined
as the difference between the monthly 30-year government bond return and
the return on holding the one-month Treasury bill.

Table 2.2: Summary statistics (CRSP/Compustat matched). In this table we dis-
play the summary statistics of our main sample which is CRSP/Compustat matched. Data
from October-2005 to December-2018.

Percentiles
N Mean Median SD 1st 5th 25th 75th 95th 99th

Bond total return (percent) 227,795 0.42 0.31 3.70 -7.95 -2.89 -0.34 1.16 3.81 8.82
Rating (1-21, 1=AAA, IG ≤ 10) 227,795 8.27 8 3.44 1 3 6 10 15 18
Investment grade (1=IG, 0=HY) 227,795 0.81 - - - - - - - -
Time to maturity (years) 227,795 8.53 5.25 7.93 1.08 1.42 3.00 11.58 25.58 26.83
Age (years) 227,795 6.52 5.42 3.81 3.08 3.17 3.92 7.58 15.17 21.42
Coupon (percent) 227,795 5.70 5.75 1.62 1.75 2.88 4.75 6.75 8.25 9.50
Yield to maturity (percent) 227,795 4.64 4.17 4.52 0.67 1.22 2.64 5.63 8.88 17.79
Modified duration (years) 227,795 5.77 4.47 4.08 1.08 1.34 2.71 7.98 13.98 15.71
Offering amount (million USD) 227,795 650.37 500.00 646.70 17.04 30.75 300.00 750.00 2000.00 3000.00
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Table 2.3: Summary statistics (Not CRSP/Compustat matched). In this ta-
ble we display the summary statistics of our sample when we do not match with the
CRSP/Compustat databases. Data from October-2005 to December-2018.

Percentiles
N Mean Median SD 1st 5th 25th 75th 95th 99th

Bond total return (percent) 336,707 0.54 0.34 6.00 -11.78 -3.46 -0.38 1.30 4.58 12.52
Rating (1-21, 1=AAA, IG ≤ 10) 336,707 8.86 8 3.77 1 4 6 10 16 20
Investment grade (1=IG, 0=HY) 336,707 0.75 - - - - - - - -
Time to maturity (years) 336,707 8.81 5.50 7.88 1.08 1.42 3.17 13.25 25.50 26.83
Age (years) 336,707 6.84 5.58 4.05 3.08 3.25 4.08 7.92 16.17 21.83
Coupon (percent) 336,707 5.91 6.00 1.64 1.85 3.10 5.00 6.95 8.50 9.88
Yield to maturity (percent) 336,707 5.46 4.51 7.38 0.71 1.32 2.85 6.16 10.99 29.49
Modified duration (years) 336,707 5.83 4.60 3.98 1.08 1.36 2.79 8.38 13.72 15.52
Offering amount (million USD) 336,707 619.50 500.00 618.78 17.28 30.00 250.00 750.00 1998.33 3000.00

2.3.2 Bond, equity and financial characteristics

As far as the characteristics for the machine learning step are concerned,
Freyberger et al. (2020) compiled a comprehensive list of characteristics that
potentially provide incremental information for the cross-section of expected
returns. Due to their analysis being exclusively for equities, we also include
relevant bond market characteristics that are used in the literature. A com-
prehensive overview of all 67 characteristics used in this paper is given in
Table 2.4, while a detailed description of how each variable is constructed can
be found in Appendix 2.C. The characteristics are grouped into the following
categories: (1) past returns, (2) investment, (3) profitability, (4) intangibles,
(5) value, and (6) trading frictions. In contrast to Freyberger et al. (2020), we
use quarterly information whenever possible instead of yearly. We use the re-
lease date instead of the reporting date in order to avoid any forward-looking
bias.

For bond characteristics we use age, life, modified duration, offering amount
and rating. We include downside risk variables calculated from bond returns
as in Bai et al. (2019) and past bond returns for different momentum variables.
We also include the illiqudity variable of Bao et al. (2011) and value variables
constructed only from bond data as in Israel et al. (2018) and Houweling and
van Zundert (2017). In terms of the CRSP/Compustat data,6 we use accru-
als, operating leverage and tangibility as defined by Hahn and Lee (2009) for
intangibles. For profitability, we use a total of sixteen variables, with well-
known performance indicators such as return on equity (ROE) and return on
assets (ROA) among them. For trade frictions we use a total of four different

6Data from CRSP covers equity related data such as the stock price, trading volume,
etc., whereas data from Compustat covers balance sheet and income statement information.
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liquidity proxies for equities. For value we use a total of thirteen variables
with well established measures such as book-to-market and price-to-earnings
among them. Finally, we use equity past returns for different equity momen-
tum indicators.

2.4 Initial analysis: Portfolio sorts

In this part, we perform a preliminary analysis on the impact of the charac-
teristics on corporate bond returns. The purpose is twofold: Firstly, we are
interested in which factors appear to be significant and secondly, we want to
see which factors fail to replicate. For our initial analysis we rely on portfolio
sorts which is the workhorse method in traditional asset pricing. In his presi-
dential address Cochrane (2011) mentions that: “Looking at portfolio average
returns rather than forecasting regressions was really the key to understand-
ing the economic importance of many effects.”

Portfolio sorts are the most common way of mapping characteristics to re-
turns. The procedure is the following; for every month t, excess returns are
sorted in quantile portfolios based on a specific characteristic’s cross-sectional
rank. Then, the factor is constructed by taking the difference between the
returns of the two extreme portfolios. We follow Bai et al. (2019) and create
traded factors from bi-variate sorts where we use credit rating as the first
sorting variable, resulting in 25 (5x5) portfolios. Credit risk is a crucial driver
of corporate bond returns; using the rating as a first sorting variable allows
us to create portfolios with similar credit risk profiles. We construct each
factor as the value-weighted average return difference of the extreme quantile
portfolios among all credit rating portfolios.

To briefly illustrate how we construct each factor, consider that we have Ri,t

excess returns of N test assets, and we want to construct a factor for a single
characteristic Ci,t. Then we denote P 1,5

t the return at time t of a value-
weighted portfolio of assets that belongs in the 1st quantile concerning Cit

and the 5th quantile concerning credit rating. Then the factor is defined as:

Factort =
1

5

5∑︂
j=1

P 5,j
t − 1

5

5∑︂
j=1

P 1,j
t (2.2)

In Table 2.5 we summarize the results from our portfolio sorts. We report
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the mean of each factor and also the intercept from regressing each respective
factor on three baseline models:

Factort = α1 + βmkt
1 MKTt + ϵ1,t , (2.3)

Factort = α2 + βmkt
2 MKTt + βterm

2 TERMt + ϵ2,t , (2.4)

Factort = α3 + βmkt
3 MKTt + βterm

3 TERMt + βdef
3 DEFt + ϵ3,t . (2.5)

In summary we find strong evidence of value (Israel et al., 2018), short-term
equity momentum spill-over (Gebhardt et al., 2005), bond reversal (Chordia
et al., 2017) and quality (Israel et al., 2018; Houweling & van Zundert, 2017).
High profile factors like downside risk by Bai et al. (2019), bond long-term re-
versal by Bali, Subrahmanyam, and Wen (2021), bond momentum by Jostova
et al. (2013) and illiquidity by Bao et al. (2011) do not replicate in our sam-
ple. For our main results in Table 2.5 we use CRSP/Compustat matched
and default treated data. Therefore, bonds that do not have equity/financial
statement information in CRSP/Compustat and bond observations after a
positive default flag are removed. For further clarity, we report the results
from bi-variate sorts from alternative datasets in Appendix 2.A. In Tables
2.11 and 2.12, we report results using (1) not CRSP/Compustat matched and
(2) not CRSP/Compustat matched and not default treated data, respectively.
In Table 2.13, we report data for CRSP/Compustat matched, but not default
treated data. The not CRSP/Compustat matched dataset includes a higher
proportion of high yield and less liquid bonds while the not default treated
dataset includes also defaulted bonds. Results are in general stable across the
different datasets, however the different characteristics of the datasets raise
some interesting points which we discuss below.

Starting from bond characteristics, we see that none of the Age, Life, Mdur
and Offer-amt appear to be significant. The sign of Mdur is negative as re-
ported in the literature by Israel et al. (2018), Kelly, Palhares, and Pruitt
(2020), however, is not significant after controlling for rating. In our alterna-
tive datasets, we see that the impact of Mdur is stronger among high yield and
when we do not exclude defaults. We think that higher risk-adjusted returns
for lower duration bonds are more likely to be compensation for refinancing
risk rather than indication of a quality factor as indicated by Israel et al.
(2018). Size proxied by Offer-amt also appears to be positive but statistically
insignificant similar to Houweling and van Zundert (2017).

Downside risk variables appear to be insignificant despite the recent findings
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of Bai et al. (2019). Looking at results from the alternative datasets, we find
that VaR and ES are affected by the treatment of defaults. In our dataset,
we remove bonds after they default, however Bai et al. (2019) do not directly
control for defaulted bonds. Kelly et al. (2020) using data from Interactive
Data Corporation (ICE) data (ex Merrill Lynch Fixed Income Indexes) also
does not detect the VaR factor. We think these results offer support to our
argument since its common in the methodology of benchmark indexes to in-
clude only performing (non-defaulted) bonds.

For intangibles we find that a factor formed by going long/short the com-
panies with the highest/lowest operating accruals (OA) produces a positive
premium. The sign is opposite to the one found in equities, however, we think
the sign is in line with a risk reward paradigm for bonds. Accruals are a mea-
sure of cash flow quality. Companies with low cash flow quality carry a higher
credit risk and should offer higher returns to compensate investors. Chordia
et al. (2017) similarly report a positive sign but insignificant results. For the
investment category we find no significant results across our variables. These
results are in contrast to a negative relationship of investment and expected
corporate bond returns reported by Chordia et al. (2017) and Choi and Kim
(2018). For profitability variables, we report positive and significant signs for
∆(∆GM−∆S), while EPS, ROA and ROE are significant only after control-
ling for MKT and TERM effects. These findings point to the direction of a
quality factor as reported by Israel et al. (2018), Houweling and van Zundert
(2017) and Kelly et al. (2020).

For past returns we find strong evidence for equity momentum spillover and
bond reversal similar to the literature. However, we fail to replicate the clas-
sic momentum introduced by Jostova et al. (2013) using bond’s total returns.
We are aware that our sample is dominated by investment grade bonds and
bond momentum is reported to exist only in high yield, however, when adjust-
ing our sample to include only high yield, we still do not find any significant
relationship. Our results are in line with Kelly et al. (2020) that also fail
to replicate momentum effects in corporate bonds. Finally, we find reversal
effects for spread, i.e. going long/short the bonds that have experienced the
largest spread increase/decrease produces a positive premium.

For trade friction variables we find no significant evidence. The biggest sur-
prise is the illiquidity factor reported by Bao et al. (2011), where despite
getting the correct positive sign, results appear to be not significant after
controlling for rating. Finally for variables in the value category, we get
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strong positive and significant results for the value factor, Valueips, suggested
by Israel et al. (2018). The value factor suggested by Houweling and van Zun-
dert (2017), Valuehvz, has the correct sign but is not statistically significant.
Other value variables like C2D, E2P and Salesg appear to be positive and
significant after controlling for MKT and TERM.

We are aware that performing statistical testing for over sixty different char-
acteristics creates a multiple testing bias. The multiple testing bias has been
well known for many years in the statistics literature, however, its impact
on false discoveries in finance has been recently highlighted by Harvey et al.
(2016). Standard ways for controlling for multiple testing is the Bonferroni
correction and the Benjamini and Hochberg (1995) (BH). The Bonferonni
correction controls for the family-wise-error-rate (FWER) while the BH con-
trols for false-discovery-rate (FDR). However, applying those methods is not
straightforward as the correlation of the multiple hypothesis test significantly
impacts results. For an extreme example consider that if the hypothesis tests
were perfectly correlated, no multiple testing adjustment would be necessary.
For practical reasons we apply the two |t|-cutoffs of 2.78 and 3.39 proposed
by Harvey et al. (2016) and applied by Hou et al. (2020) in the most recent
and comprehensive equity anomaly replication study. Using the lower of the
two proposed cutoffs, we see that re1−0, r

b
1−0, ∆(∆GM−∆S) and Valueips are

significant. Using the stricter 3.39 limit, only rb1−0 survives. However, looking
at the different datasets, all 4 factors mentioned above appear to be rather
stable, which gives us further indication that they are true discoveries.

Despite the usefulness and ease of applicability of portfolio sorts, there are
also clear limitations. Using portfolio sorts, it quickly becomes cumbersome
to control for more than one or two variables. Assuming we live in a multi-
variate SDF world, this puts significant limitations. A straightforward way
to extend portfolio sorts – to accommodate for a larger set of variables – is
to use predictive regressions. As mentioned by Cochrane (2011) and demon-
strated by Freyberger et al. (2020), “Portfolio sorts are really the same thing as
non-parametric cross-sectional regressions, using non-overlapping histogram
weights.”
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Table 2.5: Factors from bi-variate sorts (CRSP/Compustat matched). For each
characteristic we first create quantile portfolios according to rating and then according to
the characteristic of interest. Factors are constructed as the difference between the high
and low quantile portfolios across all rating portfolios. In the first column we report the
mean and respective t-stat, whereas in the rest of the columns we report the intercept
from regressions of each factor on MKT, MKT + TERM and MKT + TERM + DEF,
respectively. Newey and West (1987) HAC robust standard errors, lag = 3 months. We
denote 5% and 1% significance level with * and **, respectively. Data from October-2005
to December-2018.

Factor α1 α2 α3

βb 0.17 -0.10 -0.03 -0.03
0.51 -0.96 -0.33 -0.32

Bond Characteristics:
Age 0.03 -0.01 -0.01 -0.01

0.35 -0.11 -0.19 -0.20
Life 0.00 -0.21 -0.01 -0.01

0.00 -2.08 -0.10 -0.09
Mdur -0.09 -0.29** -0.09 -0.09

-0.42 -2.80 -1.35 -1.38
Offer-amt 0.02 0.02 0.07 0.07

0.16 0.27 0.99 1.20
Downside risk:
ES10 0.25 -0.03 0.05 0.05

0.65 -0.25 0.41 0.40
VaR10 0.17 -0.10 0.00 0.00

0.48 -0.73 0.02 0.02
VaR5 0.22 -0.05 0.02 0.02

0.63 -0.41 0.16 0.16
Intangibles:
AOA -0.04 -0.03 0.03 0.03

-0.58 -0.45 0.50 0.55
OA 0.10* 0.10* 0.12** 0.12**

2.55 2.40 2.78 2.78
OL -0.09 -0.07 0.01 0.01

-0.95 -0.65 0.17 0.17
TAN 0.13 0.04 -0.01 -0.01

0.81 0.41 -0.15 -0.16
Investment:
∆CEQ -0.07 0.02 0.12 0.12

-0.52 0.27 1.39 1.60
∆PI2A -0.05 0.00 0.03 0.03

-0.42 0.01 0.42 0.44
∆Shout 0.17 0.10 0.01 0.01

1.37 1.19 0.14 0.14
INV 0.03 0.09 0.12 0.12

0.25 1.05 1.35 1.35
IVC 0.01 0.02 0.04 0.04

0.22 0.48 0.75 0.75
Returns:
Sprd6 0.54* 0.38* 0.34* 0.34*

2.05 2.27 2.10 2.16
re12−2 0.02 0.12 0.16 0.16

0.11 1.05 1.44 1.46

rb12−2 -0.12 0.02 0.12 0.12
-0.41 0.10 0.69 0.70

Factor α1 α2 α3

re12−7 -0.01 0.04 0.07 0.07
-0.09 0.38 0.83 0.82

rb12−7 -0.14 -0.05 -0.03 -0.03
-0.54 -0.28 -0.21 -0.21

re1−0 0.63** 0.61** 0.59** 0.59**
3.04 3.33 3.09 3.15

rb1−0 -0.40** -0.39** -0.35** -0.35**
-3.31 -3.14 -2.83 -2.85

re2−1 0.08 0.10 0.17 0.17
0.77 1.01 1.83 1.81

rb2−1 0.19 0.23 0.19 0.19
1.15 1.57 1.50 1.52

re36−13 -0.14 -0.10 -0.08 -0.08
-1.32 -1.02 -0.78 -0.77

rb36−13 -0.19 -0.18 -0.15 -0.15
-1.45 -1.34 -1.26 -1.27

re6−2 0.07 0.15 0.16 0.16
0.49 1.43 1.61 1.63

rb6−2 0.03 0.13 0.22 0.22
0.14 0.80 1.41 1.45

Profitability:
ATO -0.01 0.04 0.06 0.06

-0.07 0.50 0.70 0.70
CTO -0.15 -0.08 0.03 0.03

-1.34 -0.86 0.38 0.41
∆(∆GM − ∆S) 0.22** 0.24** 0.25** 0.25**

2.58 3.29 3.78 4.09
EPS 0.11 0.19 0.22* 0.22*

0.72 1.72 2.05 2.07
IPM 0.07 0.14 0.15 0.15

0.45 1.26 1.43 1.43
NOA -0.03 0.04 0.05 0.05

-0.21 0.45 0.67 0.70
PCM 0.13 0.18 0.18 0.18

0.91 1.44 1.72 1.73
PM 0.10 0.17 0.16 0.16

0.60 1.22 1.42 1.43
Prof 0.03 0.07 0.07 0.07

0.25 0.82 0.86 0.90
RNA -0.01 0.07 0.14 0.14

-0.08 0.77 1.54 1.53
ROA 0.10 0.20 0.22* 0.22*

0.57 1.92 2.31 2.32
ROC 0.05 0.09 0.10 0.10

0.53 1.39 1.40 1.39
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Factor α1 α2 α3

ROE 0.08 0.17 0.20* 0.20*
0.46 1.56 1.99 1.98

ROIC -0.11 -0.01 0.01 0.01
-0.66 -0.11 0.07 0.07

S2C -0.14 -0.06 0.04 0.04
-1.22 -0.72 0.41 0.50

SAT -0.12 -0.07 0.02 0.02
-1.18 -0.66 0.24 0.25

Trade Frictions:
AT 0.10 0.03 -0.02 -0.02

1.09 0.46 -0.19 -0.20

Tradebvol 0.08 0.07 0.07 0.07
1.21 1.25 1.24 1.11

Illiq 0.25 0.11 0.13 0.12
1.09 0.98 1.15 1.21

LME -0.01 0.02 -0.01 -0.01
-0.05 0.19 -0.06 -0.06

Lturn 0.15 0.09 0.07 0.07
1.01 0.86 0.69 0.69

Value:
A2ME 0.16 0.00 -0.04 -0.04

0.61 0.02 -0.32 -0.33
BEME -0.01 -0.06 0.00 0.00

-0.04 -0.58 0.04 0.06

Factor α1 α2 α3

C 0.15 0.08 0.03 0.03
1.11 0.90 0.29 0.34

C2D 0.04 0.14 0.17* 0.17*
0.29 1.61 2.11 2.12

D2P 0.15 0.01 -0.07 -0.07
0.63 0.04 -0.49 -0.50

∆SO 0.18 0.10 0.03 0.03
1.40 1.34 0.36 0.38

E2P 0.18 0.24* 0.28* 0.28*
1.25 1.96 2.16 2.17

NOP -0.11 -0.08 0.00 0.00
-1.33 -0.99 0.03 0.04

O2P -0.04 -0.02 0.01 0.01
-0.62 -0.36 0.15 0.14

Q 0.07 0.12 0.11 0.11
0.85 1.67 1.60 1.67

S2P 0.10 0.01 0.01 0.01
0.52 0.10 0.12 0.13

Salesg 0.08 0.17 0.29** 0.29**
0.68 1.89 2.96 3.03

Valuehvz 0.31 0.17 0.14 0.14
1.59 1.82 1.46 1.52

Valueips 0.66** 0.53** 0.46** 0.46**
2.95 3.97 3.92 4.20

2.5 Choosing factors

2.5.1 The (adaptive) Lasso

In our paper, we are interested in choosing factors that are able to pre-
dict expected excess returns. The conditional expectation of excess returns
E(Ri,t+1|Ci,t) has the following linear interpretation in the form of the fol-
lowing panel regression:

Ri,t+1 = x
′

i,tβ + ϵi,t+1, (2.6)

where Ri,t+1 is bond i’s excess return in time period t + 1, x
′

i,t = [1 Ci,t]
and Ci,t equals the vector of p bond, equity and financial characteristics. The

error is denoted by ϵi,t+1. If we denote y = Ri,t+1 and X = x
′

i,t we can write
the OLS estimator of equation (2.6) compactly using the following equation:

β̂ols = arg min
β

(︃
1

N
||y −Xβ||22

)︃
, (2.7)

where N refers to the number of total bond-month observations, ||y−Xβ||22 =∑︁
∀t
∑︁

∀i(Ri,t+1 − x
′

i,tβ)
2. The Lasso estimator is then defined by Tibshirani

(1996) as:
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β̂lasso(λ) = arg min
β

(︃
1

N
||y −Xβ||22 + λ||β||1

)︃
, (2.8)

where λ ≥ 0 is a penalty parameter and ||β||1 =
∑︁p

j=1 |βj |. The tuning
parameter λ is typically determined by cross-validation. Zou (2006) further
introduce the adaptive Lasso, which has a different penalization term, that
allows the weights to vary for each parameter. This is achieved by having
the assigned individual weights being inversely proportional to a first stage β
estimate. The adaptive Lasso has the same advantage that Lasso has: It can
shrink some of the coefficients to exactly zero, performing thus a selection of
variables due to the regularization. Lasso methods are therefore well suited
to our particular research question. The adaptive Lasso of Zou (2006) can be
expressed with the following formula:

β̂ada−lasso(λ) = arg min
β

⎛⎝ 1

N
||y −Xβ||22 + λ

p∑︂
j=1

|βj |
|β̂init,j |

⎞⎠ , (2.9)

where the parameters β̂init are determined in a first stage. There are several

different ways how β̂init is set. E.g. Zou (2006) suggest the use of the OLS

estimator, β̂init = β̂ols. If multicollinearity is an issue, Ridge regression can
also be considered as a viable alternative to the OLS. Bühlmann and van de
Geer (2011) set β̂init = β̂lasso.

In our analysis, we follow Messmer and Audrino (2017) in adopting an adap-
tive Lasso which has been shown to be superior in terms of selecting true
characteristics from a large set of potential characteristics. This is in part due
to certain scenarios where the (“regular”) Lasso is inconsistent for variable
selection. The adaptive Lasso on the other hand, enjoys the oracle properties.
Namely, it performs as well as if the true underlying model were given in
advance (Zou, 2006). To determine the value of the tuning parameter λ, we

employ a ten-fold cross-validation scheme. We estimate the parameters β̂init

in the first stage with a Ridge regression. For both the Ridge regression and
the subsequent adaptive Lasso estimation we use the “one standard error”
rule, i.e. we choose the most parsimonious model whose error is no more than
one standard error above the error of the best model.
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2.5.2 Data preparation

Before implementing the Lasso we have to deal with two issues. Firstly, we
need to correct for extreme and often erroneous observations in the set of
characteristics. To do so, we winsorize independent variables at the 5% level
cross-sectionally. Secondly, to apply the pooled estimation of Lasso, we have
to standardize our data in a way that preserves cross-sectional information
but adjusts for time variation. Similar to portfolio sorts, our analysis focuses
explicitly on the cross-sectional dimension of expected returns, essentially
disregarding any time series aspects. As such, we standardize equity and bond
characteristics cross-sectionally to have mean 0 and standard deviation of 1.
To better understand the last issue raised, consider any characteristic that
combines financial data with market data such as book-to-market, earnings-
to-price, or debt-to-market capitalization. Those characteristics will fluctuate
over time partly due to firm-specific reasons but also due to market-wide
movements. So we would expect to see lower book-to-market and debt-to-
market capitalization across the cross-section when equity markets are strong.
Standardizing at each point in time neutralizes the time dimension while
preserving the cross-sectional ranking. For the dependent variable, i.e. the
excess returns, we cross-sectionally winsorize at the 5% level and then demean.
Even though our excess returns do not have substantial outliers, we still find
that the stability of the Lasso results is improved, i.e. selection of variables
remains the same even due to the randomness arising from the cross-validation
procedure in order to set the tuning parameters.

2.5.3 Empirical results

In Table 2.6 we report the coefficients of the chosen model according to the
adaptive Lasso. The chosen model is a ten factor model with Valueips, rb1−0

and re1−0 being the top three factors in terms of the size of the coefficient.

The remaining factors of the chosen model are Mdur, rb6−2, Sprd6, VaR5,
rb36−13, A2ME and Rating. Contrary to equity studies, financial variables
from Compustat do not appear to have strong power in predicting corporate
bond returns. The adaptive Lasso results broadly align with the portfolio sort
analysis, finding value, bond reversal, and equity momentum spill-over as the
dominant factors. The adaptive Lasso proposes a model of larger dimension
than the one proposed by the portfolio sorts. However, we note that portfolio
sorts are inferior in detecting factors since we only control for a single variable.

In terms of the signs of the coefficients, the results appear in line with initial
results from portfolio sorts and existing literature. We find a positive rela-

72



Chapter 2

tionship for value and equity momentum spillover as reported by Israel et al.
(2018) and Gebhardt et al. (2005) and a negative relationship for the bond
reversal factor as first reported by Chordia et al. (2017). The Mdur has a
negative sign indicating that shorter duration bonds earn higher returns than
longer duration bonds. Momentum, spread reversal and VaR5 all have a pos-
itive sign as reported by Jostova et al. (2013), Israel et al. (2018) and Bai et
al. (2019), respectively. Finally, bond long term reversal (rb36−13) has a nega-
tive sign as in Bali et al. (2021) and rating has a positive sign meaning that
lower-rated companies earn higher returns, which is in line with a risk-reward
paradigm and the credit risk factor in Bai et al. (2019).

Table 2.6: Characteristics chosen by the adaptive Lasso. The table exhibits the
regression results for the adaptive Lasso, sorted by the absolute value of the coefficients.
Coefficient values are scaled by a factor of 1000. Data from October-2005 to December-
2018.

Characteristic Coefficient

re1−0 1.47
Valueips 0.90

rb1−0 -0.56
Mdur -0.49

rb6−2 0.44
Sprd6 0.44
VaR5 0.26

rb36−13 -0.18
A2ME -0.15
Rating 0.07

2.5.4 Representative bond

Allowing for multiple bonds for a single firm can lead to biases because we
implicitly focus on firms with more outstanding bonds. In addition, the num-
ber of outstanding bonds typically correlates to the firm’s overall size. As
a robustness check, we estimate the adaptive Lasso using the representative
bond approach, i.e., we select a single bond for each firm each month. We
follow Haesen, Houweling, and van Zundert (2017) and Israel et al. (2018)
to define the criteria applied to choose the representative bond, a detailed
description of the filtering criteria can be seen in Table 2.7. In essence, the
selection procedure aims to identify a sample of liquid and cross-sectionally
comparable bonds for each firm. Steps 1 to 4 in Table 2.7 select bonds on
the basis of (1) seniority, (2) maturity, (3) age and (4) size. Step 5 counters
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practical problems that arise if bonds are of the same issue size. A direct
consequence of using the representative bond approach is that it reduces the
sample size. Following the steps outlined in Table 2.7 to select a representa-
tive bond, our sample size reduces from originally 7,839 issues of 1,087 firms
with a total of 227,795 bond-month observations to 1,650 issues of 1,087 firms
with a total of 23,765 bond-month observations.

Table 2.7: Selection procedure for a representative bond. The table displays the
procedure to select a representative bond for each issuer, each month. Bonds are selected
on the basis of 1) seniority, 2) maturity, 3) age and 4) size with the goal of creating a liquid
and cross-sectionally comparable sample.

Step Decision rule

1
For each issuer only keep those bonds in which the rating corresponds
to the largest fraction of debt outstanding

2
If issuer has bonds with time-to-maturity between 5 and 15 years,
remove all other bonds for that issuer from the sample

3
If issuer has bonds that are at most 2 years old,
remove all other bonds for that issuer

4 Finally, pick the bond with the largest amount outstanding

5
(Bonds with same amounts outstanding will still remain; in this
case drop the one with shorter time-to-maturity)

Once we construct the representative bond sample, we then apply the pre-
dictive regression framework and the adaptive Lasso methodology described
above. In Table 2.8 we report the characteristics and coefficients of the chosen
characteristics. As we see our initial results using the full sample of bonds re-
main robust. The characteristics chosen are the same as the main analysis of
our paper in Table 2.6. The only difference that we observe is that despite the
fact that modified-duration is chosen, the coefficient is significantly smaller in
magnitude. We think this is a reasonable outcome since we restrict bonds to
have time to maturity between 5 and 15 years. In that sense we are reducing
the variability of the modified-duration characteristic which leads to a weaker
coefficient.

74



Chapter 2

Table 2.8: Characteristics and their coefficients chosen by the adaptive Lasso
(representative bond). The table exhibits the regression results for the adaptive Lasso,
sorted by the absolute value of the coefficients. Coefficient values are scaled by a factor of
1000. Data from October-2005 to December-2018.

Characteristic Coefficient

re1−0 1.55
Valueips 0.74

rb1−0 -0.63
Sprd6 0.47

rb6−2 0.42
VaR5 0.28

rb36−13 -0.23
A2ME -0.11
Rating 0.10
Mdur -0.06

2.5.5 Out-of-sample performance

We test our adaptive Lasso approach on an out-of-sample expanding window
setup in order to provide a practical application of our results and observe the
variability of the chosen factors. Due to the comparatively large number of
observations needed to perform machine learning exercises, we use 50 percent
of the sample observations as the initial training sample. Specifically, 50 per-
cent of the sample data is located prior to December 31st, 2013. Therefore,
data up until December 2013 serve as our initial training sample, where we
estimate the adaptive Lasso and build predictions for excess returns starting
in January 2014. Predictions for January 2014 are then formed based on the
values of the independent variables from December 2013. The initial training
sample is appended month by month until November 2018. In total, this gives
us 60 out-of-sample forecasts.

Figure 2.2 displays the frequency of the characteristics that were chosen over
the 60 out-of-sample forecasts, which can also be interpreted as a robustness
check. To this end, we can examine how the selected characteristics vary as
the sample composition changes. Ideally, the ten characteristics from our full
model in Table 2.6 are also frequently chosen in building our out-of-sample
forecasts. We can see that this is mostly the case, with the top nine chosen
characteristics in the out-of-sample exercise corresponding to the ones selected
in our full sample model. Most importantly, the top three characteristics of
our full sample adaptive Lasso, re1−0, Value

ips and rb1−0, are chosen in each of
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Figure 2.2: Frequency of selected characteristics. In this figure we display the fre-
quency that each characteristic is choosen during the 60 out-of-sample forecasts. Data from
January-2014 to December-2018.
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the 60 out-of-sample forecasts. We think that these results confirm the validity
of our full sample adaptive Lasso and the importance of re1−0, Value

ips and
rb1−0 for the cross-section of corporate bonds.

To evaluate the economic benefit for an agent who invests according to the
predictions of the adaptive Lasso, we build a composite factor (Flasso) by
going long/short the bonds with forecasted returns in the top/bottom 20%.
To evaluate the performance of the Flasso, we perform two types of analysis.
First, we test whether Flasso can be explained by existing models. We use
six competing models and run corresponding intercept tests. In our analy-
sis, we include the four-factor model proposed by Bai et al. (2019) and the
four-factor model proposed by Houweling and van Zundert (2017). For DRF,
CRF, LRF, and REV proposed by Bai et al. (2019) we use our sample and
construct the factors from bi-variate sorted portfolios. For the size (SIZE),
low-risk (LR), value (VALUE), and momentum (MOM) of Houweling and
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van Zundert (2017) we use the publicly available data from the authors.7

The baseline models that we consider are the following: (1) MKT, (2) MKT,
TERM, (3) MKT, TERM, DEF, (4) MKT, TERM, DRF, CRF, LRF, REV,
(5) MKT, TERM, SIZEig, LRig, VALUEig, MOMig, and (6) MKT, TERM,
SIZEhy, LRhy, VALUEhy, MOMhy.

Table 2.9 displays the results of the intercept tests. The adaptive Lasso factor
generates significant monthly excess returns of 0.28%. The factor survives all
six intercept tests. The risk-adjusted excess return of the factor, expressed
by the intercepts, is significant and relatively stable, ranging from 0.24% to
0.32% even though we test for a large set of competing models. Our results
confirm that Flasso carries a positive and significant premium which can not
be explained by existing models.

Table 2.9: Intercept test. In this table panel we report the intercept and t-stat from the
regression of Flasso on each of the six baseline models. Newey and West (1987) HAC robust
standard errors, lag = 3 months. We denote 5% and 1% significance level with * and **.

Factor α1 α2 α3 α4 α5 α6

Flasso 0.28* 0.30* 0.31** 0.31** 0.24* 0.23* 0.32**
2.37 2.47 2.98 2.92 2.02 2.51 3.66

We further study the risk/return characteristics of the Flasso and the po-
tential benefits for an investor that follows this strategy. We compare the
Flasso against MKT and the corresponding multi-factor portfolios from Bai
et al. (2019) and Houweling and van Zundert (2017), which we construct by
forming equal-weight portfolios of the respective factors.8 In Table 2.10a we
report annualized mean return, volatility, Sharpe ratio, skewness, kurtosis and
beta to the market for the different strategies. As we see, the Flasso achieves
significantly higher returns than MKT, Fbai and Fhwz

ig and marginally lower

returns than Fhwz
hy . However, we need to keep in mind that our sample is

dominated by investment grade bonds while Fhwz
hy is a long only factor con-

structed only from high yield rated bonds, so it is expected to have higher
returns. In Figure 2.3 we show the cumulative performance of the different
factors, confirming the above observations. Looking at Sharpe ratios, we see
that Flasso achieves almost seven times the Sharpe ratio of the market and

7We note that the published factors of Houweling and van Zundert (2017) are long-only
and created separately for investment grade and high yield: https://www.robeco.com/en/
insights/2018/12/data-sets-factor-investing-in-corporate-bonds.html.

8For example Fbai is the equal-weight portfolio of DRF, CRF, REV and LRF.
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Figure 2.3: Cumulative performance of competing factors. In this figure we display
the cumulative performance of the five competing factors, namely Flasso, MKT, Fbai and
Fhwz
ig and Fhwz

hy . We construct multi-factor portfolios by forming equal-weight portfolios of
the respective factors. Data from January-2014 to December-2018.
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We continue our analysis by performing Sharpe ratio tests between Flasso and
the respective baseline strategy. Given the limited size of our sample and the
non-normal characteristics of the factors, we employ the bootstrap method
of Ledoit and Wolf (2008) to perform inference, see Appendix 2.B. The null
hypothesis is that the Flasso and the respective baseline strategy have the
same Sharpe ratio. We perform hypothesis testing by constructing a boot-
strap interval at a 95% confidence level. It follows that the test rejects the
null hypothesis if zero is not contained in the interval. In Table 2.10b, we re-
port the difference of monthly Sharpe ratios and the corresponding upper and
lower bounds. For reference we also report the upper/lower bound from the
delta-method. As expected, the bootstrapped interval is more conservative.
Despite the considerable improvement achieved from Flasso, we see that the
results are not significant with the lower bound of the Sharpe ratio difference
being negative across both methods.
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We think that the discrepancy between the intercept and Sharpe ratio test is
due to the short length of our data set and the increased volatility/outliers
of the particular period we examine. As we see from Table 2.10a, all the
competing strategies have kurtosis well above 3, which indicate the presence
of heavy tails. The kurtosis of Flasso at 21.84 is much higher than the rest of
the factors and its due to a single observation. In this case, we argue that the
intercept test is more informative and has higher precision because part of the
volatility is explained from the factor loadings. We explore this hypothesis by
simply removing the month observation with the biggest draw-down across all
strategies. In that case, we find that Flasso leads to significant Sharpe ratio
improvement. We thus conclude that the diverging results are indeed due to
outliers.

Table 2.10: Performance statistics. In the left panel we report annualized performance
statistics. For the competing factor models of Bai et al. (2019) and Houweling and van
Zundert (2017) we create single factors by equal weighting each factor. In the right panel
we report monthly Sharpe ratio differentials and upper/lower confidence interval bounds
(UB∗/LB∗) at 95% level according to the bootstrap method of Ledoit and Wolf (2008).
Block length=5. We denote the delta-method upper/lower bounds as UB/LB. Data from
January-2014 to December-2018.

Flasso MKT Fbai Fhwz
ig Fhwz

hy

Mean 3.41 0.49 -0.00 1.15 3.92
Vol 3.62 3.58 3.48 2.12 7.22
SR 0.94 0.14 -0.00 0.54 0.54
Skew -3.65 0.21 -0.07 -0.05 0.57
Kurt 21.84 4.56 6.06 3.26 4.74

βmkt -0.33 - 0.86 0.55 1.72
t-stat -1.30 - 11.60 19.92 12.68

(a) Annualized performance statistics

Flasso MKT FBai Fhwz
ig Fhwz

hy

∆SR - 0.23 0.27 0.12 0.12
LB∗ - -0.60 -0.71 -0.65 -0.72
UB∗ - 1.06 1.25 0.88 0.95
LB - -0.24 -0.23 -0.34 -0.39
UB - 0.71 0.78 0.57 0.62

(b) Sharpe ratio
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2.6 Conclusion

In this paper, we study the cross-section of corporate bonds. We employ
a large dataset of bond, equity and financial characteristics and utilize the
adaptive Lasso in order to choose the most relevant characteristics for the
cross-section of corporate bonds. In the first part of our analysis, we use
portfolio sorts to get a first idea of our data and replicate famous factors doc-
umented in the literature. Interestingly, we find that downside risk factors
proposed by Bai et al. (2019), the momentum factor Jostova et al. (2013)
and illiquidity factor Bao et al. (2011) fail to replicate in our sample. Our
results about the downside risk factors are in line with the findings of Kelly
et al. (2020). Our hypothesis is that downside risk factors are sensitive to
the treatment of defaulted bonds. The results of the alternative datasets in
Appendix 2.A support such a hypothesis. From the portfolio sorts analysis
the dominant factors are the value factor proposed by Israel et al. (2018) and
the one-month bond reversal and equity momentum spill-over proposed by
Chordia et al. (2017) and Gebhardt et al. (2005), respectively. We also find
strong evidence for a quality factor proxied by ∆(∆GM −∆S).

While portfolio sorts are easy to implement and have appealing attributes,
they quickly suffer from the curse of dimensionality. For that purpose we
utilize the adaptive Lasso in a predictive regression setting. When running
the adaptive Lasso on our full dataset, the chosen model is a ten factor model
with Valueips, rb1−0 and re1−0 being the top three factors in terms of size of the

coefficient. The remaining factors of the chosen model are Mdur, rb6−2, Sprd
6,

VaR5, rb36−13, A2ME and Rating. The adaptive Lasso results are broadly in
line with the portfolio sort analysis, finding value, bond reversal and equity
momentum spill-over as the dominant factors. The adaptive Lasso proposes a
model of larger dimension than the one proposed by portfolio sorts, however,
we note that portfolio sorts are inferior, since they control only for a single
variable at a time.

In order to validate our results and test the usefulness of adaptive Lasso,
we run an out-of-sample exercise, where we use an expanding window ap-
proach and forecast the returns of the whole cross-section each month. The
out-of-sample results validate the selected characteristics from our full sam-
ple analysis. The top nine chosen characteristics in the out-of-sample exercise
correspond to those selected in our full sample model. Most importantly, the
top three characteristics of our full sample adaptive Lasso, re1−0, Value

ips and
rb1−0, are chosen in each of the 60 out-of-sample forecasts. We then construct a
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factor portfolio by going long/short the bonds with forecasted returns in the
top/bottom 20%. The adaptive Lasso factor generates significant monthly
excess returns of 0.28%. Using intercept tests we show that Flasso carries
a positive and significant premium which can not be explained by existing
models. The risk-adjusted excess return of the factor, expressed by the inter-
cepts, is significant and relatively stable, ranging from 0.24% to 0.32% even
though we test for a large set of competing models. We thus conclude that
the adaptive Lasso framework can deliver superior returns for an investor who
invests according to the forecasted returns of the model.
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2.A Alternative datasets

Table 2.11: Factors from bi-variate sorts (Not CRSP/Compustat matched). For
each characteristic we first create quantile portfolios according to rating and then according
to the characteristic of interest. Factors are constructed as the difference between the high
and low quantile portfolios across all rating portfolios. In the first column we report the
mean and respective t-stat, whereas in the rest of the columns we report the intercept from
regressions of each factor on MKT, MKT+TERM and MKT+TERM+DEF, respectively.
Newey andWest (1987) HAC robust standard errors, lag = 3 months. We denote 5% and 1%
significance level with * and **, respectively. Data from October-2005 to December-2018.

Factor α1 α2 α3

βb 0.21 -0.10 -0.09 -0.14
0.61 -0.56 -0.39 -0.58

Bond Characteristics:
Age 0.20* 0.14 0.08 0.06

1.99 1.72 0.83 0.61
Life 0.12 -0.13 -0.03 -0.04

0.42 -1.09 -0.19 -0.33
Mdur -0.12 -0.34** -0.20* -0.20*

-0.50 -3.07 -2.00 -2.22
Offer-amt -0.09 -0.04 0.04 0.09

-0.62 -0.33 0.33 0.74
Downside risk:
ES10 0.34 0.03 0.02 -0.02

0.93 0.19 0.11 -0.12
VaR10 0.30 -0.00 -0.01 -0.06

0.83 -0.01 -0.08 -0.34
VaR5 0.36 0.05 0.01 -0.04

0.98 0.35 0.08 -0.23
Returns:
Sprd6 0.72* 0.53* 0.42 0.39

2.15 1.99 1.64 1.55

rb12−2 -0.03 0.11 0.26 0.35
-0.10 0.47 1.18 1.65

Factor α1 α2 α3

rb12−7 0.14 0.20 0.26 0.31
0.78 1.20 1.71 1.99

rb1−0 -0.82* -0.76* -0.54 -0.52
-2.16 -2.05 -1.79 -1.75

rb2−1 0.37 0.37 0.11 0.06
1.12 1.25 0.44 0.22

rb36−13 -0.18 -0.19 -0.24 -0.23
-1.34 -1.50 -1.94 -1.79

rb6−2 0.05 0.18 0.35 0.44
0.23 0.82 1.86 2.34

Trade Frictions:

Tradebvol -0.01 -0.01 -0.01 0.04
-0.14 -0.20 -0.23 0.52

Illiq 0.40 0.22 0.14 0.09
1.53 1.42 1.18 0.81

Value:

Valuehvz 0.35 0.20 0.12 0.07
1.58 1.66 0.94 0.59

Valueips 0.75** 0.63** 0.58** 0.56**
2.92 3.09 2.82 2.61
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Table 2.12: Factors from bi-variate sorts (Not CRSP/Compustat matched/Not
Altman matched). For each characteristic we first create quantile portfolios according
to rating and then according to the characteristic of interest. Factors are constructed as
the difference between the high and low quantile portfolios across all rating portfolios.
In the first column we report the mean and respective t-stat, whereas in the rest of the
columns we report the intercept from regressions of each factor on MKT, MKT+TERM and
MKT+TERM+DEF, respectively. Newey and West (1987) HAC robust standard errors,
lag = 3 months. We denote 5% and 1% significance level with * and **, respectively. Data
from October-2005 to December-2018.

Factor α1 α2 α3

βb 0.21 -0.23 -0.20 -0.17
0.65 -1.36 -1.01 -0.91

Bond Characteristics:
Age 0.21* 0.10 0.05 0.07

2.28 1.52 0.52 0.97
Life 0.10 -0.26* -0.15 -0.13

0.36 -2.40 -1.28 -1.24
Mdur -0.27 -0.55** -0.36** -0.36**

-1.05 -3.77 -2.94 -2.90
Offer-amt -0.02 0.06 0.16 0.10

-0.13 0.53 1.40 1.56
Downside risk:
ES10 0.53 0.09 0.10 0.13

1.42 0.61 0.66 0.85
VaR10 0.48 0.04 0.00 0.04

1.32 0.27 0.01 0.24
VaR5 0.51 0.07 0.03 0.07

1.40 0.51 0.21 0.49
Returns:
Sprd6 0.80* 0.52 0.36 0.39

2.18 1.84 1.43 1.60

rb12−2 -0.21 -0.02 0.14 0.10
-0.77 -0.10 0.67 0.49

Factor α1 α2 α3

rb12−7 0.01 0.10 0.21 0.19
0.03 0.65 1.41 1.31

rb1−0 -0.91* -0.77* -0.47 -0.54*
-2.19 -2.09 -1.56 -1.95

rb2−1 0.34 0.30 0.07 0.14
1.17 1.23 0.27 0.79

rb36−13 -0.23 -0.25* -0.33** -0.31**
-1.51 -2.07 -2.71 -2.67

rb6−2 0.02 0.18 0.33 0.29
0.10 0.86 1.74 1.58

Trade Frictions:

Tradebvol 0.10 0.11 0.11 0.07
1.48 1.61 1.73 1.45

Illiq 0.49 0.23 0.16 0.19
1.78 1.73 1.45 1.89

Value:

Valuehvz 0.57* 0.33** 0.27* 0.29*
2.21 2.73 2.20 2.54

Valueips 0.78** 0.58** 0.54** 0.55**
2.79 3.10 2.81 3.01
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Table 2.13: Factors from bi-variate sorts (CRSP/Compustat matched/Not Alt-
man matched). For each characteristic we first create quantile portfolios according to
rating and then according to the characteristic of interest. Factors are constructed as
the difference between the high and low quantile portfolios across all rating portfolios.
In the first column we report the mean and respective t-stat, whereas in the rest of the
columns we report the intercept from regressions of each factor on MKT, MKT+TERM and
MKT+TERM+DEF, respectively. Newey and West (1987) HAC robust standard errors,
lag = 3 months. We denote 5% and 1% significance level with * and **, respectively. Data
from October-2005 to December-2018.

Factor α1 α2 α3

βb 0.25 -0.05 -0.00 -0.00
0.77 -0.51 -0.01 -0.04

Bond Characteristics:
Age 0.10 0.06 0.05 0.04

1.13 0.81 0.79 0.55
Life -0.02 -0.27 -0.07 -0.08

-0.08 -2.93 -1.05 -1.19
Mdur -0.15 -0.38** -0.18** -0.19**

-0.69 -3.97 -2.74 -2.78
Offer-amt 0.06 0.06 0.09 0.13

0.68 0.81 1.59 1.86
Downside risk:
ES10 0.37 0.04 0.11 0.08

0.96 0.34 0.89 0.76
VaR10 0.28 -0.02 0.06 0.04

0.81 -0.20 0.56 0.38
VaR5 0.34 0.03 0.08 0.05

0.96 0.28 0.71 0.51
Intangibles:
AOA 0.00 -0.00 0.07 0.05

0.01 -0.05 1.13 0.85
OA 0.10* 0.10* 0.12** 0.12**

2.27 2.25 2.80 2.82
OL -0.11 -0.09 -0.01 -0.04

-1.10 -0.90 -0.10 -0.63
TAN 0.26 0.16 0.10 0.10

1.58 1.59 0.99 0.95
Investment:
∆CEQ -0.07 0.02 0.14 0.14

-0.52 0.18 1.51 1.50
∆PI2A -0.11 -0.06 -0.03 -0.03

-1.00 -0.81 -0.41 -0.39
∆Shout 0.25 0.16 0.08 0.07

1.83 1.88 0.91 0.83
INV -0.09 -0.00 0.07 0.07

-0.74 -0.04 0.84 0.90
IVC -0.03 -0.01 0.01 0.01

-0.53 -0.20 0.27 0.13
Returns:
Sprd6 0.58* 0.39* 0.33 0.32

2.11 2.18 1.89 1.84
re12−2 -0.06 0.06 0.10 0.12

-0.31 0.51 0.98 1.13

rb12−2 -0.14 0.02 0.14 0.21
-0.44 0.08 0.75 1.33

Factor α1 α2 α3

re12−7 -0.06 -0.01 0.04 0.04
-0.51 -0.11 0.44 0.49

rb12−7 -0.17 -0.08 -0.05 0.01
-0.69 -0.45 -0.34 0.08

re1−0 0.64** 0.62** 0.59** 0.55**
3.09 3.41 3.16 3.25

rb1−0 -0.41** -0.40** -0.35** -0.34**
-3.54 -3.33 -2.94 -2.83

re2−1 0.04 0.07 0.15 0.12
0.46 0.63 1.62 1.33

rb2−1 0.23 0.27 0.24 0.24
1.29 1.78 1.83 1.76

re36−13 -0.19 -0.14 -0.10 -0.12
-1.66 -1.32 -0.92 -1.09

rb36−13 -0.26* -0.25 -0.21 -0.19
-1.97 -1.86 -1.79 -1.42

re6−2 0.05 0.14 0.16 0.17
0.36 1.32 1.51 1.61

rb6−2 0.07 0.17 0.27 0.33*
0.31 0.99 1.69 2.29

Profitability:
ATO -0.05 0.00 0.02 0.01

-0.53 -0.00 0.25 0.11
CTO -0.20 -0.14 -0.02 -0.04

-1.92 -1.44 -0.21 -0.49
∆(∆GM − ∆S) 0.22** 0.25** 0.25** 0.25**

3.00 3.74 4.04 4.14
EPS 0.06 0.14 0.19 0.19*

0.44 1.46 1.88 2.15
IPM 0.02 0.10 0.11 0.12

0.11 0.93 1.18 1.41
NOA -0.07 0.00 0.03 0.04

-0.54 0.03 0.30 0.47
PCM 0.12 0.17 0.18 0.20*

0.90 1.52 1.90 2.20
PM 0.08 0.15 0.15 0.17

0.49 1.14 1.42 1.61
Prof 0.01 0.06 0.08 0.07

0.13 0.76 1.06 0.96
RNA -0.04 0.05 0.13 0.11

-0.30 0.56 1.50 1.25
ROA 0.04 0.15 0.19* 0.19*

0.24 1.58 2.11 2.29
ROC 0.02 0.06 0.08 0.06

0.24 1.09 1.22 1.11
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Factor α1 α2 α3

ROE 0.01 0.11 0.17 0.16
0.08 1.12 1.71 1.82

ROIC -0.11 0.01 0.02 0.02
-0.65 0.06 0.26 0.24

S2C -0.16 -0.08 0.02 0.02
-1.40 -0.94 0.23 0.22

SAT -0.13 -0.09 0.01 -0.02
-1.49 -0.90 0.05 -0.21

Trade Frictions:
AT 0.10 0.03 -0.02 0.00

1.06 0.38 -0.17 -0.00

Tradebvol 0.11 0.10 0.09 0.13*
1.68 1.71 1.65 2.41

Illiq 0.34 0.18 0.18 0.15
1.51 1.61 1.73 1.58

LME -0.12 -0.08 -0.08 -0.07
-0.90 -0.74 -0.89 -0.79

Lturn 0.13 0.04 0.01 0.02
0.80 0.46 0.09 0.19

Value:
A2ME 0.28 0.10 0.03 0.03

1.07 0.78 0.27 0.29
BEME 0.01 -0.05 -0.01 0.02

0.07 -0.58 -0.06 0.24

Factor α1 α2 α3

C 0.20 0.12 0.06 0.04
1.50 1.49 0.77 0.54

C2D -0.00 0.10 0.15 0.14
-0.02 1.22 1.78 1.91

D2P 0.25 0.08 -0.02 -0.02
1.01 0.59 -0.13 -0.19

∆SO 0.27* 0.18* 0.11 0.11
2.04 2.38 1.32 1.36

E2P 0.12 0.19 0.24* 0.24*
0.87 1.65 1.98 2.18

NOP -0.14 -0.11 -0.03 -0.04
-1.71 -1.34 -0.26 -0.40

O2P -0.08 -0.06 -0.02 -0.04
-1.27 -0.92 -0.29 -0.58

Q 0.05 0.10 0.10 0.08
0.63 1.52 1.47 1.36

S2P 0.17 0.04 0.06 0.02
0.76 0.33 0.51 0.25

Salesg 0.05 0.14 0.27** 0.26**
0.39 1.47 2.71 2.67

Valuehvz 0.47* 0.30** 0.26* 0.22*
2.17 2.92 2.44 2.07

Valueips 0.61** 0.46** 0.39** 0.37**
2.68 3.52 3.28 3.10
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2.B Bootstrap inference for Sharpe ratio test-
ing

Consider two investment strategies i and j with excess returns Rit and Rjt.
The mean vector µ and the covariance matrix Σ are given by:

µ =

[︃
µi

µj

]︃
, Σ =

[︃
σ2
i σij

σji σ2
j

]︃
. (2.10)

The difference between the Sharpe ratio of the two strategies is given by:

∆ = Shi − Shj =
µi

σi
− µj

σj
. (2.11)

Let γi = E[R2
it] and γj = E[R2

jt] be the uncentered second moments and
υ = (µi, µj , γi, γj). Then we can express the Sharpe ratio difference ∆ as a
function of υ (∆ = f(υ)), with f(a, b, c, d) = (a/

√
c− a2)−(b/

√
d− b2). If we

assume that
√
T (υ̂− υ)

d−→ N(0,Ψ) then from the the delta method it follows
that:

√
T (∆̂−∆)

d−→ N(0,▽′f(υ)Ψ▽f(υ)) . (2.12)

The standard error of ∆̂ can be written as:

S(∆̂) =

√︄
▽′f(υ)Ψ̂▽f(υ)

T
, (2.13)

where Ψ̂ is a consistent estimator of Ψ and its typically estimated through
HAC robust estimation procedure such as Newey and West (1987) or Andrews
(1991). However, it is well-known that such HAC inference is often too opti-
mistic when tails are heavier than normal or sample sizes are small. Ledoit
and Wolf (2008) propose to test H0 : ∆ = 0 by inverting a symmetric stu-
dentized bootstrap confidence interval, with confidence level 1−α. It follows
that the null is rejected if zero is not contained in this interval. The process
they propose is the following:

First we generate bootstrap data by re-sampling with replacement individual
pairs of the two returns series. If there is serial correlation we can apply the

block bootstrap of Politis and Romano (1992). We then estimate ∆̂
∗
, which is

the Sharpe ratio difference estimated from the bootstrapped data. We repeat

this procedure for B times. Let z∗|·|,λ be the λ quantile of the |∆̂
∗
− ∆̂|/S(∆̂

∗
)

random variable, then the 1− α bootstrap confidence interval is given by:
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∆̂± z∗|·|,1−α S(∆̂) (2.14)

where ∆̂ is estimated from the original data and S(∆̂) is estimated from the
original data according to equation (2.13). When data are heavy tailed and
the sample is small, then z∗|·|,1−α is more conservative than its asymptotic
counterpart z1−α.

2.C Variable definition

βb: Beta of each bond with the market using last 36 months of returns. A
bond needs to have at least 24 observations out of 36 months in order to be
included in our calculation of the βb.

Bond Char.:

Age: Number of months since the issuance of the bond.

Life: Number of months until maturity of the bond.

Mdur: Modified duration of the bond.

Offer-amt: Offering amount of the bond in million USD.

Downside risk:

ES10: Defined by Bai et al. (2019) as the average of the four lowest monthly
return observations over the past 36 months (beyond the 10% VaR threshold).

VaR10: Defined by Bai et al. (2019) as the fourth lowest monthly return ob-
servation over the past 36 months. We then multiply the original measure by
−1 for convenience of interpretation.

VaR5: Defined by Bai et al. (2019) as the second lowest monthly return ob-
servation over the past 36 months. We then multiply the original measure by
−1 for convenience of interpretation.
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Intangibles:

AOA: We follow Bandyopadhyay, Huang, and Wirjanto (2010) and define
AOA as absolute value of operation accruals (OA) which we define below.

OA: We follow Sloan (1996) and define operating accruals as changes in non-
cash working capital minus depreciation (DP) scaled by lagged total assets
(AT). Non-cash working capital is the difference between non-cash current
assets and current liabilities (LCT), debt in current liabilities (DLC) and in-
come taxes payable (TXP). Non-cash current assets are current assets (ACT)
minus cash and short-term investments (CHE).

OL: Operating leverage is the sum of cost of goods sold (COGS) and selling,
general, and administrative expenses (XSGA) over total assets (AT) as in
Novy-Marx (2011).

TAN: We follow Hahn and Lee (2009) and defne tangibility as (0.715 × total
receivables (RECT) + 0.547 × inventories (INVT) + 0.535 × property, plant
and equipment (PPENT) + cash and short-term investments (CHE)) / total
assets (AT).

Investment:

∆CEQ: We follow Richardson, Sloan, Soliman, and Tuna (2005) in the defi-
nition of the percentage change in the book value of equity (CEQ).

∆PI2A: We define the change in property, plants, and equipment following
Lyandres, Sun, and Zhang (2008) as changes in property, plants, and equip-
ment (PPEGT) and inventory (INVT) over lagged total assets (AT).

∆Shout: We follow Pontiff and Woodgate (2008) in the definition of the per-
centage change in shares outstanding (SHROUT).

INV: We define investment as the percentage year-on-year growth rate in total
assets (AT) following Cooper, Gulen, and Schill (2008).

IVC: We define IVC as change in inventories (INVT) between t− 2 and t− 1
over the average total assets (AT) of years t− 2 and t− 1 following Thomas
and Zhang (2002).
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Returns:

Sprd6: Mom. 6m log(Spread) from Israel et al. (2018). Difference in logs of
current spread and spread 6 months ago. Spread is defined as the difference of
yield-to-maturity of a bond and its corresponding maturity-matched treasury
yield.

re12−2: Equity momentum. Total return from 12 months up until 2 months
ago.

rb12−2: Bond momentum. Total return from 12 months up until 2 months ago.

re12−7: Equity momentum. Total return from 12 months up until 7 months
ago.

rb12−7: Bond momentum. Total return from 12 months up until 7 months ago.

re1−0: Equity momentum. Total return over the past month.

rb1−0: Bond momentum. Total return over the past month.

re2−1: Equity momentum. Total return from 2 months up until 1 month ago.

rb2−1: Bond momentum. Total return from 2 months up until 1 month ago.

re36−13: Equity momentum. Total return from 36 months up until 13 months
ago.

rb36−13: Bond momentum. Total return from 36 months up until 13 months
ago.

re6−2: Equity momentum. Total return from 6 months up until 2 months ago.

rb6−2: Bond momentum. Total return from 6 months up until 2 months ago.

Profitability:

ATO: Net sales over lagged net operating assets as in Soliman (2008). Net
operating assets are the difference between operating assets and operating
liabilities. Operating assets are total assets (AT) minus cash and short-term
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investments (CHE), minus investment and other advances (IVAO). Operating
liabilities are total assets (AT), minus debt in current liabilities (DLC), mi-
nus long-term debt (DLTT), minus minority interest (MIB), minus preferred
stock (PSTK), minus common equity (CEQ).

CTO: We follow Haugen and Baker (1996) and define capital turnover as ratio
of net sales (SALE) to lagged total assets (AT).

∆(∆GM − ∆S): We follow Abarbanell and Bushee (1997) in the definition
of the difference in the percentage change in gross margin and the percent-
age change in sales (SALE). We define gross margin as the difference in sales
(SALE) and costs of goods sold (COGS).

EPS: We follow Basu (1977) and define earnings per share as the ratio of
income before extraordinary items (IB) to shares outstanding (SHROUT) as
of December t− 1.

IPM: We define pre-tax profit margin as ratio of pre-tax income (PI) to sales
(SALE).

NOA: Net operating assets are the difference between operating assets mi-
nus operating liabilities scaled by lagged total assets as in Hirshleifer, Kewei
Hou, Teoh, and Yinglei Zhang (2004). Operating assets are total assets (AT)
minus cash and short-term investments (CHE), minus investment and other
advances (IVAO). Operating liabilities are total assets (AT), minus debt in
current liabilities (DLC), minus long-term debt (DLTT), minus minority in-
terest (MIB), minus preferred stock (PSTK), minus common equity (CEQ).

PCM: The price to cost margin is the difference between net sales (SALE) and
costs of goods sold (COGS) divided by net sales (SALE) as in Gorodnichenko
and Weber (2016) and D’Acunto, Liu, Pflueger, and Weber (2018).

PM: The profit margin is operating income after depreciation (OIADP) over
sales (SALE) as in Soliman (2008).

Prof: We follow Ball, Gerakos, Linnainmaa, and Nikolaev (2015) and define
profitability as gross profitability (GP) divided by the book value of equity as
defined above.

RNA: The return on net operating assets is the ratio of operating income
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after depreciation to lagged net operating assets (Soliman, 2008). Net op-
erating assets are the difference between operating assets minus operating
liabilities. Operating assets are total assets (AT) minus cash and short-term
investments (CHE), minus investment and other advances (IVAO). Operating
liabilities are total assets (AT), minus debt in current liabilities (DLC), mi-
nus long-term debt (DLTT), minus minority interest (MIB), minus preferred
stock (PSTK), minus common equity (CEQ).

ROA: Return on assets is income before extraordinary items (IB) to lagged
total assets (AT) following Balakrishnan, Bartov, and Faurel (2010).

ROC: Return on capital is the ratio of market value of equity (ME) plus long-
term debt (DLTT) minus total assets to cash and short-term investments
(CHE) as in Chandrashekar and Rao (2009).

ROE: Return on equity is income before extraordinary items (IB) to lagged
book value of equity as in Haugen and Baker (1996).

ROIC: Return on invested capital is the ratio of earnings before interest and
taxes (EBIT) less nonoperating income (NOPI) to the sum of common equity
(CEQ), total liabilities (LT), and cash and short-term investments (CHE) as
in Brown and Rowe (2007).

S2C: Sales to cash is the ratio of net sales (SALE) to cash and short-term
investments (CHE) following Ou and Penman (1989).

SAT: We follow Soliman (2008) and define asset turnover as the ratio of sales
(SALE) to total assets (AT).

Trade Frictions:

AT: Total assets (AT) as in Gandhi and Lustig (2015).

Tradebvol: Cumulative trading volume of the bond in a given month.

Illiq: Defined by Bao et al. (2011) as: ILLIQt = −Covt(∆pitd,∆pitd+1) ,
where ∆pitd = pitd − pitd−1 is the log price change of bond i and day d of
month t.

LME: Size is the total market capitalization of the previous month defined
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as price (PRC) times shares outstanding (SHROUT) as in Fama and French
(1992).

Lturn: Turnover is last month’s volume (VOL) over shares outstanding (SHROUT)
as in Datar, Y. Naik, and Radcliffe (1998).

Value:

A2ME: We follow Bhandari (1988) and define assets to market capitalization
as total assets (AT) over market capitalization as of December t − 1. Mar-
ket capitalization is the product of shares outstanding (SHROUT) and price
(PRC).

BEME: Ratio of book value of equity to market value of equity. Book eq-
uity is shareholder equity (SH) plus deferred taxes and investment tax credit
(TXDITC), minus preferred stock (PS). SH is shareholders’ equity (SEQ). If
missing, SH is the sum of common equity (CEQ) and preferred stock (PS).
If missing, SH is the difference between total assets (AT) and total liabilities
(LT). Depending on availability, we use the redemption (item PSTKRV), liq-
uidating (item PSTKL), or par value (item PSTK) for PS. The market value
of equity is as of December t− 1. The market value of equity is the product
of shares outstanding (SHROUT) and price (PRC). See Rosenberg, Reid, and
Lanstein (1985) and Davis, Fama, and French (2000).

C: Ratio of cash and short-term investments (CHE) to total assets (AT) as in
Palazzo (2012).

C2D: Cash flow to price is the ratio of income and extraordinary items (IB)
and depreciation and amortization (DP) to total liabilities (LT).

D2P: Debt to price is the ratio of long-term debt (DLTT) and debt in cur-
rent liabilities (DLC) to the market capitalization as of December t− 1 as in
Litzenberger and Ramaswamy (1979). Market capitalization is the product
of shares outstanding (SHROUT) and price (PRC).

∆SO: Log change in the split adjusted shares outstanding as in Fama and
French (2008). Split adjusted shares outstanding are the product of Compu-
stat shares outstanding (CSHO) and the adjustment factor (AJEX).

E2P: We follow Basu (1983) and define earnings to price as the ratio of income
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before extraordinary items (IB) to the market capitalization as of December
t− 1. Market capitalization is the product of shares outstanding (SHROUT)
and price (PRC).

NOP: Net payout ratio is common dividends (DVC) plus purchase of com-
mon and preferred stock (PRSTKC) minus the sale of common and preferred
stock (SSTK) over the market capitalization as of December as in Boudoukh,
Michaely, Richardson, and Roberts (2007).

O2P: Payout ratio is common dividends (DVC) plus purchase of common and
preferred stock (PRSTKC) minus the change in value of the net number of
preferred stocks outstanding (PSTKRV) over the market capitalization as of
December as in Boudoukh et al. (2007).

Q: Tobin’s Q is total assets (AT), the market value of equity (SHROUT times
PRC) minus cash and short-term investments (CEQ), minus deferred taxes
(TXDB) scaled by total assets (AT).

S2P: Sales to price is the ratio of net sales (SALE) to the market capitaliza-
tion as of December following Lewellen (2015).

Salesg: Sales growth is the percentage growth rate in annual sales (SALE)
following Lakonishok, Shleifer, and Vishny (1994).

Valuehvz: Defined by Houweling and van Zundert (2017) as calculating cross-

sectionally a regression and generate fitted values: Spreadt
ˆ = c+βRATRATt+

βMATMATt + β∆S∆Spreadt,t−3. The percentage difference between the ac-
tual and the fitted spread is then the value characteristic.

Valueips: Defined by Israel et al. (2018) as calculating cross-sectionally a re-

gression and generate fitted values: Spreadt
ˆ = c+βRATRATt+βDURDURt+

βV OLVOLt,t−12. VOLt,t−12 refers to the bond’s volatility over the past year.
The percentage difference between the actual and the fitted spread is then the
value characteristic.
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Luck versus skill in the corporate
bond fund market

Co-author: Thomas Philipp Aeschbacher

Abstract
In this paper, we evaluate the ability of U.S. corporate bond fund
managers to generate alpha. We apply the False Discovery Rate
(FDR) to distinguish between “skill” and “luck.” We find that
long-term outperformance remains elusive, with only 1% of the
funds able to generate significant alpha over their life. However,
fund managers are able to generate alpha over the short-term with
the proportion of skilled funds increasing to 13.5% when we exam-
ine three-year sub-periods. To confirm these findings, we design
an out-of-sample investment strategy where we invest in funds ac-
cording to their estimated “skill” from past returns. Our strategy
generates positive and significant alpha, which confirms the persis-
tence in outperformance over the short-run. Our results are eco-
nomically meaningful for investors suggesting that dynamic and
active manager selection pays off.
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3.1 Introduction

Are active managers able to outperform? This question is one of the oldest in
the field of finance and has profound welfare implications for investors. While
there have been numerous studies on the performance of U.S. equity fund
managers, there have been far less on U.S. bond funds and only a few for U.S.
corporate bond funds. This paper aims to fill the gap in the existing liter-
ature by explicitly studying the performance of U.S. corporate bond funds.
Most studies so far on the U.S. corporate space focus on the performance of
the average fund. Both theoretical and empirical results hint at the fact that
funds generate on average zero/negative alpha gross/net of fees (see Berk and
Green (2004)). It follows that active management is a zero-sum game, where
returns of unskilled managers (negative alpha) and skilled ones (positive al-
pha) are balanced out. We expand the existing literature by analyzing the
performance of individual funds. To this end, we are interested in testing
whether skilled managers that consistently outperform the market exist and
whether investors can identify them and receive superior returns.

To answer this question, we utilize established methods from the equity fund
literature. More specifically, we use the False Discovery Rate (FDR) which
was introduced by Storey (2002) and applied by Barras, Scaillet, and Werm-
ers (2010) to evaluate U.S. equity funds. The central issue in studying the
performance of individual funds is the multiple testing bias that arises. For
example, consider using a statistical significance level of 5%, and counting
the number of funds with significant alphas to determine how many managers
are skilled. In that case, we should expect that 5% of zero-alpha funds (funds
with zero alpha in population) will erroneously appear to possess skill just out
of luck. The FDR method is a practical and statistically sound approach to
control for false discoveries directly. Despite the sound theoretical framework
of the FDR, there has been recently a critique from Andrikogiannopoulou
and Papakonstantinou (2019) challenging the applicability of FDR on fund
evaluation. Their main argument is that FDR produces biased results that
typically underestimate the proportion of non-zero alpha funds if we use re-
alistic noise-to-signal ratios and sample size. We take into account the recent
findings on the shortcomings of the FDR in fund evaluation by performing
a detailed simulation study and also incorporating the comments of Barras,
Scaillet, and Wermers (2019) in their reply on the validity of FDR.

Apart from the statistical methodology used to evaluate fund returns, the
choice of the benchmark model is also crucial. In the equity space, there are
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asset pricing models that are widely accepted, such as the four-factor model
of Carhart (1997) that is being used in most equity mutual fund papers. How-
ever, there is no broad-based agreement in the corporate bonds space yet. In
addition, the lack of readily available bond factors has led researchers to use
augmented models from the equity literature to measure the performance of
bond funds. We contribute to the existing literature by utilizing corporate
bond-specific asset pricing factors. More specifically, our reference model is
the one suggested by Bai, Bali, and Wen (2019) that focuses on the downside,
credit, and liquidity risk.

From the existing literature, Ayadi and Kryzanowski (2011) and Brooks,
Gould, and Richardson (2020) are the papers that are most closely related
to our work. Ayadi and Kryzanowski (2011) examine the Canadian bond
fund market and use the bootstrap to examine the best/worst funds. They
find that bad luck is responsible for the left tail funds but find no real skill
for the right tail funds. Brooks et al. (2020) examine the U.S. bond mar-
ket and independently examine different segments of the bond fund market.
They examine the performance of individual funds; however, they do not
employ a formal statistical method but rather draw inference by imposing a
normal distribution with zero mean on the distribution of individual alphas.
To our knowledge, our paper is the first one that focuses on the performance
of individual U.S. corporate bond funds and uses the FDR methodology to
distinguish skill from luck.

First, we evaluate the performance of funds over the long-run by applying
the FDR approach on the full sample (158 funds, 198 months). We find that
1.15%, 12.27%, and 86.58% of the funds generate positive, negative, and zero-
alpha. Thus, we conclude that alpha generation is scarce over the long-run,
while most of the funds generate zero alpha. Our results are in line with the
mutual fund literature. Brooks et al. (2020) examine the U.S. bond mutual
fund and find no evidence of true skill. Barras et al. (2010) report that only
0.60% of equity fund managers can generate alpha, while they find that the
majority of the funds are zero-alpha.

Second, we evaluate the performance of funds over the short-run. Accord-
ing to the theoretical work of Berk and Green (2004), funds might be able
to outperform over the short-run before investors reduce their competitive
advantage by increasing inflows. To this end, we continue our analysis fo-
cusing on 3-year sub-intervals and treating each fund-period observation as
a separate fund. We find that performance is stronger than the full sample
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analysis, indicating that fund managers can generate alpha over the short-
run. We estimate the proportions of positive, negative, and zero-alpha to be
13.52%, 10.25%, 76.23%. Barras et al. (2010) find similar evidence examining
the U.S. equity mutual funds and Huij and Derwall (2008) find performance
persistence in U.S. bond funds using a dataset from 1990 to 2003.

Third, motivated by the fact that corporate bond funds exhibit outperfor-
mance over the short-run, we examine whether investors can use past per-
formance to identify talented managers and create a profitable strategy. We
follow Barras et al. (2010) and design a fund selection strategy based on the
FDR methodology. We show that we can successfully identify managers that
possess skill over the short-run. Our strategy generates an economically and
statistically meaningful annualized alpha of 1.75%. We also report the re-
sults of a simple strategy that invests every year in the funds with alpha
above/below a certain percentile threshold, as in Huij and Derwall (2008).
The results are similar to our FDR selection strategy and confirm the hy-
pothesis of short-term performance persistence and skill. However, similar to
Barras et al. (2010) we observe that the FDR method cannot meaningfully
outperform the naive strategy of portfolio formation according to past alpha.
We think that the concentration of skilled funds at the extreme right tail and
the increasing alphas the more one moves to the right tail are the two main
reasons for the inability of the FDR strategy to outperform. It follows that by
simply focusing on an extreme percentile like 90%, one can capture a mean-
ingful proportion of skilled funds. Furthermore, the benefits of identifying
skilled funds further on the left side of the distribution are diminishing, given
the lower alpha and higher proportion of unskilled funds.

Finally, given the recent critique of Andrikogiannopoulou and Papakonstanti-
nou (2019) on the bias of the FDR methodology, we perform a detailed simu-
lation study to evaluate the performance of FDR in our dataset. We use the
median size of our sample Tmed and calibrate the alpha and residual volatility
parameter from our data in line with the response of Barras et al. (2019).
While we confirm previous findings of bias in FDR estimates, our simulation
results are less pessimistic than Andrikogiannopoulou and Papakonstantinou
(2019) and closer to the recent response of Barras et al. (2019). Our simula-
tion results confirm that FDR can be successfully applied in the cross-section
of corporate bond mutual funds.

Our paper is organized as follows. The second section provides a detailed lit-
erature review of mutual fund performance analysis for equity and bond funds
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and an overview of the respective methods. In the third section, we present
our data, while in sections four and five, we present our empirical results and
simulation study.

3.2 Literature review

The majority of existing literature on fund performance has focused on eq-
uities. The results are sometimes conflicting depending on the methodology
used. However, the prevailing view is that long-term outperformance is scarce.
Early papers on mutual fund performance try to identify skill by testing for
persistence in fund returns. The idea is that if a manager outperforms due to
skill, this should also persist in the future. Carhart (1997) applies a four-factor
model including momentum and finds that the momentum factor can explain
previous evidence of performance persistence. Kosowski, Timmermann, Wer-
mers, and White (2006) use a bootstrap method to evaluate the performance
of individual equity funds. They show that while alpha for the broad indus-
try is negative, in line with the “equilibrium accounting theory,” a group of
“star” managers can persistently deliver significant alpha. Fama and French
(2010) perform a similar study to Kosowski et al. (2006) and conclude that
while many managers can generate alpha before costs, only a few can generate
alpha after costs. Barras et al. (2010) use the FDR in order to correct for false
discoveries. They find that only 0.6% of managers possess skill while 75% of
the U.S. equity mutual funds have zero alpha. They also find a significant
proportion (14.4%) of skilled investors before 1996 but almost none (0.6%)
by 2006. Similar findings of a declining ability to generate alpha have been
reported by Pástor, Stambaugh, and Taylor (2015). The dominating belief is
that increasing competition and market efficiency is restricting opportunities
for outperformance. More recently, Harvey and Liu (2018) proposed a new
structural approach to model skilled, unskilled, and zero alpha funds. They
find that 10% of the U.S. equity funds generate positive alpha, a finding that
is in contrast with the 1% reported by Barras et al. (2010).1

While there have been numerous studies on the return of actively managed eq-
uity funds, there has been less attention on bond funds and only a few studies
on corporate bond fund returns. In one of the first studies focusing on bond
funds, Blake, Elton, and Gruber (1993) examine government and corporate

1For a detailed literature review on equity mutual fund evaluation, see Cremers, Fulk-
erson, and Riley (2019).
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bond funds jointly. They find negative alphas for the aggregate industry and
weak results on performance persistence. Ferson, Henry, and Kisgen (2006)
examine government bond funds using the implied stochastic discount fac-
tor (SDF) from a continuous-time term structure model and report that the
average fund outperforms the benchmark. Huij and Derwall (2008) question
the existence of skilled bond fund managers by investigating the persistence
of relative performance of funds. Using a larger dataset than previous stud-
ies, they show that funds that outperform in the past tend to outperform
in the future, offering evidence to support the existence of skilled bond fund
managers. Ayadi and Kryzanowski (2011) examine the Canadian bond fund
market. In line with previous studies, they find on average negative alphas
net of fees. When applying the bootstrap technique of Kosowski et al. (2006)
to evaluate individual fund performance, they find no skill for the right tail of
alphas. Cici and Gibson (2012) focus on corporate bond funds and decompose
active returns in security selection, timing, and style. They report negative
results on the abilities of bond fund managers; however, their analysis is lim-
ited to the average corporate bond fund. Konstantinov and Fabozzi (2021)
examines the European bond mutual fund market across different segments
(government, investment grade (IG), high yield (HY), etc.). They find that
only funds that invest primarily in government bonds can generate alpha and
that alpha generation has declined significantly after the GFC (Global Finan-
cial Crisis) in 2008. Brooks et al. (2020) examine the U.S. bond market and
independently examine different segments of the bond fund market similar
to Konstantinov and Fabozzi (2021). They examine the performance of in-
dividual funds; however, they do not employ a formal statistical method but
rather draw inference by imposing a normal distribution with zero mean on
the distribution of individual alphas. They conclude that the average and in-
dividual active manager is not able to generate alpha. The results hold across
all bond categories. To our knowledge, this is the first paper that focuses on
the performance of individual U.S. corporate bond funds and uses the FDR
methodology to distinguish skill from luck.

Answering whether individual managers possess skills has specific method-
ological challenges since it involves multiple hypothesis testing. The boot-
strap technique of Kosowski et al. (2006) and Fama and French (2010) deals
with the non-normal distributional characteristics of fund returns but is not
able to correct for the multiple hypothesis bias. To limit the bias, the authors
restrict their analysis to key points of the cross-section of funds. On the other
hand, the FDR method of Barras et al. (2010) allows us to directly control for
false discoveries and estimate the proportions of skilled and unskilled man-
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agers. Despite the sound theoretical foundations of the FDR method, there
are empirical difficulties as highlighted by Andrikogiannopoulou and Papakon-
stantinou (2019). The authors argue that the low accuracy of estimating fund
alphas and the short sample period of individual funds makes the FDR esti-
mation biased, as shown in a detailed simulation study. However, Barras et
al. (2019) argue in their response that if we use realistic parameters for alphas
and residual volatility and incorporate the additional data available from the
original study in 2010, then the bias is significantly smaller than the one re-
ported by Andrikogiannopoulou and Papakonstantinou (2019). Harvey and
Liu (2018) in a recent study propose a structural approach that aims to reduce
the noise in estimating alphas by pooling information from the cross-sectional
distribution of alphas. Christiansen, Grønborg, and Nielsen (2020) perform
a detailed empirical study to measure the performance of different methods
in fund selection through a detailed simulation study. They adjust the simu-
lation parameters to accommodate for realistically short samples. They find
that the FDR and bootstrap method have the most attractive characteristics
while the more advanced method of Harvey and Liu (2018) performs worse
when applied to small samples. Given that the outperformance of newly
proposed methods remains uncertain, we prefer to use the established FDR
method and examine its accuracy through a detailed simulation study.

3.3 Mutual fund performance evaluation
methodology

3.3.1 Set up

Consider N actively managed mutual funds with excess returns net of fees Rt

and K asset pricing factors Ft that form the benchmark model. To evaluate
the performance of these funds, we estimate:

Rit = αi + βiFt + ϵit (3.1)

It follows that a fund manager can generate returns either due to its exposure
to systematic risk factors through βi or due to management skills through
αi. We focus on returns net of fees and define skill as the ability to generate
αi > 0 after costs. Accordingly, the N funds can be separated into three
categories:

• Unskilled funds: funds with managers that are unable to recover
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trading and management fees through their active management skills
(αi < 0).

• Zero alpha funds: funds with managers that are able to recover
trading and management fees through their active management skills
(αi = 0).

• Skilled funds: funds with managers that can generate alpha in excess
of trading and management fees through their active management skills
(αi > 0).

A simplistic approach for estimating the number of skilled/unskilled funds
would be to perform N tests with the null hypothesis being Hi

0 : αi = 0.
This is the no-luck approach, and the major issue is that it fails to account
for false discoveries. Figure 3.1 presents a simplified example in order to
demonstrate the empirical implications. In Figure 3.1a we demonstrate the t-
statistic distribution of unskilled, zero-alpha and skilled funds. For simplicity,
we assume a normal distribution centered across -3, 0 and 3, respectively. In
Figure 3.1b we demonstrate the cross-sectional t-statistic distribution, which
is a mixture of the three skill group distributions in Figure 3.1a, with the
weight of each distribution being equal to the proportion of unskilled, zero
alpha and skilled funds in the population (π−

A = 9% , π0 = 90%, π+
A = 1%).

Using a significance level of γ = 5% we would estimate the unskilled funds to
be 11% for the total population and the skilled funds to be 3%. The reason
for the bias is that we do not account for luck (lucky/unlucky funds with
zero-alpha but due to luck appear to have positive/negative alpha).

3.3.2 False Discovery Rate (FDR)

The FDR method applied by Barras et al. (2010) offers a robust statistical
framework to estimate the proportion of negative, zero, and positive alpha
funds while adjusting for false discoveries due to luck. From Figure 3.1a, we
see that at a given significance level γ, the probability that a zero-alpha fund
is wrongfully accepted as a skilled/unskilled fund is equal to γ/2. If π0 is
the proportion of zero-alpha funds in population, it follows that the expected
proportion of lucky/unlucky funds can be written as:

E(F+
γ ) = π0 × γ/2

E(F−
γ ) = π0 × γ/2 , (3.2)

where E(F+
γ ) denotes the expected proportion of lucky funds and E(F−

γ )
denotes the expected proportion of unlucky funds. Now to calculate the ex-
pected proportion of non-zero funds, we simply need to adjust the observed
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Figure 3.1: Example on bias for multiple testing. The left panel shows the distribution
of the fund t-statistics across the three skill groups (zero alpha, negative and positive). We
assume a normal distribution and that the respective distributions are centered around 0
and ±3. The right panel shows the cross-sectional distribution of the t-statistics, which is
a mixture of the three skill group distributions in the left panel, with the weight of each
distribution being equal to the proportion of unskilled, zero alpha and skilled funds in the
population (π−

A = 9%, π0 = 90%, π+
A = 1%).
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proportions for the impact of luck. It follows that the proportions of non zero
funds can be expressed as:

E(T+
γ ) = E(S+

γ )− E(F+
γ ) = E(S+

γ )− π0 × γ/2

E(T−
γ ) = E(S−

γ )− E(F−
γ ) = E(S−

γ )− π0 × γ/2 , (3.3)

where E(T+
γ ) and E(T−

γ ) denotes the expected proportions of skilled/unskilled
funds and E(S+

γ ) and E(S−
γ ) denote the proportion of funds with positive/negative

and significant t-statistics in sample.
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Figure 3.2: Distribution of p-values. The figure displays the p-value histogram of
N = 250 funds generated from the three skill distributions displayed in Figure 3.1 with
probability equal to the proportion of unskilled, zero alpha and skilled funds in the popu-
lation (π−

A = 9% , π0 = 90%, π+
A = 1%).

From equation (3.3) we see that the only parameter that we need in order
to estimate the true proportions of non-zero funds is the proportion of zero
funds, π0. For that, we can use the estimation approach developed by Storey
(2002). Consider we have N hypothesis to test (same as the number of funds)
and pî is the p-value of test i. The main two assumptions of the FDR are that:
(1) the p-values corresponding to true nulls will be uniformly distributed on
[0,1], and (2) the p-values corresponding to the alternative hypothesis will
be close to zero. From assumption (2), it follows that there is a threshold
λ∗ ∈ (0, 1) above which all p-values correspond to true nulls. We employ
a bootstrap method to determine λ∗ which we describe below. Given that
p-values of the null are uniformly distributed, we can estimate the proportion
of zero alpha funds (π̂0) by counting the number of p-values above λ∗, W (λ∗),
and extrapolate for the interval (0, λ∗). It follows that we can estimate the
proportion of zero alpha funds from:

π̂0(λ
∗) =

W (λ∗)

N

1

1− λ∗ , (3.4)
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where W (λ∗)/N can be interpreted as the proportion of funds represented by
the four rectangles for λ > λ∗. Once we have estimated π̂0, we can simply
substitute π̂0 in equations (3.3) which gives as the proportions of positive and
negative alpha after adjusting for false discoveries. Accordingly, the estimated
proportions of non zero funds can be written as:

π̂+
A = Ŝ

+

γ − F̂
+

γ = Ŝ
+

γ − π̂0 × γ/2

π̂−
A = Ŝ

−
γ − F̂

−
γ = Ŝ

−
γ − π̂0 × γ/2 (3.5)

3.3.3 Bootstrapped p-values

The p-values required to compute W (λ∗) in equation (3.4) are estimated using
the bootstrap method of Kosowski et al. (2006). Thus, allowing us to take
into account the non-normality and asymmetry of funds’ returns. To employ
the methodology of Kosowski et al. (2006) we first estimate the benchmark

model in equation (3.1) and save the estimated parameters βî and {ϵit̂, t =
Ti0, . . . , Ti1} for each fund. Time indexes Ti0, . . . , Ti1 denote the first and last
observation of fund i. Next, we draw with replacement a pseudo time series
of residuals {ϵ̂bitϵ , tϵ = sbTi0

, . . . , sbTi1
}, where b is an index for the bootstrap

simulation run and time indices sbTi0
, . . . , sbTi1

are drawn uniformly from the

original time indices Ti0, . . . , Ti1. We draw pseudo excess return, Rb
it, under

the null hypothesis (αi = 0) from:

Rb
it = βîFt + ϵ̂bitϵ (3.6)

Then we regress the pseudo returns on the set of original factors:

Rb
it = αb

i + βb
iFt + ϵ̃it (3.7)

We save αb
i and the corresponding t-statistic and repeat this procedure for

b = 1, . . . , 1000 bootstrap iterations and for all the funds i = 1, . . . , N . Since
the distribution of t-statistics might be asymmetric, we follow Davidson and
MacKinnon (2004) and estimate the p-value from:

p̂i = 2×min

(︄
1

B

B∑︂
b=1

I{ˆ︁tbi > ˆ︁ti}, 1B
B∑︂

b=1

I{ˆ︁tbi < ˆ︁ti}
)︄

, (3.8)

where B is the total number of bootstrap iterations and I{ˆ︁tbi > ˆ︁ti} is an
indicator function that takes the value one if the bootstrap t-statistic ˆ︁tbi is
higher than the t-static estimated from the actual sample ˆ︁ti.
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3.3.4 Determining the value of λ∗ and γ∗ from the data

We follow Barras et al. (2010) and determine λ∗ and γ∗ from the data, utilizing
a bootstrap approach. To determine λ∗ we first estimate π̂0(λ) for a grid of
λ values, (λ = 0.30, 0.35, 0.40, .., 0.70). For each value of λ we form 1,000
bootstrap replications by drawing with replacement from the Nx1 vector of
p-values. We estimate the Mean Squared Error (MSE) for each value of λ

and choose as λ∗ the value that minimizes the MSE, λ∗ = argminλˆ︁MSE(λ).

ˆ︁MSE(λ) =
1

1000

1000∑︂
b=1

[︃
π̂b
0(λ)−min

λ
π̂0(λ)

]︃2
(3.9)

The significance level γ∗ is typically determined by the researcher and defines
the segment of the tail to be examined for skill/luck. Since our primary focus
is to estimate the proportions of funds for the entire population, we need to set
a reasonably large value of γ∗ in order to keep Type-II error under control.
We follow the approach proposed of Barras et al. (2010) to determine γ∗

through bootstrap similar to λ∗. First we estimate π−
A(γ) from (3.5) using

λ∗ from the previous step, for a range of γ values (γ = 0.30, 0.35, .., 0.50).
Second, for each value of γ we form 1,000 bootstrap replications by drawing
with replacement from the Nx1 vector of p-values. We estimate the Mean
Squared Error (MSE) for each value of γ and choose as γ− the value that

minimizes MSE, γ− = argminγ ˆ︁MSE
−
(γ).

ˆ︁MSE
−
(γ) =

1

1000

1000∑︂
b=1

[︃
π̂b−
A (γ)−max

γ
π̂−
A(γ)

]︃2
(3.10)

We use the same approach to choose γ+. If minγ ˆ︁MSE
−
(γ) < minγ ˆ︁MSE

+
(γ)

then we set π̂−
A(γ

∗) = π̂−
A(γ

−) and to preserve the equality, we set π̂+
A(γ

∗) =

1 − π̂0 − π̂−
A(γ

∗). Accordingly, if minγ
ˆ︁MSE

−
(γ) > minγ ˆ︁MSE

+
(γ), we set

π̂+
A(γ

∗) = π̂+
A(γ

+) and π̂−
A(γ

∗) = 1− π̂0− π̂+
A(γ

∗). We note that in our empir-
ical results we find that simply setting γ∗ at a reasonable large value (above
0.20) yields similar results to the bootstrap approach.
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3.4 Data description and performance
measurement

3.4.1 Mutual fund data

We use the CRSP Survivor Bias-Free Mutual Fund Database for the fund
returns. For funds with multiple share classes, we calculate size-weighted re-
turns across all share classes. Excess returns Rit are estimated by subtracting
the return of the one-month T-Bill. We proceed by filtering our data in order
to isolate corporate bond funds. (1) We keep funds with a Lipper classifi-
cation of A, BBB, GB, HY, IID, SII.2 (2) We match the fund return series
with the available corporate bond factors that span from Nov-2005 to Dec-
2018. (3) To avoid incubation bias,3 we remove funds with history less than
36 months and funds that do not grow more than 50 million USD. (4) We
remove Exchange Traded Funds (ETF) using the respective flag provided by
the dataset. (5) We remove funds with average corporate allocation below
50%. (6) We remove funds with average equity exposure more than 2.5%. (7)
We remove funds with an average allocation of other fixed-income above 30%.
(8) We remove short-duration funds based on whether they include the word
short in their name. The final dataset includes 198 unique funds and 19,833
observations. In Table 3.2 we describe in detail the filters we apply and the
number of observations in each step.

In Table 3.1 we see the descriptive statistics for the full sample and the IG
and HY funds separately. The filtering strategy successfully isolates funds
that invest primarily in corporate bonds, with the corporate bond allocation
being on average above 80%. The average fund in our sample delivers a
monthly return of 0.43%, while as expected, returns of HY funds are higher
at 0.51% vs. 0.31% for the IG funds. Expense ratios and management fees are
also higher for HY funds compared to IG funds. In terms of turnover ratio,
we see that the distribution is skewed with some very active funds pushing
the mean above 80% while the median of the sample is closer to 60%. Finally
in Figure 3.3 we plot the returns of the average IG and HY fund vs. the
respective Bloomberg corporate bond index. As we see, both categories are
highly correlated to their respective benchmark and generate lower returns
over the sample period.

2A-Corporate Debt Funds A rated, BBB-Corporate Debt Funds BB rated, GB-General
Bond Funds, HY-High Current Yield Funds, IID-Intermediate Intermediate Investment
Grade Debt Funds, SII-Short Intermediate Investment Grade Debt Funds.

3See Brooks et al. (2020) and Konstantinov and Fabozzi (2021).
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Table 3.1: Descriptive statistics full sample. In this table we present the descriptive
statistics for the full sample of fund returns and characteristics.

Obs Funds Mean 50th SD 5th 25th 75th 95th

Ret 19,833 198 0.43 0.47 2.01 -2.38 -0.26 1.25 3.08
Size (M USD) 19,833 198 1,459 416 3,004 22 107 1,334 6,466
Exp-ratio % 17,756 178 0.84 0.83 0.34 0.19 0.65 1.03 1.41
Mgmt fee % 17,762 178 0.44 0.48 0.45 0.05 0.37 0.60 0.76
Turn % 17,762 178 92.00 60.00 117.90 21.00 39.00 95.00 263.00
Corp % 13,525 167 84.87 89.75 13.35 56.43 79.33 93.83 97.69

(a) Full sample

Obs Funds Mean 50th SD 5th 25th 75th 95th

Ret 8,012 88 0.31 0.29 1.36 -1.55 -0.20 0.91 2.18
Size (M USD) 8,012 88 1,358 467 3,095 29 122 1,169 5,789
Exp-ratio % 7,253 81 0.72 0.72 0.34 0.11 0.56 0.96 1.25
Mgmt fee % 7,259 81 0.35 0.40 0.27 0.00 0.30 0.48 0.62
Turn % 7,259 81 105.29 63.00 126.49 18.00 36.00 119.00 325.00
Corp % 5,125 64 79.37 82.35 15.15 50.59 69.08 92.02 97.15

(b) Investment grade

Obs Funds Mean 50th SD 5th 25th 75th 95th

Ret 11,079 103 0.51 0.67 2.35 -2.73 -0.37 1.49 3.69
Size (M USD) 11,079 103 1,433 354 2,777 19 98 1,447 6,665
Exp-ratio % 9,761 90 0.95 0.89 0.31 0.55 0.76 1.10 1.52
Mgmt fee % 9,761 90 0.50 0.56 0.55 0.16 0.46 0.66 0.80
Turn % 9,761 90 80.17 58.65 109.91 25.00 41.00 82.00 162.00
Corp % 7,893 97 88.91 91.44 9.51 69.64 87.27 94.44 97.97

(c) High yield
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Table 3.2: Sample set up. In this table we describe the evolution of our dataset according
to the filter/restrictions we apply. Obs refers to the month-fund observation in each sample,
while the rest of the variables refer to the number of funds in each respective sample.

Filter Obs Num. Funds IG Funds HY Funds IG Obs HY Obs

Initial sample 189,015 2,866 1,536 623 104,466 41,896
- Keep only IG/HY 146,377 2,127 1,535 623 104,463 41,896
- Match with factor data 120,011 1,917 1365 581 84,367 35,647
- Remove < 36 months 107,664 1,093 789 326 75,987 31,680
- Remove < 50 M USD 100,456 980 706 295 70,560 29,898
- Remove ETF 94,185 894 644 270 65,933 28,254
- Remove corp alloc < 50% 48,918 472 237 249 22,062 26,856
- Remove equity alloc > 2.5% 31,988 323 190 143 17,522 14,466
- Remove other FI alloc > 30% 27,635 279 147 140 13,316 14,319
- Remove short maturity funds 19,833 198 95 110 8,199 11,634

Figure 3.3: Returns of average IG/HY fund and Bloomberg benchmark index. In
this figure we report the cumulative returns of the average IG/HY fund against the return
of the respective benchmark.
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3.4.2 Performance measurement and asset pricing
factors

This section describes the asset pricing models that we utilize for the perfor-
mance evaluation of corporate funds. Most of the papers that examine cor-
porate mutual funds’ performance have utilized asset pricing models from the
equity literature. For example Konstantinov and Fabozzi (2021) and Ayadi
and Kryzanowski (2011), both use the Carhart (1997) 4-factor equity model,
augmented with a term-spread4 factor and bond-specific market factor. We

4Term-spread is defined as the difference between 30-year U.S. Treasury and 1-month
U.S. Treasury.
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differentiate from previous papers by utilizing corporate bond-specific asset
pricing factors. More specifically, our reference model is the one suggested
by Bai et al. (2019). They propose a six-factor model that includes: market
(MKT), term-spread (TERM), downside-risk (VAR), liquidity (LIQ), credit
risk (CRF) and one month return reversal (REV). We compare our reference
model with: (i) the two-factor model of Fama and French (1993) that includes
the market factor and term and (ii) the two-factor model augmented with the
equity factors5 of size (SMB), value (HML) and momentum (MOM).

To construct bond factors, we utilize the dataset from TRACE that pro-
vides prices and characteristics of the full cross-section of U.S. corporate
bonds. Details about the TRACE dataset and cleaning procedure can be
found in Appendix 3.B. We construct the bond factors according to Bai et
al. (2019). To measure downside-risk, we use the 5% VaR over the last 36
months, which is equivalent to the second-worst return over the same period.
Bond illiquidity is measured according to Bao, Pan, and Wang (2011). To be
more specific, illiquidity is defined as ILLIQt = −Covt(∆pitd,∆pitd+1), where
∆pitd = pitd − pitd−1 is the log price change of bond i and day d of month
t. For the credit risk factor, we use the credit rating and for the one-month
reversal factor we use the last month return.

We create traded factors from bi-variate sorts where we use credit rating as the
first sorting variable, resulting in 25 (5x5) portfolios. Credit risk is a crucial
driver of corporate bond returns; using the rating as a first sorting variable
allows us to create portfolios with similar credit risk profiles. To create the
credit-risk factor (CRF), we use the VaR 5% as the first sorting variable. We
construct each factor as the value-weighted average return difference of the
extreme quantile portfolios among all credit rating portfolios. To briefly illus-
trate how we construct each factor, consider that we have Rit excess returns
of N test assets, and we want to construct a factor for a single characteristic
Cit. Then we denote P 1,5

t the return at time t of a value-weighted portfolio
of assets that belongs in the 1st quantile concerning Cit and the 5th quantile
concerning credit rating. Then the factor is defined as:

Factort =
1

5

5∑︂
j=1

P 5,j
t − 1

5

5∑︂
j=1

P 1,j
t (3.11)

To evaluate the performance of the models, we estimate Fama-MacBeth cross-

5Data for the equity factors are from the Fama and French website: https://mba.tuck

.dartmouth.edu/pages/faculty/ken.french/data library.html.
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sectional regressions for each model. To estimate the beta loading of the fac-
tors, we use the full sample available. As we see from results in Table 3.3,
only DRF and LIQ are statistically significant from the full model of Bai
et al. (2019). Thus, we choose to use a restricted version of the full model
that includes market, term, downside risk, and liquidity. We think it is rea-
sonable that CRF and REV are not significant in our sample. First of all,
using TRACE data to generate the factors, we find that CRF is not sta-
tistically significant in contrast to Bai et al. (2019). Second, while REV is
significant in our sample, the reversal phenomenon is attributed to informa-
tion asymmetry according to Ivashchenko (2019). As such, while one-month
reversal appears significant for pricing individual bonds, we think that it is
reasonable to assume that long-only funds can not efficiently exploit a market
microstructure-driven factor. Moving to the remaining two models that we
consider, we see that both perform worse than the 4-factor version of Bai et
al. (2019). More specifically, we see that traditional equity factors cannot
explain the cross-section of corporate bond funds. These results align with
recent literature highlighting the complexity of the cross-section of corporate
bonds and the need to develop bond-specific models instead of relying on es-
tablished models from the equity literature. Given that CRF and REV are
not statistically significant in pricing the cross-section of our sample, we con-
tinue our analysis using the reduced version of the Bai et al. (2019) model
using MKT, TERM, DRF, and LIQ:

Rit = αi + β1,iMKTt + β2,iTERMt + β3,iDRFt + β4,iLIQt + ϵ3,i,t (3.12)

Table 3.3: Fama-Macbeth regressions. In this table we report results from Fama-
Macbeth cross-sectional regressions. The standard errors are estimated using the Newey
and West (1987) methodology and lag=6. Number of funds=198, T=158. We use *, **
and *** to indicate significance at the 10%, 5%, and 1% levels.

MKT TERM DRF LIQ CRF REV SMB HML MOM R2

(1)
0.40** 0.24** 0.64** 0.56* 0.04 0.74 - - -

0.61
2.07 2.05 1.99 1.94 0.18 1.55 - - -

(2)
0.40** 0.12 0.68** 0.45** - - - - -

0.62
2.07 0.96 2.04 1.98 - - - -

(3)
0.39* 0.11 - - - - - - -

0.54
1.79 0.89 - - - - -

(4)
0.39* 0.15 - - - 0.40* -0.07 -0.34

0.57
1.81 1.14 - - - - 1.81 -0.22 -0.49
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3.5 Empirical Results

3.5.1 Skill and luck in long-term performance

We begin our analysis by utilizing the entire sample and the FDRmethodology
to estimate the proportion of skilled/unskilled fund managers. From Table 3.4
we see that only a small percentage of funds can generate alpha, while most of
the funds are classified as zero-alpha, meaning they possess just enough skills
to retrieve costs but not enough to outperform. We find that 1.15%, 12.27%,
and 86.58% of the funds have positive, negative, and zero-alpha, respectively.
We conclude that alpha generation is scarce over the long-run, while most
of the funds possess some skill to recover trading costs and management ex-
penses. Our results are in line with the mutual fund literature. Brooks et al.
(2020) examine the U.S. bond mutual fund and find no evidence of true skill.
Barras et al. (2010) report that only 0.60% of equity fund managers can gen-
erate alpha, while they also find that the majority of the funds are zero-alpha.

In panel 3.4b of Table 3.4 we demonstrate the impact of luck on identify-
ing skill. In particular, we estimate the proportion of significant alphas re-
sulting from a simple t-statistic comparison, for a grid of significance levels
γ = {0.05, 0.10, 0.20, 0.30}. We also report the lucky/unlucky funds and the
skilled/unskilled funds resulting from the FDR for the same grid of γ val-
ues. To demonstrate the impact let us consider the right tail and the case
of γ = 0.20. If we simply count the funds with significant positive alpha we
would erroneously conclude that 10% are able to generate alpha. However
in reality 8.66% of those funds were just lucky and the true skilled funds are
only 1.44%. We also provide details on the expense ratio and turnover-ratio
for the average fund in each segment. First observation is that the expense
ratio is similar for funds on the left/right tail and close to the median 0.83%
of our sample. That means that unskilled managers are able to charge similar
fees to the average of the industry while successful managers cannot claim
bigger fees. In terms of turnover-ratio we see that funds on both skilled and
unskilled funds exhibit higher trading activity than the median of our sample
60%.
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Table 3.4: Long-term performance. The table displays the estimated proportions of
zero-alpha, skilled and unskilled funds (π0, π+, π−) for the full sample. Proportions are
estimated using bootstrapped p-values according to Kosowski et al. (2006). In panel 3.4b
we display the impact of luck on identifying skill. The standard errors are estimated using
the Newey and West (1987) methodology and lag=6.

π0 π− π+

Proportion 86.58 12.27 1.15

(a) Proportions of skilled/unskilled funds

Left Tail Right Tail

γ 0.05 0.10 0.20 0.30 0.30 0.20 0.10 0.05 γ

Signif. 7.58 13.64 21.72 25.25 14.14 10.10 6.57 3.54 Signif.
Unlucky 2.16 4.33 8.66 12.99 12.99 8.66 4.33 2.16 Lucky
Unskilled 5.41 9.31 13.06 12.27 1.15 1.44 2.24 1.37 Skilled
αann -2.25 -2.52 -2.53 -2.38 1.50 1.49 1.58 1.46 αann

Exp. 0.94 0.83 0.84 0.84 0.83 0.78 0.85 0.78 Exp.
Turn. 85.70 106.13 105.99 111.41 129.61 105.12 97.21 97.04 Turn.

(b) Impact of luck in the left/right tails

3.5.2 Skill and luck in short-term performance

Our results so far indicate that only a small portion of U.S. corporate bond
managers are able to outperform over the long-run. However, theory suggests
that outperformance can still exist over the short-term. More specifically
Berk and Green (2004) propose a mechanism, where investors that chase bet-
ter returns allocate heavily to skilled funds, increasing their size to the point
that they loose their competitive edge in generating alpha. In this section,
we examine whether mutual funds can generate alpha over the short-run. To
this end, we partition our data in four non-overlapping sub-samples of three
years.6 Since we are interested in the short-term performance of each fund,
we treat each fund during each sub-sample as a separate fund. After pooling
our data from the four sub-periods we obtain a total of 458 p-values. We then
apply the FDR methodology on the pooled p-values.

In Table 3.5a we see the results from our sub-sample analysis. As we see,
performance is stronger compared to the full sample analysis, indicating that

6We exclude funds that have less than 24 monthly observations in the three year sub-
period.
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fund managers can generate alpha over the short-run, More specifically, we
estimate the proportions of positive, negative and zero-alpha to be 13.52%,
10.25%, 76.23%. Our results are in line with existing literature that find evi-
dence of mutual fund short-term over-performance. Barras et al. (2010) find
similar evidence examining the U.S. equity mutual funds and Huij and Der-
wall (2008) find performance persistence in U.S. bond funds using a dataset
from 1990 to 2003. In Appendix 3.A we provide the results of the FDR for
the long-term and short-term performance using asymptotic values. While
proportion estimates are more optimistic the conclusion is the same, funds
are able to generate alpha over the short-term but not over the long-term.
Finally, given the non-normality of residuals, we consider the bootstrapped
p-values to be more appropriate in drawing inference.

Table 3.5: Short-term performance. The table displays the estimated proportions of
zero-alpha, skilled and unskilled funds (π0, π+, π−) for sub-periods of three years. We
treat each fund during each sub-sample as a separate fund. Proportions are estimated
using bootstrapped p-values according to Kosowski et al. (2006). In panel 3.5b we display
the impact of luck on identifying skill. The standard errors are estimated using the Newey
and West (1987) methodology and lag=6.

π0 π− π+

Proportion 76.23 10.25 13.52

(a) Proportions of skilled/unskilled funds

Left Tail Right Tail

γ 0.05 0.10 0.20 0.30 0.30 0.20 0.10 0.05 γ

Signif. 3.49 8.08 15.50 21.62 24.89 20.74 12.45 7.21 Signif.
Unlucky 1.89 3.79 7.58 11.37 11.37 7.58 3.79 1.89 Lucky
Unskilled 1.60 4.29 7.92 10.25 13.52 13.16 8.66 5.31 Skilled
αann -2.33 -2.90 -2.86 -2.82 3.59 3.95 4.49 4.54 αann

Exp. 0.86 0.79 0.78 0.83 0.84 0.85 0.84 0.84 Exp.
Turn. 80.06 85.27 110.93 115.19 77.21 82.33 78.90 77.73 Turn.

(b) Impact of luck in the left/right tails

Performance persistence is another method often used to test for skill in the
short-term. The main argument is that if past outperformance was due to
luck, it should not persist in the future, see Carhart (1997). We further ex-
amine the hypothesis that fund managers possess skill in the short-term by
creating contingency tables of past/future alpha. Every year we estimate the
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past alpha of the funds using the last thirty-six/twelve months of data and
sort the funds into four quantiles according to their past alpha. We subse-
quently sort each quantile of funds according to the future alpha estimated
using the following twelve months of data.

Table 3.6 shows the conditional probabilities using thirty-six and twelve months
to estimate the past alpha. More specifically, in cell(i, j) of Table 3.6, we show
the conditional probability of achieving a subsequent ranking of quantile j,
given an initial ranking of quantile i. If the past performance had no impact
on future performance, we would expect the conditional probabilities to be
close to 25%, i.e., any subsequent ranking is equally likely. However, in Table
3.6, we observe strong patterns of performance persistence that hold across
the two different periods that we use to estimate past alpha. For example, in
panel 3.6a we see that given an initial rank at the lowest percentile, there is a
38% probability of this fund remaining in the lowest quantile in the next 12
months, while only a 17% probability that it moves to the top quantile. The
same pattern holds for funds with an initial rank at the highest quantile. The
probability of remaining at the top quantile in the next 12 months is 35%,
while the probability of moving at the lowest quantile is 17%.

Table 3.6: Contingency table of αi. The table displays the conditional probability of
achieving a subsequent ranking of quantile j, given an initial ranking of quantile i. In the
vertical dimension we show quantile rankings of past alpha while in the horizontal dimension
we show quantile rankings of future alpha.

Low 2 3 High

Low 37.7 23.9 20.8 17.5
2 24.6 27.9 25.2 22.3
3 21.6 22.2 32.1 24.1

High 16.9 26.0 21.7 35.4

(a) 36 month formation period

Low 2 3 High

Low 31.2 26.8 21.9 20.0
2 27.7 25.8 25.0 21.5
3 22.3 23.6 27.3 26.8

High 19.1 23.9 25.9 31.2

(b) 12 month formation period

3.5.3 Performance persistence – Out-of-sample

Although fund outperformance over the long-run remains elusive, our results
indicate that fund managers can generate alpha over shorter periods. An
interesting question with direct practical implications is whether investors
can identify those funds that will outperform over the next period. To answer
this question, we perform an out-of-sample fund selection analysis by following
the methodology of Barras et al. (2010). In order to choose among funds we
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use the proportion of lucky funds in the portfolio at the significance level γ:

ˆ︁FDR
+

γ =
F̂

+

γ

Ŝ
+

γ

=
π̂0 × γ/2

Ŝ
+

γ

, (3.13)

where FDR+
γ is the proportion of lucky funds and Ŝ

+

γ is the proportion of

funds with positive and significant t-statistic. Using the ˆ︁FDR
+

γ we can set

a simple portfolio formation rule. First, we choose a ˆ︁FDR
+

γ target, which
reflects how conservative we want to be concerning lucky funds. For example,

setting ˆ︁FDR
+

γ = 10%, we are willing to tolerate 10% of lucky funds in our
portfolio. It follows that the higher the target, the higher the proportion of
lucky funds we are willing to tolerate. The portfolio formation rule proceeds
as follows. Each year we estimate the alpha p-values of all existing funds

using the previous 3-year period. Then we estimate ˆ︁FDR
+

γ from equation
(3.13) for a grid of γ values (γ = 0.01, 0.05, . . . , 0.50) and choose γ such that

ˆ︁FDR
+

γ is closer to the target. We select funds with positive alphas and p-
values smaller than γ and form an equally weighted portfolio that we hold for
a year. If funds cease to exist within the holding period, we reallocate to the
remaining selected funds equally. We repeat this process every year until the
end of our sample.

In Table 3.7 we report the results of our selection. As we see, the FDR strat-
egy is able to deliver economically and statistically significant alpha when we
set a reasonably conservative target of lucky funds between 10% and 20%.
More specifically, allowing for up to 10% of lucky funds, our strategy gener-
ates 1.75% and 1.69% of annualized alpha and is significant at a 5% level. As
we increase the proportion of lucky funds allowed, the strategy’s performance
reduces as we go further out to the right tail of the distribution. We also re-
port the results of a simple strategy that invests every year in the funds with
alpha above/below a certain percentile, similar to Huij and Derwall (2008).
The results are similar to our FDR selection strategy and confirm the hy-
pothesis of performance persistence and skill over the short-term.7 However,
we observe that the FDR method cannot meaningfully outperform the naive
strategy of portfolio formation according to past alpha. Barras et al. (2010)
report similar findings for U.S. equity funds.

7Performance persistence is another method used to evaluate skill in the fund industry.
The main argument is that if past outperformance was due to luck, it shouldn’t persist in
the future, see Carhart (1997).
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We acknowledge that our results can put into question the effectiveness of the
FDR approach in adjusting for luck. For that reason, we discuss in detail these
findings. We think there are two main reasons for the inability of the FDR
strategy to outperform. First, as we see from Table 3.5a, skilled funds are
concentrated at the extreme right tail, with 65% of skilled funds at γ = 10%.
Second, we see that funds at the extreme rights tail also have higher alphas
(4.49% for γ = 10% vs. 3.59% for γ = 30%). It follows that by simply focus-
ing on an extreme percentile like 90% we can capture a meaningful proportion
of skilled funds while the benefits of identifying skilled funds further on the
left are diminishing given the lower alpha and higher proportion of unskilled
funds. We note that the purpose of the FDR methodology is to provide a
conservative estimate of the proportions of skilled/unskilled managers and
not to maximize out-of-sample performance. We further acknowledge that
the precision of the FDR method can also influence the performance of the
out-of-sample strategy. To this end, we evaluate the overall precision of the
FDR in a detailed simulation study in the following section.

Table 3.7: Out-of-sample performance. In this table we display the out-of-sample
performance of the FDR selection strategy. We also display a portfolio formation strategy
based on a percentile rule on the estimated α̂i. The standard errors are estimated using the
Newey and West (1987) methodology and lag=6. Number of funds=198, T=158. We use
*, ** and *** to indicate significance at the 10%, 5%, and 1% levels. Sample from Jan-2007
to Dec-2017, T=120.

Mean Std SR αann t-stat

FDR10 0.56 1.25 0.45 1.75** 2.03
FDR20 0.54 1.26 0.43 1.69* 1.95
FDR40 0.51 1.26 0.40 1.04 1.10
FDR60 0.47 1.26 0.37 1.00 0.98

Perc90 0.49 1.29 0.38 2.09** 1.99
Perc75 0.53 1.31 0.41 1.90* 1.92

Perc10 0.44 1.46 0.30 -1.13** -2.01
Perc25 0.49 1.45 0.34 -0.85* -1.76

3.6 FDR simulation

In their critique of the FDR applicability for fund performance evaluation,
Andrikogiannopoulou and Papakonstantinou (2019) argue that the simulation
in the influential study of Barras et al. (2010) overstates the accuracy of FDR.
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In particular, the authors raise two main points. First, they argue that the
assumption that the number of months (Ti) available for each fund is equal to
the total months observed in the sample (Tmax) overstates the typical time-
series length of fund returns. Second, Barras et al. (2010) use large values for
the true alphas, assuming smaller alphas the FDR is inaccurate due to low
signal-to-noise ratio. In their response Barras et al. (2019) argue that the size
of alpha and fund volatility are related, i.e., funds with higher alpha usually
exhibit higher volatility and vice-versa. Reducing the size of alpha and keeping
the assumed volatility of funds constant is implicitly reducing the signal-to-
noise ratio. To this end, they propose a simple approach to calibrate the two
parameters according to the empirical dataset. In this section, we perform
a detailed simulation study to evaluate the accuracy of the FDR procedure
in our dataset, incorporating the insights of both papers. First, we generate
returns according to the linear model:

Rit = αi + β1,iMKTt + β2,iTERMt + β3,iDRFt + β4,iLIQt + ϵi,t (3.14)

For the distribution of the residuals, we consider two distinct cases. In the
first case, we assume that the errors are homogeneous, homoscedastic, and
cross-sectionally independent distributed according to ϵit ∼ N(0, σ2

ϵ ), with
σ2
ϵ being the average variance across all funds in our sample. While this as-

sumption is likely to be unrealistic, it allows us to compare results across the
different simulation studies. In the second case, we consider a more com-
plex distribution set-up for the residuals where we allow for cross-sectional
dependence. We generate alphas from a discrete distribution with three point
masses (δ0, δ−, δ+), representing the zero, negative and positive alpha cate-
gories of funds. The exact distribution of alpha can be seen below:

α ∼ π0δ0 + π−δ− + π+δ+ . (3.15)

We initially calibrate the proportion of funds (π0, π−, π+) according to our
sample to 90%, 9% and 1% respectively. To evaluate the impact of proportions

on the bias, we vary π0 by 10%, keeping the ratio π−

π+ = 9 constant. We
calibrate the remaining simulation parameters in the following way:

• Length of time-series: We assume a balanced panel and use the
median Tmed = 116 as the length parameter instead of Tmax = 158.

• Residual volatility: We use the median volatility across all funds in
order to reduce the impact of outliers, similar to Barras et al. (2019).
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• Relation between fund parameters: We create three bins that cor-
respond to annualized alpha of αann = {1%, 1.5%, 2%}. We choose
alphas that are conservative in terms of size but remain economically
significant, representing 20%, 30%, and 40% of the annualized return of
our sample. For each bin, we identify funds that fall within αann±0.25%
and estimate the median of the residual volatility across those funds (see
Table 3.8).

Table 3.8: Simulation parameters. This table displays the median residual volatility for
different values of the true alpha αann. For each bin we identify funds that have estimated
alpha α̂annthat falls within αann±0.25% and estimate the median of the residual volatility
across those funds.

αann 1 1.50 2.00

σϵ 0.70 0.89 0.96

For each value of αann and σϵ, we generate artificial fund returns R̃it from
equations (3.14) and (3.15), assuming a balanced panel of returns with length
Tmed. Factor returns and betas are drawn from a normal distribution with
parameters equal to the sample counterparts. We then estimate the propor-
tions of zero-alpha, negative and positive alpha funds. We repeat this process
for B=1,000 times. Finally, to measure the bias of the FDR, we calculate the
miss-classification probability δ(λ):

δ(λ) =
πA − E[π̂A(λ)]

πA
(3.16)

where πA is the proportion of non-zero alpha funds in population and E[π̂A(λ)]
is the average of the simulation estimates. For example a value of 20% implies
that there is a 20% probability of non-zero alpha funds being miss-classified
as zero-alpha.

3.6.1 i.i.d errors

In Table 3.9 we report the simulation results for the different combinations
of parameters. First, we observe that the FDR method appears to be con-
servative in estimating non-zero alpha funds. On average, we see that the
proportion of zero-alpha funds is higher than the true proportion in popula-
tion and the proportion of non-zero alpha funds tends to be smaller. These
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results are in line with the findings of Andrikogiannopoulou and Papakon-
stantinou (2019) and the objective of the FDR to provide a strong control
for Type-I error. The miss-classification probability δ(λ) is higher for smaller
values of αann and π0. The size of αann is the most important parameter
with δ(λ) ranging from 39.2% to 49.9% for αann = 1, 31.6% to 38.2% for
αann = 1.5 and 4.9% to 12.1% for αann = 2.

Comparing simulation results for different datasets is not straightforward.
However, we think it is reasonable to compare the bias of our conserva-
tive case αann = 1 and the base case αann = 2 for equity mutual funds
reported in Andrikogiannopoulou and Papakonstantinou (2019) and Barras
et al. (2019). More specifically, Andrikogiannopoulou and Papakonstantinou
(2019) report a 65% miss-classification probability in that case while Barras
et al. (2019) report 48%. Our simulation results are less pessimistic than
Andrikogiannopoulou and Papakonstantinou (2019) and closer to the recent
response of Barras et al. (2019). Moreover, it is encouraging that for α = 1.5
(the alpha values we observe in sample), the miss-classification probability
declines to a range of 31.6% to 38.2%. Overall, our simulation results are
comparable to those for equity mutual funds. Thus, we conclude that the
FDR can be successfully applied in the cross-section of corporate bond mu-
tual funds.

3.6.2 Cross-sectionally dependent errors

We further evaluate the accuracy of the FDR in our sample for the case that
the errors are cross-sectionally dependent. We follow Barras et al. (2010) and
use the residuals factor specification proposed by Jones and Shanken (2005).
The residuals of each fund i are specified according to:

ϵit = δGt + δG−
t Iαi<0 + δG+

t Iαi>0 + ξit . (3.17)

We assume that the errors of all the funds have exposure to a common fac-
tor Gt, while only negative/positive alpha funds load on factors G−

t and G+
t ,

respectively; δ is the common loading of the funds on these factors. Finally,
ξit is the independent part of the error and is normally distributed according
to ξit ∼ N(0, σ2

ξ ). We further assume that Gt, G
−
t and G+

t are orthogonal to
each other and follow a normal distribution N(0, σG). We calibrate param-
eters σG and δ from our sample. We set σG = 0.024, which is equal to the
average standard deviation of DRF and LIQ. We set δ = 0.14, equal to the
average beta of the funds on DRF and LIQ. We fix σξ, such that the standard
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deviation of residuals σϵit of each fund equals to the median residual volatility
described in Table 3.8.

In Table 3.10 we report the simulation results for the residual factor depen-
dence specification. The miss-classification probability δ(λ) ranges from 39.4%
to 49.1% for αann = 1, 26.8% to 38.8% for αann = 1.5 and 3.8% to 12.9% for
αann = 2. As we see, our results are comparable to the baseline case of i.i.d
errors. Barras et al. (2010) come to a similar conclusion, finding no impact on
the performance of the FDR for the case of cross-sectionally dependent errors.
Overall, we conclude that the assumptions about the true value of alpha and
proportions of funds have the biggest impact on the performance of the FDR.
Our simulation study uses a wide range of economically sensible parameters
for the true alpha and proportions of funds. We find that the FDR performs
adequately even under conservative assumptions.

Table 3.9: Simulation results (i.i.d errors). The table displays the average value of
the estimated proportions of funds with zero, negative and positive alpha (π0, π+, π−)
across the different simulated scenarios. Errors are assumed to iid. At the bottom of each
sub-table we report the miss-classification probability δ(λ)sim. T=116, B=1000.

αann 1.0 1.5 2.0

π0 = 90 93.1 92.6 90.2
π− = 9 5.7 6.3 8.6
π+ = 1 0.3 0.5 0.9

δ(λ)sim 39.2 31.6 4.9

αann 1.0 1.5 2.0

π0 = 80 88.5 86.8 81.6
π− = 18 10.4 12.1 16.3
π+ = 2 0.3 0.5 1.6

δ(λ)sim 46.2 36.6 10.5

αann 1.0 1.5 2.0

π0 = 70 83.5 80.1 73.1
π− = 27 15.5 18.3 24.3
π+ = 3 0.2 0.8 2.2

δ(λ)sim 47.7 36.3 11.6

αann 1.0 1.5 2.0

π0 = 60 78.9 74.4 64.2
π− = 36 20.1 23.9 32.2
π+ = 4 0.0 0.8 2.9

δ(λ)sim 49.9 38.2 12.1
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Table 3.10: Simulation results (cross-sectionally correlated errors). The table dis-
plays the average value of the estimated proportions of funds with zero, negative and posi-
tive alpha (π0, π+, π−) across the different simulated scenarios. Errors are assumed to be
cross-sectionally correlated according to equation (3.17). At the bottom of each sub-table
we report the miss-classification probability δ(λ)sim. T=116, B=1000.

αann 1.0 1.5 2.0

π0 = 90 93.0 92.0 90.0
π− = 9 5.6 6.6 8.6
π+ = 1 0.5 0.7 1.0

δ(λ)sim 39.4 26.8 3.8

αann 1.0 1.5 2.0

π0 = 80 88.3 86.5 81.5
π− = 18 10.5 12.3 16.5
π+ = 2 0.3 0.7 1.6

δ(λ)sim 45.9 35.4 9.7

αann 1.0 1.5 2.0

π0 = 70 83.3 79.8 73.3
π− = 27 15.5 18.4 24.3
π+ = 3 0.3 0.8 2.0

δ(λ)sim 47.6 35.9 12.1

αann 1.0 1.5 2.0

π0 = 60 78.6 74.4 64.8
π− = 36 20.3 23.7 32.0
π+ = 4 0.1 0.7 2.8

δ(λ)sim 49.1 38.8 12.9

3.7 Conclusion

In this paper, we analyze the performance of U.S. corporate mutual funds
and attempt to distinguish skill from luck for individual fund managers. We
utilize the FDR methodology of Barras et al. (2010) and a reduced version
of the asset pricing model introduced by Bai et al. (2019). We first analyze
the ability of fund managers to outperform over the long-run. To this end,
we apply the FDR approach to the full sample and find that 1.15%, 12.27%,
and 86.58% of the funds generate positive, negative, and zero-alpha. Thus,
we conclude that alpha generation is scarce over the long-run, and most funds
generate zero-alpha. We continue our analysis by evaluating the performance
of funds over the short-run. According to the theoretical work of Berk and
Green (2004), funds might be able to outperform over the short-run before in-
vestors reduce their competitive advantage by increasing inflows. We find that
performance is stronger compared to the full sample analysis, indicating that
fund managers can generate alpha over the short-run. We estimate the pro-
portions of positive, negative, and zero-alpha to be 13.52%, 10.25%, 75.80%.
Motivated by the fact that corporate bond funds can outperform over the
short-run, we examine whether investors can use past performance to iden-
tify talented managers and create profitable strategies. We create a selection
strategy based on the FDR methodology and show that we can identify man-
agers that possess skill. Our strategy generates economically and statistically
significant annualized alpha of 1.75%. Our results are economically meaning-
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ful for investors suggesting that dynamic and active manager selection pays
off. Finally, given the recent critique of Andrikogiannopoulou and Papakon-
stantinou (2019) on the bias of the FDR methodology, we perform a detailed
simulation study to evaluate the performance of FDR in our dataset. We
use the median size of our sample Tmed and calibrate the alpha and residual
volatility parameter from our data in line with Barras et al. (2019). While we
confirm previous findings of bias in FDR estimates, our simulation results are
less pessimistic than Andrikogiannopoulou and Papakonstantinou (2019) and
closer to the recent response of Barras et al. (2019). Overall, our simulation
results are comparable to those for equity mutual funds. Thus, we conclude
that the FDR can be successfully applied in the cross-section of corporate
bond mutual funds.
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3.A Results with asymptotic p-values

Table 3.11: Long-term performance. The table displays the estimated proportions of
zero-alpha, skilled and unskilled funds (π0, π+, π−) for the full sample. Proportions are
estimated using asymptotic p-values. In panel 3.11b we display the impact of luck on
identifying skill. The standard errors are estimated using the Newey and West (1987)
methodology and lag=6.

π0 π− π+

Proportion 77.92 16.59 5.48

(a) Proportions-Asymptotic p-values

Left Tail Right Tail

γ 0.05 0.10 0.20 0.30 0.30 0.20 0.10 0.05 γ

Signif. 10.10 17.68 22.73 28.28 17.17 13.64 7.07 6.57 Signif.
Unlucky 1.95 3.90 7.79 11.69 11.69 7.79 3.90 1.95 Lucky
Unskilled 8.15 13.78 14.94 16.59 5.48 5.84 3.17 4.62 Skilled
αann -2.34 -2.56 -2.41 -2.26 1.47 1.56 1.63 1.65 αann

Exp. 0.86 0.82 0.79 0.85 0.81 0.83 0.84 0.80 Exp.
Turn. 95.33 109.70 109.85 124.03 121.16 133.23 116.45 118.30 Turn.

(b) Impact of luck-Asymptotic p-values
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Table 3.12: Short-term performance. The table displays the estimated proportions
of zero-alpha, skilled and unskilled funds (π0, π+, π−) for sub-periods of three years. We
treat each fund during each sub-sample as a separate fund. Proportions are estimated using
asymptotic p-values. In panel 3.12b we display the impact of luck on identifying skill. The
standard errors are estimated using the Newey and West (1987) methodology and lag=6.

π0 π− π+

Proportion 64.88 15.60 19.53

(a) Proportions-Asymptotic p-values

Left Tail Right Tail

0.05 0.10 0.20 0.30 0.30 0.20 0.10 0.05

Signif. 9.83 14.63 19.43 25.33 29.26 25.11 21.18 15.72 Signif.
Unlucky 1.62 3.24 6.49 9.73 9.73 6.49 3.24 1.62 Lucky
Unskilled 8.20 11.38 12.94 15.60 19.53 18.62 17.94 14.10 Skilled
αann -2.80 -2.97 -2.75 -2.77 3.26 3.55 3.94 4.37 αann

Exp. 0.78 0.79 0.80 0.85 0.85 0.84 0.84 0.84 Exp.
Turn. 92.13 114.37 117.07 114.02 75.28 77.68 81.59 88.49 Turn.

(b) Impact of luck-Asymptotic p-values
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3.B Factor data

We use OTC bond transaction data which is available directly through Fi-
nancial Industry Regulatory Authority’s (FINRA) Trade Reporting and Com-
pliance Engine (TRACE). TRACE was introduced by the National Associ-
ation of Securities Dealers (NASD) in 2002, to improve transparency in the
OTC corporate bond market. From February 2005 onwards, 99 percent of
all TRACE-eligible bond transactions are covered on an intra-day basis. The
information covered in the TRACE database is listed by transaction, and key
variables include transaction date, time, price, and traded volume. There-
fore, TRACE is the most comprehensive source of pricing information when
it comes to research questions concerning the U.S. corporate bond market. We
use the enhanced version of the TRACE database, which has no volume cap
on reported trades and thus captures a broader range of the U.S. corporate
bond market. Our data extend from July 2002 to December 2018. Since the
TRACE data is dealer reported, errors can happen. Instead of correcting the
data in the database directly, trade messages are appended, indicating either
cancellations, corrections, or reversals. Trades can also be double counted in
the TRACE system because various parties can report the same trade. We
follow the steps outlined in Dick-Nielsen (2009) and Dick-Nielsen (2014) to
take care of the cancellation, correction, reversal, and double counting issues.

In our effort to clean the TRACE data, we follow the cleaning steps outlined
in Bessembinder, Kahle, Maxwell, and Xu (2009) and Bai et al. (2019). In
particular, we remove transaction records with a trading volume of less than
10,000 USD, are labeled as when-issued, locked-in, have special sales condi-
tions, have more than a two-day settlement, and are flagged as equity-linked
notes. In order to minimize the effect of bid-ask spreads in prices, we calcu-
late the daily clean price as the trading volume-weighted average of intra-day
prices. We continue by following Bai et al. (2019) in removing trade records
that feature a transaction price under 5 or above 1,000 USD. This step im-
plicitly removes some defaulted bonds. However, this is a very low threshold
in our view since many defaulted bonds tend to trade above 5 USD. Including
defaulted bonds in our study can create biased results for three main reasons:
1) defaulted bonds typically do not accrue interest, 2) liquidity is typically
very low after a default, and 3) actual recovery is deal-specific and hard to es-
timate. For these reasons and in contrast to previous papers such as Bai et al.
(2019), we choose to control for defaulted bonds directly. We incorporate the
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issue-level default data information from the Altman8 database and exclude
all future bond observations post a given default date. In the initial results,
we observed an overly strong reversal factor. After checking data manually,
we found that extreme day-to-day reversals exist due to prices of small trades
and thus is a type of an outlier. For this reason, we implemented a reversal
rule, where we exclude trade records that featured a daily reversal of more
than 10 USD in absolute terms. E.g. if a bond trades at 100 on Monday,
drops to below 90 on Tuesday, and then features again a price of over 100 on
Wednesday, we exclude the trade record for Tuesday for that particular bond.
We then aggregate the daily bond price data to the monthly frequency. We
follow Bai et al. (2019) in only considering a bond’s monthly end price as a
non-missing value if it falls within the last seven weekdays of that particular
month. The monthly traded volume for each bond is generated by first aggre-
gating it to the daily level by taking the intra-day sum for all days and then
taking the sum over all days in a particular month.

We then match the bond CRSP link database to get the corresponding firm
identifier for each bond and match the corresponding equity and financial vari-
ables from CRSP and Compustat. We retrieve bond issue information such
as the maturity date, coupon rate, coupon payment frequency, etc., from
the Mergent FISD database. A key metric of a bond is its rating and how
it changes over time. We access the historical rating history of each bond
through Mergent FISD’s historical bond rating database. It includes ratings
from Standard & Poor’s, Moody’s, and Fitch. We follow the industry con-
vention and form composite ratings by applying the following methodology:
if three outstanding ratings are available, we choose the middle rating; if two
ratings are outstanding, we choose the more conservative one, and if only one
rating is outstanding, we choose the one that is available.

We use information from the Mergent FISD database in order to further filter
our data. We exclude bonds that are not listed or traded in the U.S. public
market. That includes private placements, 144A bonds, bonds that do not
trade in U.S. dollars, and issuers not located in the U.S. We further remove
structured notes, mortgage-backed securities, asset-backed securities, agency-
backed bonds, and convertible bonds. We only keep bonds with a fixed or a
zero-coupon and exclude all bonds with a variable or floating coupon rate. In
addition to excluding perpetuals (bonds without a fixed maturity), we exclude
bonds with a remaining lifetime of more than 30 years since these bonds tend
to be illiquid. If a bond trades close to maturity, i.e. less than one year, it

8Altman Kuehne NYU Salomon Center Corporate Bond Default Master Database.
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is delisted from major corporate bond indices, thus reducing its liquidity. We
thus remove bonds with less than one year remaining to maturity.

Afterwards, we calculate for each bond-month observation its corresponding
yield-to-maturity and modified duration. Both of these variables are key met-
rics needed in the construction of characteristics. In order to calculate the to-
tal return of a bond, we also need to incorporate information on when coupon
payments were made and what the accrued interest amounted to at each point
in time for each individual bond issue. The coupon payment schedule can be
backed out by going backwards from the last coupon payment by the bond’s
coupon payment frequency. Accrued interest is the amount of interest that
accrues from one coupon payment to the next. We follow Bessembinder et al.
(2009) in their calculation of a bond’s total return:

ri,t =
Pi,t +AIi,t + Ci,t

Pi,t−1 +AIi,t−1
− 1, (3.18)

where Pi,t is the transaction price (i.e. the clean price), AIi,t accrued inter-
est and Ci,t the coupon payment if any, of bond i in month t. We denote
bond i’s excess return as Ri,t = ri,t − rf,t, where rf,t is the return of the
one month T-Bill. As a final step in our sample setup, we adopt the same
bond trading/liquidity restriction Bai et al. (2019) does. In particular, for a
bond-month observation to be considered in our analysis, we require that it
had a valid return (i.e. a price in the last 7 weekdays of a month) for at least
24 out of the past 36 months.

Table 3.13: Sample setup. In this table we describe the detailed steps we take to filter
the TRACE dataset and the impact of those steps on the dimensions of our dataset.

issues firms frequency obs
starting sample, TRACE raw data 184,645 intra-day 223,961,512
- daily aggregation 173,017 daily 22,063,238
- remove trade records, price < 5, > 1000 USD 172,422 daily 22,024,034
- remove trade records, price reversal > |10| USD 172,422 daily 22,005,801
- monthly aggregation 66,026 monthly 1,594,457
- match bond CRSP link database 48,618 3,022 monthly 1,152,419
- match bond default database 48,598 3,015 monthly 1,142,465
- match Mergent FISD issue database 25,994 1,889 monthly 738,947
- match Mergent FISD ratings database 24,002 1,775 monthly 696,258
- remove trade records, < 24 out of 36 months traded 22,955 1,744 monthly 619,498
- match bond variables 10,836 1,254 monthly 336,707

Table 3.13 shows the sample setup grouped into the main cleaning categories
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described above. The sample starts with the intra-day level frequency of the
raw TRACE data consisting of 184,645 bond issues and ends with a final
sample size of 7,839 bond issues from 1,087 unique firms. The step with
the largest loss of observations is aggregating the daily observations to the
monthly level. This step reduces the amount of issues roughly by 60 percent.
This is largely due to our restriction that in order to have a non-missing re-
turn in a given month, the bond needs to trade in the last 7 weekdays of two
consecutive months. Our above mentioned filtering criteria after matching in
the Mergent FISD issue database reduces the amount of issues covered from
48,598 to 25,994. Only few observations were lost due to non-available rating
information. These in part were also due to withdrawal of ratings due to im-
minent maturity. A sizeable fraction of observations was lost at the end due
to the necessity of a 36 month rolling window in calculating specific key bond
characteristics such as the value at risk or expected shortfall metrics from Bai
et al. (2019).

Table 3.14 shows the main summary statistics for our sample of corporate
bonds. The mean, median, standard deviation and percentiles were calcu-
lated by pooling all bond-month observations. On average, corporate bonds
exhibited a total return of 0.54 percent in a given month. 75 percent of obser-
vations can be categorized as investment grade. Bonds on average were issued
6.52 years ago and have a remaining 8.53 years until maturity. The average
coupon and yield to maturity are 5.70 and 4.64 percent, respectively. 650.37
million USD is the average amount issued.

Table 3.14: Summary statistics (Not CRSP/Compustat matched). In this ta-
ble we display the summary statistics of our sample when we do not match with the
CRSP/Compustat databases. Data from October-2005 to December-2018.

Percentiles
N Mean Median SD 1st 5th 25th 75th 95th 99th

Bond total return (percent) 336,707 0.54 0.34 6.00 -11.78 -3.46 -0.38 1.30 4.58 12.52
Rating (1-21, 1=AAA, IG ≤ 10) 336,707 8.86 8 3.77 1 4 6 10 16 20
Investment grade (1=IG, 0=HY) 336,707 0.75 - - - - - - - -
Time to maturity (years) 336,707 8.81 5.50 7.88 1.08 1.42 3.17 13.25 25.50 26.83
Age (years) 336,707 6.84 5.58 4.05 3.08 3.25 4.08 7.92 16.17 21.83
Coupon (percent) 336,707 5.91 6.00 1.64 1.85 3.10 5.00 6.95 8.50 9.88
Yield to maturity (percent) 336,707 5.46 4.51 7.38 0.71 1.32 2.85 6.16 10.99 29.49
Modified duration (years) 336,707 5.83 4.60 3.98 1.08 1.36 2.79 8.38 13.72 15.52
Offering amount (million USD) 336,707 619.50 500.00 618.78 17.28 30.00 250.00 750.00 1998.33 3000.00
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